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Abstract

To address the challenges of extracting rolling bearing degradation information and the
insufficient performance of conventional convolutional networks, this paper proposes a
rolling bearing degradation state identification method based on the improved monopulse
feature extraction and a one-dimensional dilated residual convolutional neural network
(1D-DRCNN). First, the fault pulse envelope waveform features are extracted through phase
scanning and synchronous averaging, and a two-stage grid search strategy is employed
to achieve FCC calibration. Subsequently, a 1D-DRCNN model is constructed to identify
rolling bearing degradation states under different working conditions. The experimental
study collects the vibration signals of nine degradation states, including the different sizes of
inner and outer ring local faults as well as normal conditions, to comparatively analyze the
proposed method’s rapid calibration capability and feature extraction quality. Furthermore,
t-SNE visualization is utilized to analyze the network response to bearing degradation
features. Finally, the degradation state identification performance across different network
architectures is compared in pattern recognition experiments. The results show that the
proposed improved feature extraction method significantly reduces the iterative calibration
computational burden while effectively extracting local fault degradation information and
overcoming complex working condition influence. The established 1D-DRCNN model
integrates the advantages of dilated convolution and residual connections and can deeply
mine sensitive features and accurately identify different bearing degradation states. The
overall recognition accuracy can reach 97.33%.

Keywords: feature extraction; degradation identification; dilated convolution;

residual connection

1. Introduction

The rolling bearing is one of the critical components in rotating machinery and trans-
mission systems. Its health condition directly affects the operational safety of the entire
equipment. The harsh work environment accelerates bearing performance degradation
and leads to faults, unplanned downtime, maintenance, or even accidents that may cause
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significant economic losses and personnel injuries [1]. Therefore, the accurate identification
of bearing fault types and degradation states is essential to provide technical support for
the development and application of predictive maintenance technologies and has become a
key research focus in the electromechanical equipment fault diagnosis field [2].

To extract the bearing fault and degradation state information contained in vibration
signals, various feature extraction methods have been proposed, including time-domain [3],
frequency-domain [4], time-frequency domain [5], and entropy-based feature indicators [6],
as well as various feature selection and multi-feature fusion techniques [7-9]. These
methods have been widely applied in fault diagnosis, degradation identification, and the
remaining useful life prediction. However, many of these approaches focus on signal
differences rather than the underlying fault information, making them difficult to adapt to
the complex working condition influence, thus significantly limiting their applicability.

Some researchers prefer methods with clear physical significance. Based on the bearing
dynamics theory, they have investigated the vibration mechanisms of local bearing faults,
the mapping relationship of monopulse detailed features, and related diagnostic techniques,
enabling the direct measurement of local fault size from vibration signals [10-12]. However,
obtaining a high-quality monopulse typically requires extensive manual selection, and the
detection results often rely heavily on subjective judgment. Some studies have explored
monopulse waveform feature extraction methods, but their practical application effects still
need to be verified and improved [13,14].

After feature extraction, high-performance deep learning models have been widely
applied to various pattern recognition tasks [15]. Convolutional neural networks (CNNs)
are commonly used in image recognition and processing tasks and are also used in the
fault diagnosis field due to their many advantages [16,17]. Wang et al. [18] employed a
1D-CNN for multimodal sensor data fusion and diagnosed bearing fault types based on
both vibration and acoustic signals. Their method achieved higher accuracy in noisy envi-
ronments compared to single-modality inputs. Luo et al. [19] combined Variational Mode
Decomposition (VMD) and Dual-Channel CNN (DC-CNN) for dual-feature extraction,
enhancing the approach’s robustness. Some high-performance network models have been
further adopted for bearing degradation identification and remaining useful life (RUL)
prediction. Cheng et al. [20] proposed a nonlinear degradation indicator constructed and
estimated through CNN and used a Bi-directional Long Short-Term Memory (BiLSTM)
network for bearing health prognosis. Zhu et al. [21] introduced a dynamically activated
convolutional network (DACN) for feature extraction and integrated it with a ConvLSTM
model for accurate RUL prediction. Lv et al. [22] designed a CNN model incorporating both
temporal and dimensional attention mechanisms, which effectively exploited multisensor
degradation data under varying working conditions for bearing state prediction. However,
the computational complexity and total number of parameters in deep learning networks
increase rapidly with network depth, and deeper architectures do not necessarily lead to
better results [23,24]. Furthermore, due to the existence of multiple degradation states
and the high similarity between sample features, how to deeply mine detailed feature
information remains a key research challenge.

