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Abstract: Bearing fault diagnosis has evolved from machine learning to deep learning, addressing
the issues of performance degradation in deep learning networks and the potential loss of key
feature information. This paper proposes a fault diagnosis method for rolling bearing faults based
on ICEEMDAN combined with the Hilbert transform (ICEEMDAN-Hilbert) and a residual network
(ResNet). Firstly, the collected fault vibration signals are classified as fault samples and randomly
sampled with a fixed length. The IMF components obtained by decomposing the bearing fault
vibration signals using ICEEMDAN are able to maximize the restoration of fault vibrations. Then,
the IMF components are transformed from one-dimensional time-domain signals to two-dimensional
time-frequency domain images using Hilbert transformation. The RGB color images can be directly
used in deep learning models without the need for manual labeling of a large amount of data,
thereby avoiding the loss of key feature information. The ResNet network incorporates the attention
mechanism (CBAM) structure for the precise extraction of fault features, enabling a more detailed
classification of fault features. Additionally, the residual network effectively addresses the problem
of performance degradation in multi-layer network models. Finally, transfer learning is applied in
the deep learning network by freezing the training layer parameters and training the fully connected
layer. This effectively solves the problem of insufficient data in real operating conditions, which
hinders deep training of the model, while also reducing the training time. By combining the ResNet
network with the convolutional block attention module (CBAM) structure, the model completes the
recognition and training of time-frequency images for rolling bearing faults. The results demonstrate
that the ResNet with CBAM model has strong fault feature extraction capabilities, achieving higher
accuracy, 7–12% higher than other conventional network models, and exhibiting superior diagnostic
performance compared to other deep learning models.

Keywords: ICEEMDAN; Hilbert; deep learning; convolutional block attention module; deep residual
network; rolling bearing fault diagnosis

1. Introduction

Rolling bearings are widely used in mechanical equipment and play a crucial role in
the rotation of machinery [1]. Many rolling bearings operate under long-term high loads
and in complex environments, making them susceptible to adverse working conditions and
improper usage, which can lead to a shortened service life. Rapid detection of bearing faults
can significantly reduce production risks, improve maintenance efficiency, and enhance the
safety and reliability of production machinery. The extraction of characteristic information
from the vibration signals of rolling bearings is employed in industrial fault diagnosis to
reduce costs and prevent accidents caused by bearing failures. When bearings experience
operational faults, complex interference signals, including modulated signals and impulse
signals, can pose challenges in extracting characteristic frequencies of faults. Therefore, to
eliminate interference signals, the accurate identification of the fault signal is the key factor
in bearing fault signal diagnosis; thus, it becomes more important to extract fault features.
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Currently, there are various methods for the treatment of bearing fault characteristics;
the empirical mode decomposition (EMD) technique can decompose signals into different
scale intrinsic mode function (IMF) components, making it suitable for non-stationary
signals. However, due to the issue of mode mixing, the decomposition results are not
satisfactory [2]. Torres et al. [3] proposed the complete ensemble empirical mode decompo-
sition with adaptive noise (CEEMDAN) method, which introduces adaptive white noise to
enhance the independence between modes, thereby extracting two originally inseparable
modes. This method effectively solves the mode-mixing problem, reduces the residual
noise in reconstructed signals, and decreases the number of siftings required. Colomi-
nas et al. [4] proposed an improved method called improved complete ensemble empirical
mode decomposition with adaptive noise (ICEEMDAN), which addresses the deficiencies
in the adaptive decomposition of EMD and significantly reduces the residual components
in the IMF, resulting in better reconstruction results and a further improvement in the mode-
mixing problem [5]. In the fault diagnosis of actual engineering machinery, especially in the
early occurrence of bearing fault, the fault signal is weak, and with the interference of noise,
the cycle characteristics of the pulse signal are difficult to extract from the composite signal;
thus, the single ICEEMDAN method cannot accurately show the bearing fault diagnosis.
Because of the excellent implied deep learning model feature extraction and data processing
ability, it also has a wide application in the field of engineering.