To address the aforementioned challenges, this paper proposes a rolling bearing degra-
dation state recognition method based on an improved monopulse waveform feature ex-
traction and one-dimensional dilated residual convolutional neural network (1D-DRCNN).
First, a two-stage grid search strategy is employed to accelerate the extraction of monopulse
envelope waveform features. Then, the 1D-DRCNN is utilized to identify the degradation
states of rolling bearings. The proposed method is able to overcome the influence of varying
rotational speeds, loads, and variable-speed operating conditions. It can accurately identify
bearing degradation states with inner or outer ring local faults.
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2. Bearing Degradation Identification Method
2.1. Improved Monopulse Feature Extraction Method

Some researchers have found that the monopulse envelope waveform contains local
fault information and can characterize the bearing degradation states. The monopulse
feature extraction needs to divide the fault period according to bearing fault characteristic
frequency. Its theoretical value is the product of the instantaneous shaft rotation frequency
and Fault Characteristic Coefficient (FCC). A different FCC corresponds to different bearing
fault types. When the outer ring speed is 0, the FCC calculation formulas are as follows:

FCCT = 0.57 (14 § cos(a)),

@
FCCO = 0.5Z (1 —¢ cos(uc)),
where FCCI is inner ring FCC, FCCO is outer ring FCC, d is the rolling element diameter, D
is the bearing pitch diameter, and « is the contact angle.

However, due to speed measurement error, FCC calculation error, and relative slip
effects, the extracted waveform is prone to smearing. The original monopulse feature
extraction method relies on an exhaustive search to calibrate the fault pulse phase, resulting
in low computational efficiency. Based on the typical one-dimensional numerical search
approach, this paper proposes a two-stage grid search strategy, aiming to significantly
reduce the computational load while ensuring accuracy. The improved method process is
shown in Figure 1, and its detailed steps are as follows:

Use monopulse feature extraction
method, and the optimization
objective is to maximize the
extracted waveform peak

Bearing Calculate the
vibration bearing vibration
signal envelope

Use 1st-level Use 2nd-level
grid search to exhaustive
reduce search search to obtain

zone quickly optimal feature

Rotation Calculate the
speed theoretical fault
signal phase function

Adjust the feature by cyclic translation and standardize
it as the feature extraction result of corresponding FCC

Figure 1. Improved monopulse feature extraction process.

Step 1: Calculate the fault phase function p(t) of the bearing vibration signal x(t) with
duration T:

p(t,6) = mod (F/Otf(r)dT—Q,ZTC), @)

where f(7) is rotation speed signal, t is time, F is FCC corresponding to the current fault
type, and mod represents the modulo operation. The scanning phase 6 varies with a
step size of 2mt/n within the scanning range [0, 271), where # is the number of phase
scanning steps.

Step 2: Build the key phase function py(t) based on p(t):

1, diff(p(t,0)) <0
0, else

po(t,0) = { , 3)
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where diff denotes the difference operator, and when py(t) = 1, t is the key phase point,
which corresponds to the current scanning position.

Step 3: Calculate the average value Py(6) of the signal envelope at the key phase points
as the phase scanning result:

where h(t) represents the envelope of signal x(t).

By incrementally increasing 6, the average waveform of multiple fault pulses
can be calculated, which helps suppress noise interference and compensate for local
feature distortion.

Step 4: Calibrate the FCC using a two-stage grid search.

First, set the 1st-level calibration step size S; and the step number N; to obtain
F,=F[1+5(@G—-N;y—1)],i=1,2,..., and 2N + 1. Therefore, the 1st-level calibra-
tion range is +5]N1. Replace F with F;; and repeat Steps 1 to 3 to obtain the corresponding
waveform feature P;. Assume that when i = j, max(P;) reaches its maximum value, the
global maximum lies within the interval (F;_1, Fj+1).

Then, set the 2nd-level calibration step size S, and the step number
Ny = (Fj41 — Fj—1)/S2 — 1 to obtain G; = F;_1 + FSyi, i=1,2, ..., and N,. Replace F
with G; and repeat Steps 1 to 3 to obtain the corresponding waveform feature P; Assuming
that when i = k, max(P;) again reaches the maximum value, then G is the actual FCC
that satisfies the precision requirement. At this point, the waveform feature vector Pmax
is selected.

Step 5: Shift the elements in Prpax to align the waveform peak to the center of the
feature vector. The missing part at one end is filled by cyclically appending elements from
the opposite end. Finally, normalization is performed to scale all data in Ppyax to the [0, 1]
interval, further mitigating the influence of complex working conditions.

2.2. One-Dimensional Dilated Residual Network

In response to the structural characteristics of the extracted feature vectors and the
requirements of degradation recognition, 1D-DRCNN is established in this study. The net-
work structure is shown in Figure 2. Compared with conventional convolution, the dilated
convolution expands the receptive field without increasing the parameter number by intro-
ducing gaps using the dilation factor. The established network takes a one-dimensional
single-channel signal of length 1000 as the input. The input data has a time sequence
correlation, and the waveform details contain bearing degradation information. Therefore,
the larger receptive field helps to reduce feature information loss and improve the overall
recognition performance of the model. Initially, a 32-channel 1D dilated convolutional layer
is applied. The kernel size is 32 and the dilation rate is 2. Then there are four convolutional
layers with decreasing kernel widths of 32, 16, 8, and 8, respectively, while the number of
channels varies as 32, 16, 32, and 64 in a decreasing-then-increasing pattern. This design
enables the capture of broad local features and facilitates the focus on fine-grained informa-
tion in deeper layers. Each convolutional layer is composed of a convolution operation, a
batch normalization, and a ReLU activation function, enabling efficient multi-level feature
integration and improved classification performance. To alleviate the gradient vanishing
issue in deeper networks, a skip connection mechanism is introduced. Specifically, the
output of the third convolutional layer is transformed by a 1 x 1 convolution and then
added to the output of the fifth convolutional layer, forming a residual connection that
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enhances deep feature fusion. Finally, a fully connected layer maps the extracted features
to nine target classes, and the final classification is achieved using a softmax activation
followed by a classification layer.

Convl Conv2 Convd Conv4 Convs FC

s £| .

Residual connection
r " FXW)

Shortcut

™ ]
I d

1D dilated —ig " = @ BN RELU  Conv+RC
convolution

Figure 2. Network model architecture.

2.3. Degradation Identification Method Process

This study proposes an identification method for rolling bearings under different
degradation states, based on an improved monopulse feature extraction and 1D-DRCNN.
The method first acquires bearing vibration signals and rotation speed signals, from which
the signal envelope and fault phase function can be calculated. Subsequently, the improved
monopulse feature extraction approach is employed. The two-stage grid search is used to
rapidly calibrate FCC to enhance feature extraction efficiency and mitigate the influence
of complex working conditions. This process generates the normalized waveform feature
vectors. On this basis, the waveform features extracted using both inner and outer ring
FCCs are concatenated to form a comprehensive feature vector. This vector characterizes
the overall bearing degradation state. Finally, the 1D-DRCNN is constructed for feature
fusion and classification. By making full use of the local features in a monopulse waveform,
the model can effectively capture degradation information. Thus, the accurate bearing
degradation identification under different working conditions can be achieved. The overall
methodological framework is illustrated in Figure 3.
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The proposed degradation identification method process

Input: Original vibration and speed signals

Two-staéle‘mgmf‘i‘d‘ search

1
s m( Feature
) vectors
0 w2 = 3n2 2n
1D-DRCNN
Yy Output: )
Rolling bearing

L 2 m degeneration
identification
» 4L results

Figure 3. Overall framework of the proposed method.

3. Data Collection

In this study, the NU1007 cylindrical roller bearing was selected as the research
object. The outer race diameter is 55 mm, the inner race diameter is 42 mm, the roller
diameter is 6.5 mm, and the rolling element number is 16. The experimental setup, sensor
placement, and test bearing configuration are illustrated in Figure 4. The radial load
was applied using a hydraulic loading device. A triaxial accelerometer was employed to
collect the bearing vibration signals, and the sampling frequency was set as 20 kHz. The
vibration sensor was mounted on the outer surface of the bearing housing, with the Z-axis
signal—perpendicular to the contact surface and directed toward the bearing center—being
selected for analysis. Under varying working conditions, the vibration and rotation speed
signals of normal bearings and inner and outer race fault bearings with four different fault
sizes were collected. All test bearings were installed in the right bearing housing. The four
fault sizes are 0.5 mm, 0.7 mm, 1.1 mm, and 1.6 mm, respectively.

Torque Hydraulic Magnetic

Mooy speed sensor Redicer loading device  brake

— > L
‘ Outer ring : Outer ring Outer ring Outer ring
fault 0.5Smm fault 0.7mm fault 1.1mm fault 1.6mm

Inner ring Inner ring Inner ring Inner ring
fault 0.5Smm fault 0.7mm fault 1.1mm fault 1.6mm
-

Figure 4. Experimental setup for signal acquisition.
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Amplitude(g)

4. Experimental Analysis
4.1. Analysis of Feature Extraction Effect

The vibration and rotation speed signals were collected for nine different bearing
degradation states under five rotation speed conditions and two radial load conditions.
The speed conditions include 2 Hz, 3 Hz, 4 Hz, 5 Hz, and a variable-speed condition, while
the load conditions include 1 kN and 2 kN radial load. Some acquired data samples are
shown in Figure 5a, and five rotational speed curves are shown in Figure 5b. It can be
observed that most fault signals exhibit impact components. However, due to the influence
of different working conditions, the relationship between impact features and degradation
states is complex. In particular, the third sample demonstrates that, although the local
defect is relatively large, the overall vibration amplitude appears similar to the normal
bearing signal because of the low speed and load. In addition, the normal signal contains
a small amount of random weak shocks. The speed curves are also fluctuating and not
theoretically continuous and smooth. All of these increase the difficulty of feature extraction
and easily lead to misdiagnosis.