Qiu et al. [6] aimed to achieve the diversity and variability of practical fault diag-
nosis distributions. They used feature extraction methods such as time-domain analysis,
frequency-domain analysis, and wavelet packet decomposition to obtain relevant indica-
tors. Subsequently, they employed convolutional neural networks (CNNs) for intelligent
fault diagnosis of gearboxes. Sun et al. [7] focused on improving the accuracy of fault
diagnosis for rolling bearings in the target area, considering the diversity of real fault
diagnosis distributions. They proposed a sparse additive noise elimination autoencoder
algorithm with adaptive solution regions. Che et al. [8] proposed a region-adaptive deep
belief network suitable for rolling bearing fault diagnosis, addressing the issue of the
inability to collect rolling bearing sample labels in various working environments. These
bearings need manual tagging to extract fault features; even for smaller sample tag num-
bers, the required sample size is large, and one cannot have a lot of samples in real
engineering, but since it is insensitive to noise, the characteristics of the fault signal can be
extracted accurately.

He et al. [9] proposed a method for improving the accurate identification of different
types of bearing faults under different operating conditions. They applied a short-time
Fourier transform (STFT) to preprocess the signals obtained from sensors and then con-
structed a deep learning structure using a simple spectrogram matrix for bearing fault
diagnosis. Xu et al. [10] aimed to address the problem of overlooked features during fault
feature extraction. They proposed a hybrid model combining a CNN and a deep forest
algorithm. The vibration signals of bearings were transformed into time-frequency images
using continuous wavelet transform (CWT), and the CNN was used to extract features,
which were then input into the deep forest classifier for fault type identification. The appeal
method uses a deep learning model; in bearing fault diagnosis, the accuracy has a degree of
improvement, but there is no deep excavation of weak fault signal characteristics, meaning
that periodic weak characteristic signals are ignored.

In machine learning, a large amount of labeled data is typically required for training.
However, in practical work environments, it is often not feasible to label a large quantity of
fault vibration data. Manually dividing features during feature extraction can lead to the
oversight of subtle feature signals, resulting in misdiagnosis in fault detection. In the field of
deep learning, network models can automatically extract and recognize features, avoiding
the influence of manual feature selection during feature signal extraction. However, as
the depth of deep learning models increases, issues such as overfitting and declining
performance may arise. In different operating conditions encountered in actual production,
the accuracy of fault diagnosis for rolling bearings can be easily affected by strong noise
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interference from the external environment, thus impacting the accuracy of diagnosis and
recognition.

This paper proposes a bearing diagnosis method based on ICEEMDAN-Hilbert and a
residual network (ResNet-CBAM) for rolling bearing fault diagnosis. Firstly, ICEEMDAN is
used to decompose the fault vibration signals of the bearings, allowing the IMF components
obtained from the decomposition to maximize the restoration of the fault vibration signals
and avoid the occurrence of false modal signals. The Hilbert transform is then applied to
convert the decomposed IMF components from one-dimensional time-domain signals into
two-dimensional time-frequency domain images, which can be directly applied to deep
learning models in computer vision without the need for manual labeling of a large amount
of data. By randomly sampling the original vibration signals with a fixed length, a complete
set of randomly sampled fault samples is created, facilitating the accurate extraction of
fault features by the attention mechanism structure in the network model and enabling
a more detailed classification of fault features. Finally, transfer learning is employed in
the deep learning network by freezing the training layer parameters and training the fully
connected layers, effectively addressing the lack of a large amount of data in real-world
operating conditions, which would otherwise hinder deep training of the model, while also
reducing the training time. The combination of ResNet and CBAM structures is used for
the recognition and training of time-frequency images of rolling bearing faults. The results
demonstrate that the ResNet-CBAM diagnosis model has strong fault feature extraction
capabilities and outperforms other deep learning models in diagnostic performance.