Normal 3Hz 2kN

I

0 0.5 1 1.5 2 2.5 3 3.5 4 3
Outer ring 0.5mm 4Hz 2kN
0 0.5 3 3.5 4

1 1.5 2 2.5
Outer ring 1.1mm 2Hz 1kN

0 0.5

1

Inner ring 0.7mm variable speed 2kN

1.5 2 2.5 3 3.5 4
y 2

Rotation speed(Hz)
(%)

2Hz
1r 3Hz
4Hz
5Hz
Variable
L | 0 1 1
0 05 1 15 2 25 3 35 4 0 5 10 15
Time(s) Time(s)
(@ (b)

Figure 5. Some collected original data: (a) fault bearing vibration signal under different working
conditions; (b) five rotational speed curves.

Take the outer ring faults as an example: the proposed improved method and the
original method were employed to extract monopulse waveform features, respectively. The
original signal samples were segmented over a 1 s time window, and the phase scanning
step number was 500. For the original method, the calibration step size was set to 0.02%,
with a calibration range of £1%. For the improved method, a two-stage FCC calibration
strategy was employed, with the step size of 0.2% and 0.02%, respectively. This ensured
that both methods achieved the same theoretical final calibration precision and maximum
calibration range. The result comparisons are shown in Figures 6-8.
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| Original method { Proposed method
s
Eos 0.5
z
0 0
1 1
=
£ 05 0.5
(=)
0 - 0
1 1
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£ 05 0.5
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=
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=
£05 0.5
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0 /2 n 32 2n 0 /2 n  3n/2 2=n
Fault phase Fault phase
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Figure 6. Feature extraction comparison for outer ring faults under 4 Hz and 2 kN conditions:
(a) original method extraction results; (b) improved method extraction results.

| Original method | Proposed method
%
~ 0.5 0.5
&
0 0
1 1
-
~ 0.5 0.5
=
0 0
1 1
e
~ 0.5 0.5
=
0 0
1
z
~ 0.5 0.5
=
0 0
PR
SIS
2505 0.5
=8
@0 0
0 /2 n 3n/2 2m 0 /2 T 3n/2  2=m
Fault phase Fault phase
(a) (b)

Figure 7. Feature extraction comparison for 1.1 mm outer ring fault under different conditions:
(a) original method extraction results; (b) improved method extraction results.
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Figure 8. Calibration process of the proposed method: (a) 1st-level grid search; (b) 2nd-level

grid search.

As shown in Figure 6, the extracted features for different degradation states under
the same working condition exhibit significant differences. The peak separation in the
monopulse corresponds to the fault size, and there are no obvious double peaks in the
monopulse features of a 0.5 mm and 0.7 mm fault. This is because the fault sizes are approx-
imately equal, but there are still some waveform differences that can be seen. As shown
in Figure 7, the extracted features of the same degradation state under different working
conditions are basically the same, indicating that the working condition influence has been
overcome. The results obtained by two methods are generally the same, indicating that
both of them can effectively preserve the most direct bearing degradation state information.
Therefore, the extraction quality of the improved method can be confirmed.

The key distinction between the two methods is shown in Figure 8. Fundamentally,
FCC calibration is a one-dimensional optimization problem aimed at maximizing the peak
amplitude of extracted waveform. However, since the objective function is not strictly
unimodal within the search interval, applying conventional one-dimensional optimiza-
tion techniques (such as the golden section method) may easily result in convergence to
local optima and lead to calibration failure. The original method adopts an exhaustive
search strategy, which guarantees calibration accuracy but comes at the cost of significant
computational redundancy. It is because each calibration step requires a full iteration of
phase scanning. This leads to inefficiency in feature extraction. Taking the parameter
settings in this study as an example, the original method requires 101 iterations. In contrast,
the proposed method significantly reduces computational overhead by employing the
two-stage grid search strategy. A randomly selected calibration process of the proposed
method is displayed in Figure 8. The 1st-level grid search substantially narrows the search

interval using 11 search steps, while the 2nd-level exhaustive search ensures calibration
precision using 19 search steps. In addition, the midpoint of the 2nd-level search interval
can directly use the results from the 1st-level, avoiding redundant computations. With this
setup, the proposed method theoretically requires only 29 iterations to achieve the same
calibration accuracy. The bearing degradation feature vectors need to be extracted twice
using inner and outer ring FCC, respectively. Under the experimental condition using an
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Intel Core i9-14900K CPU, the total extraction time is approximately 2.3 s. This takes longer
than the input original signal and cannot achieve strict continuous real-time diagnosis.
However, the bearing performance degradation has a process, and common monitoring
strategies are intermittent, such as collecting a 1 s length signal every minute. Thus, the
method can meet real-time requirements in practical applications, and less computation
also helps to reduce the hardware performance requirements and power consumption of
the detection system.

4.2. Diagnosis Analysis

To validate the effectiveness of the proposed method, experiments were conducted
using a rolling bearing dataset covering various degradation states. After the feature
extraction, a total of 3600 samples were obtained, with each degradation state corresponding
to 400 samples. To ensure unbiased sampling, sample indices were randomly shuffled.
Among them, 3000 samples were used as the training set and the remaining 600 as the
testing set. The network was trained using the Adam optimization algorithm, with a
maximum of 30 training epochs and an initial learning rate of 0.001. The L2 regularization
(with a weight decay coefficient of 0.0001) was applied to prevent overfitting. The step
decay learning rate strategy was adopted and reduced the learning rate by a factor of
0.1 every 400 iterations to promote stable convergence during training. Furthermore, the
training data were randomly shuffled at each epoch to improve the model’s generalization
ability. The identification results of the proposed method are shown in Figure 9. It should
be noted that classes 1-9 represent the normal state and four different sizes of outer ring
faults and inner ring faults, respectively.

B

w

@

(@) \ ®)
< 10 3
3
o 2 2 s 4
g 1 i
3 ”
2 ol P 5
=
w1 8
-4
@

Real classification

~

o]

©o

3
Predictive classification

4 5 6 7 8 9 t-SNE Dimension2 -4 t-SNE Dimension 1

Figure 9. Recognition results and visualization analysis of established model: (a) confusion matrix;
(b) result of t-SNE.

The experimental results clearly demonstrate the superior performance of the es-
tablished 1D-DRCNN. The confusion matrix exhibits a well-defined diagonal structure,
indicating a high recognition accuracy across most classes and a strong classification ca-
pability. Most of the recognition errors are between small-size fault states corresponding
to class 2, 3, 6, and 7. Only three cross-category errors confuse large-size faults with
small-size faults, and there is no missed diagnosis between healthy and faulty bearing
classes. In addition, the deep features extracted from the fully connected (FC) layer were
visualized using t-distributed Stochastic Neighbor Embedding (t-SNE), which revealed a
clear clustering structure. Samples from different degradation states were well separated
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in low-dimensional space with distinct class boundaries, which further confirmed the
network’s feature discrimination ability and strong intra-class compactness.

4.3. Comparative Experiment

To further evaluate and validate the effectiveness of the established model, four
representative one-dimensional convolutional neural network (1D-CNN) models were
selected for comparative analysis, including DeepConvNet1D, ResNet1D, DilationNet,
and InceptionNet1D. All models were tested under identical experimental conditions.
The DeepConvNet1D adopts a three-layer sequential convolutional structure, with each
layer followed by batch normalization and a ReLU activation function. The ResNet1D
incorporates residual connections into the conventional convolutional layers, enabling
direct information flow across layers. The DilationNet utilizes dilated convolutions with
dilation factors to expand the receptive field without increasing the parameter number.
The InceptionNet1D mimics the Inception architecture by employing multi-branch parallel
convolutions, with each branch using convolutional kernels of different scales, and the
resulting features are concatenated at the channel dimension.

As shown in Table 1, the standard DeepConvNet1D has limited performance with
an accuracy of only 91.5%. The InceptionNet1D has achieved an ideal accuracy of 95.17%,
indicating that the multi-scale convolutional structure has a good feature extraction ability
and can mine most of the fault information. The ResNet1D network with residual structure
has improved its nonlinear expression ability with an accuracy of 95.33%. The DilationNet
achieved an accuracy of 95.5%, demonstrating that a large receptive field is beneficial for
enhancing model performance.

Table 1. Overall identification results of comparison models.

Model

DilationNet DeepConvNet1D ResNet1D InceptionNet1D 1D-DRCNN

Accuracy (%)

95.5 91.5 95.33 95.17 97.33

However, although there are structural differences between these models, the perfor-
mance improvements remain limited. Some high-complexity models exhibit a significant
increase in parameter number but without a corresponding gain in accuracy. This suggests
that model capacity and recognition performance do not exhibit a strictly linear relation-
ship. In contrast, the established 1D-DRCNN model effectively combines the perceptive
ability of 1D dilated convolutions with the deep feature extraction capability of residual
structures. This integration enables more comprehensive feature representation, leading
to an improved recognition accuracy of 97.33% and validating the effectiveness of the
proposed model in rolling bearing degradation identification tasks.

Further analysis in Figures 10 and 11 indicates that the performance of other com-
parison models in multi-classification tasks is relatively poor. These confusion matrices
exhibit more non-diagonal distributions, which means more recognition errors. The Deep-
ConvNetlD has 40 recognition errors between small-size faults (0.5 mm and 0.7 mm),
and its ability to distinguish similar categories is the worst. The number of small-size
fault recognition errors of the DilationNet, ResNet1D, and InceptionNet1D are 23, 23, and
25, respectively, which are still higher than the 1D-DRCNN. Although DilationNet and
ResNet1D have good overall recognition rates, they have a one and two confusion between
health and fault categories, respectively. This may lead to the missed diagnosis of early
faults in practical applications.
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Figure 10. Confusion matrices of comparison models: (a) DilationNet; (b) DeepConvNet1D;
(c) ResNet1D; and (d) InceptionNet1D.
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Figure 11. The t-SNE visual analysis of comparison models: (a) DilationNet; (b) DeepConvNet1D;
(c) ResNet1D; and (d) InceptionNet1D.
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Moreover, t-SNE was used to visualize the deep features extracted by these models.
The results show that samples from different degradation categories exhibit unclear cluster-
ing structures in low-dimensional space, with more inter-class overlap than the proposed
model. This is particularly evident in the case of slight damages (e.g., 0.5 mm and 0.7 mm).
The class boundaries are blurred, and some samples are intermixed, making it difficult to
effectively differentiate between normal and early-stage degradation states. In contrast, the
established model demonstrates higher classification accuracy and less class confusion in
the confusion matrix. In the t-SNE visualization, samples from different categories form
more distinct clusters, indicating stronger feature extraction and multi-class discrimination
capabilities. These results validate the robustness and discriminative ability of the proposed
method for degradation recognition.

4.4. Ablation Study

Finally, ablation studies were conducted to validate the rationality of key parameters
of 1ID-DRCNN. The influence analysis results of the kernel size and dilation rate on the
degradation recognition performance of ID-DRCNN are shown in Table 2. Among all
parameter combinations, the structure with the kernel size of 32 and dilation rate of two
achieved the best performance. Its accuracy, precision, recall, and F1 score reached 0.9867,
0.9870, 0.9869, and 0.9870, respectively, and are all the highest. When the kernel size is
fixed, a dilation rate of two is optimal in most cases. The receptive field is appropriately
enlarged while avoiding the problem of excessive sparsity caused by a larger expansion
rate. Similarly, when the dilation rate is two, the F1 Scores for the kernel sizes of §, 16, 32,
and 64 are 0.9768, 0.9784, 0.9870, and 0.9700, respectively. Both too small and too large
kernel sizes lead to a model performance decrease, and a kernel size of 32 can achieve the
optimal balance between the receptive field and feature sensitivity in this task.

Table 2. Influence analysis of kernel size and dilation rate on established model performance.

Kernel Size Dilation Accuracy Precision Recall F1 Score
8 1 0.9767 0.9785 0.9774 0.9780
8 2 0.9767 0.9770 0.9767 0.9768
8 4 0.9800 0.9812 0.9801 0.9806

16 1 0.9800 0.9806 0.9801 0.9804
16 2 0.9783 0.9787 0.9782 0.9784
16 4 0.9783 0.9786 0.9787 0.9787
32 1 0.9850 0.9854 0.9853 0.9853
32 2 0.9867 0.9870 0.9869 0.9870
32 4 0.9717 0.9720 0.9725 0.9723
64 1 0.9725 0.9719 0.9731 0.9725
64 2 0.9700 0.9693 0.9708 0.9700
64 4 0.9658 0.9660 0.9642 0.9651

Based on the optimal structure mentioned above (KernelSize = 32, Dilation rate = 2),
the influence of the input size was analyzed. As shown in Table 3, the recognition results of
the 1 x 1000 input structure are better than 2 x 500. One possible explanation is that when
the input size is 2 x 500, the feature extraction results of the inner and outer ring FCC will
be mixed during the 1D convolution process. This may lead to the mutual interference
between unrelated information and recognition performance decrease. In summary, the
key parameter selection rationality for the established 1D-DRCNN can be demonstrated.
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Table 3. Influence analysis of input size on established model performance.

Input Size Accuracy Precision Recall F1 Score
1 x 1000 0.9817 0.9797 0.9714 0.9706
2 x 500 0.9783 0.9669 0.9657 0.9663

5. Conclusions

(1) The improved monopulse feature extraction method can effectively extract and pre-
serve the normalized waveform characteristics of fault impulses. Compared with the
original method, the use of a two-stage grid search strategy significantly reduces the
computational cost of FCC iterative calibration while maintaining the same level of
calibration accuracy.

(2) For the classification task involving nine similar fault sizes, all tested network archi-
tectures achieved accuracy rates exceeding 90%. Among them, the model proposed in
this study achieved an overall recognition accuracy of 97.33%. This demonstrates that
the monopulse features contain local fault geometric information. It can effectively
characterize the bearing degradation states while mitigating the influence of different
speeds, loads, and even variable-speed conditions.

(3) The established model employs one-dimensional dilated convolutions to enlarge the
receptive field, thereby meeting the requirements for identifying temporally correlated
features. The integration of residual connections alleviates issues related to vanishing
and exploding gradients, enhancing network learning and generalization capabilities.
The comparative analysis of classification, visualization, and ablation study results
indicates that the proposed model exhibits better classification performance and is
more suitable for bearing degradation diagnosis under complex working conditions.

Author Contributions: C.L. and H.W. were responsible for the experiment and writing. Y.P. provided
academic advice and general support during the research. H.Z. and G.C. supervised and revised the
manuscript. All authors have read and agreed to the published version of the manuscript.

Funding: This research was supported by the National Natural Science Foundation of China (No.
52304179), and the Xuzhou Science and Technology Planning Project (No. KC22030).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: The data are available on reasonable request from the author.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Lin, H,; Yu, Q.; He, G. Vibration analysis and fault diagnosis of thin-walled bearing in harmonic reducer under periodic loading.
J. Sound Vib. 2025, 614, 119174. [CrossRef]

2. Kumar, A.; Parkash, C.; Tang, H.; Xiang, J. Intelligent framework for degradation monitoring, defect identification and estimation
of remaining useful life (RUL) of bearing. Adv. Eng. Inform. 2023, 58, 102206. [CrossRef]

3. Shi, H,; Li, Y,; Bai, X.; Zhang, K. Sound-aided fault feature extraction method for rolling bearings based on stochastic resonance
and time-domain index fusion. Appl. Acoust. 2022, 189, 108611. [CrossRef]

4. Zhang, K; Liu, Y,; Zhang, L.; Ma, C.; Xu, Y. Frequency slice graph spectrum model and its application in bearing fault feature
extraction. Mech. Syst. Signal Process. 2025, 226, 112383. [CrossRef]

5. Zou, X,; Zhang, K,; Liu, T,; Jiang, Z.; Xu, Y. An overlapping group sparse variation method for enhancing time—frequency
modulation bispectrum characteristics and its applications in bearing fault diagnosis. Measurement 2025, 249, 117066. [CrossRef]

6.  Zhou,],; Yang, J.; Qin, Y. A systematic overview of health indicator construction methods for rotating machinery. Eng. Appl. Artif.

Intell. 2024, 138, 109356. [CrossRef]


https://doi.org/10.1016/j.jsv.2025.119174
https://doi.org/10.1016/j.aei.2023.102206
https://doi.org/10.1016/j.apacoust.2021.108611
https://doi.org/10.1016/j.ymssp.2025.112383
https://doi.org/10.1016/j.measurement.2025.117066
https://doi.org/10.1016/j.engappai.2024.109356

Sensors 2025, 25, 4299 15 of 15

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Wang, D.; Song, Y.; Xing, J.; Zhuang, Y.; Zhao, J.; Li, Y. Bearing fault diagnosis method based on multi-level information fusion.
Adv. Eng. Inform. 2025, 66, 103405. [CrossRef]

Tian, M.; An, W.; Sun, X.; Wang, L.; Chen, C. A non-contact fault diagnosis method based on multi information fusion networks
for rolling bearings. Appl. Acoust. 2025, 237, 110776. [CrossRef]

Buchaiah, S.; Shakya, P. Bearing fault diagnosis and prognosis using data fusion based feature extraction and feature selection.
Measurement 2022, 188, 110506. [CrossRef]

Zhang, F; Huang, J.; Chu, E; Cui, L. Mechanism and method for the full-scale quantitative diagnosis of ball bearings with an
inner race fault. J. Sound Vib. 2020, 488, 115641. [CrossRef]

Wu, R.; Wang, X.; Ni, Z.; Zeng, C. Dual-impulse behavior analysis and quantitative diagnosis of the raceway fault of rolling
bearing. Mech. Syst. Signal Process. 2022, 169, 108734. [CrossRef]

Ma, Z.; Fu, L,; Tan, D.; Ding, M.; Xu, E; Zhang, L. A robust hybrid estimation method for local bearing defect size based on
analytical model and morphological analysis. ISA Trans. 2025, 157, 392-407. [CrossRef] [PubMed]

Luo, M.; Guo, Y,; Su, Z.; André, H.; Tang, Z.; Zhou, C.; Li, C. Defect quantification evaluation of a rolling element bearing based
on physical modelling and instantaneous vibration energy investigation. J. Sound Vib. 2025, 600, 118875. [CrossRef]

Liu, C; Cheng, G.; Chen, X; Li, Y.; Pellicano, F. Monopulse feature extraction and fault diagnosis method of rolling bearing under
low-speed and heavy-load conditions. Shock Vib. 2021, 2021, 5596776. [CrossRef]

Fu, G.; Wang, X.; Liu, Y.; Yang, Y. A robust bearing fault diagnosis method based on ensemble learning with adaptive weight
selection. Expert Syst. Appl. 2025, 269, 126420. [CrossRef]

Liu, P; Zhao, S.; Kang, L.; Yin, Y. CNN intelligent diagnosis method for bearing incipient faint faults based on adaptive stochastic
resonance-wave peak cross correlation sliding sampling. Digit. Signal Process. 2025, 156 Pt B, 104871. [CrossRef]

Tang, H.; Li, Z.; Zhang, D.; He, S.; Tang, J. Divide-and-Conquer: Confluent Triple-Flow Network for RGB-T Salient Object
Detection. IEEE Trans. Pattern Anal. Mach. Intell. 2025, 47, 1958-1974. [CrossRef]

Wang, X.; Mao, D.; Li, X. Bearing fault diagnosis based on vibro-acoustic data fusion and 1D-CNN network. Measurement
2021, 173, 108518. [CrossRef]

Luo, W,; Li, J.; Song, M.; Wen, J. Fault diagnosis of high-speed rolling bearings based on multi-feature fusion fuzzy c-means. Digit.
Signal Process. 2025, 159, 105011. [CrossRef]

Cheng, Y.; Hu, K.; Wu, ].; Zhu, H.; Shao, X. A convolutional neural network based degradation indicator construction and health
prognosis using bidirectional long short-term memory network for rolling bearings. Adv. Eng. Inform. 2021, 48, 101247. [CrossRef]
Zhu, G.; Zhu, Z.; Xiang, L.; Hu, A.; Xu, Y. Prediction of bearing remaining useful life based on DACN-ConvLSTM model.
Measurement 2023, 211, 112600. [CrossRef]

Lv, K, Jiang, H.; Fu, S.; Du, T; Jin, X,; Fan, X. A predictive analytics framework for rolling bearing vibration signal using deep
learning and time series techniques. Comput. Electr. Eng. 2024, 117, 109314. [CrossRef]

Yin, A.; Yan, Y.; Zhang, Z.; Cao, Y. Fault diagnosis of wind turbine gearbox based on the optimized lstm neural network with
cosine loss. Sensors 2020, 20, 2339. [CrossRef] [PubMed]

Chen, R;; Chen, S.; He, M; Zhu, X,; Yang, J. Rolling bearing fault severity identification using deep sparse auto-encoder network
with noise added sample expansion. Proc. Inst. Mech. Eng. Part O J. Risk Reliab. 2017, 231, 666—679. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/j.aei.2025.103405
https://doi.org/10.1016/j.apacoust.2025.110776
https://doi.org/10.1016/j.measurement.2021.110506
https://doi.org/10.1016/j.jsv.2020.115641
https://doi.org/10.1016/j.ymssp.2021.108734
https://doi.org/10.1016/j.isatra.2024.11.056
https://www.ncbi.nlm.nih.gov/pubmed/39648059
https://doi.org/10.1016/j.jsv.2024.118875
https://doi.org/10.1155/2021/5596776
https://doi.org/10.1016/j.eswa.2025.126420
https://doi.org/10.1016/j.dsp.2024.104871
https://doi.org/10.1109/TPAMI.2024.3511621
https://doi.org/10.1016/j.measurement.2020.108518
https://doi.org/10.1016/j.dsp.2025.105011
https://doi.org/10.1016/j.aei.2021.101247
https://doi.org/10.1016/j.measurement.2023.112600
https://doi.org/10.1016/j.compeleceng.2024.109314
https://doi.org/10.3390/s20082339
https://www.ncbi.nlm.nih.gov/pubmed/32325985
https://doi.org/10.1177/1748006X17726452

	Introduction 
	Bearing Degradation Identification Method 
	Improved Monopulse Feature Extraction Method 
	One-Dimensional Dilated Residual Network 
	Degradation Identification Method Process 

	Data Collection 
	Experimental Analysis 
	Analysis of Feature Extraction Effect 
	Diagnosis Analysis 
	Comparative Experiment 
	Ablation Study 

	Conclusions 
	References