2. The Methodology
2.1. The Fundamental Theory of ICEEMDAN

A new method for fault diagnosis of rolling bearings is based on the combination of
ICEEMDAN (improved complete ensemble empirical mode decomposition with adaptive
noise) and the Hilbert transform, resulting in an improved ICEEMDAN-Hilbert trans-
form. Subsequently, the transformed Hilbert envelope is combined with an improved
residual network.

To address the issues observed in methods like EEMD, Torres et al. [3] proposed
complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) with
adaptive white noise. This special noise is added to each layer of the decomposition and
is non-Gaussian white noise. CEEMDAN yields an IMF component and a corresponding
residual signal for each layer of the decomposition. When decomposing a signal containing
noise using EEMD, different ways of adding noise can lead to variations in the resulting
IMF components. CEEMDAN effectively resolves this issue.

During the subsequent decomposition process of CEEMDAN, when decomposing
the first IMF and its residual, there is almost no difference compared to EMD. CEEMDAN
decomposes the second IMF component and residual based on r1[t] + E1

(
wi[t]

)
.

IMF2 =
1
N ∑N

i=1 E1

(
r1[t] + ε1E1

(
wi[t]

))
(1)

r2[t] = r1[t]− IFM2 (2)

where E1(.) represents the first IMF decomposed, and ε1 is the coefficient used to control
the signal-to-noise ratio (SNR).

The calculation formulae for the K-th IMF and the residue are as follows:

IMFK =
1
N ∑N

i=1 E1

(
rk−1[t] + εk−1EK−1

(
wi[t]

))
(3)

rk[t] = rk−1[t]− IMFk (4)
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CEEMDAN decomposes the signal into K IMF components, and based on these IMF
components, the residue R[n] is calculated as follows:

R[t] = x[t]− ∑K
k=1 IMFk (5)

Building upon previous work, Colominas et al. [4] further improved the algorithm
and introduced the ICEEMDAN method. In contrast to the traditional approach of adding
Gaussian white noise, ICEEMDAN incorporates a special type of noise when extracting
the K-th layer IMF, Ek

[
w(i)

]
. This noise is obtained by decomposing Gaussian white noise

using EMD. By computing the unique residue, the IMF is defined as the difference between
the existing residue signal and the local mean. As a result, the residual noise in IMF
components is reduced, and the issue of varying numbers of IMFs generated by EEMD
is resolved.

ICEEMDAN calculates the residue by computing the local mean of the sequence. The
formula for calculating the K-th residue is as follows:

rk[t] =
1
N ∑N

i=1 M
(

rk−1[t] + εk−1Ek

(
wi[t]

))
(6)

IMFK = rk−1[t]− rk[t] (7)

M is the local mean computed from sequence xi[t].
By simulating a sine signal and converting the high-frequency signal into intermittent

form, CEEMDAN and ICEEMDAN decompositions were performed, and the decomposi-
tion results were compared. Figure 1 shows the decomposition result using CEEMDAN,
where it can be observed that IMF1 completely recovers the component of the specially
processed high-frequency signal from the original signal, while IMF2 and IMF3 contain
residual noise. In IMF6 to IMF10, spurious modes unrelated to the original signal appear.
Figure 1b shows the decomposition result using ICEEMDAN, indicating that it is the result
of ICEEMDAN decomposition. It can be seen that in IMF1 of the original signal, the high-
frequency signal component of the simulated signal, which underwent special processing,
is recovered without the presence of spurious modes [11].
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2.2. Hilbert Transform Principle

The Hilbert transform essentially converts a one-dimensional signal into a two-
dimensional signal [12], or in other words, restores a signal to its original form. Hilbert
transform is applied to the IMF components obtained from CEEMDAN, and the specific
algorithm is as follows:

For any real-valued function x(t), the Hilbert transform is defined as x̂(t), which can
be expressed as follows:

x̂(t) = H[x(t)] =
1
π

∫ +∞

−∞

x(τ)
t − τ

dτ (8)

Performing the Fourier transform on the complex frequency domain signal Z(t),

Z(t) = x(t) + jH[x(t)] (9)

The instantaneous frequency of a signal is defined as the inverse of the time derivative
of the phase angle, which corresponds to the concept of frequency in a crucial sense.

f =
1

2π

dθ(t)
dt

(10)

After the decomposition, the IMF components are subjected to Hilbert transform to
obtain the Hilbert spectrum. The Hilbert transform allows us to obtain the time-frequency
representation and the amplitude-frequency curve of the vibration signal.

2.3. Convolutional Block Attention Module

CBAM is a simple yet effective attention module for feed-forward convolutional neural
networks [13]. It is a lightweight and memory-efficient module that can be seamlessly
integrated into end-to-end training. As shown in Figure 2, CBAM is a combination of
channel and spatial attention mechanisms. Compared to SE-Net, which focuses solely on
channel attention, CBAM achieves better results.
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By utilizing different neural networks to autonomously learn the importance weights
for each channel in the input feature map, the importance levels are assigned different
grades. Subsequently, each feature is assigned a weight value based on its importance level,
allowing the neural network to focus more on certain feature channels. This improves
the emphasis on feature maps that are crucial for the current recognition process while
disregarding feature channels of lesser importance.

A spatial attention module [14] is a compression of channels that involves separate
average pooling and max pooling operations along the channel dimension. The MaxPool
operation extracts the maximum value in each channel, and this extraction is performed
for each spatial location (height multiplied by width). Similarly, the AvgPool operation
calculates the average value in each channel, and this extraction is also performed for each
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spatial location (height multiplied by width). Subsequently, the feature maps obtained from
the previous operations, each with a single channel, are merged to generate a 2-channel
feature map.

2.4. Deep Residual Network

In traditional deep learning models such as VGG and LeNet, as the network depth
increases, the nonlinear computational capacity increases, resulting in more features. How-
ever, with the increase in network depth, the nonlinear expressions become difficult to be
represented by deep network structures as identity mappings. Consequently, traditional
network models may suffer from decreased recognition accuracy, gradient vanishing, or
gradient explosion issues. In vibration signal data, noise interference and other problems
exist, which can affect the accuracy of fault diagnosis in practical applications. This paper
proposes the application of deep residual networks for feature extraction and diagnosis of
vibration signal spectrograms to address these issues.

Deep residual networks are a type of deep learning method designed for high-noise
data [15]. Based on backpropagation training, deep residual networks can propagate
gradients layer by layer through convolutional layers and propagate losses through the
same mappings as the residual terms. By using soft thresholding to eliminate noise in
vibration signals, better models can be obtained.

To address the issues of gradient vanishing or gradient explosion, the ResNet paper
suggests using batch normalization [16] (BN) layers in the network and preprocessing the
raw data to mitigate these problems.

To tackle the degradation problem in deep networks, it is possible to artificially
allow certain layers of the neural network to skip the connection to the next layer of
neurons, creating skip connections that weaken the strong connections between each
layer [17]. The ResNet paper proposed the residual structure to address issues such as
gradient degradation. Figure 3 illustrates a convolutional network using the residual
structure. As the network depth increases, the recognition results remain good, indicating
that the residual network resolves the problem of degraded training performance with
increasing depth.
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2.5. Transfer Learning

Transfer learning [18] is a term in machine learning that refers to the influence of
learning from one task on the performance of another task or the impact of acquired
experience on the completion of other activities. Transfer learning is widely present in
various forms of knowledge, skills, and social norms learning. It reduces the amount of
training data and computational power required to create deep learning models, effectively
addressing the problem of overfitting in small datasets in complex networks. Low-level
features have strong migration ability, while the features of a high-level convolutional layer
are abstract features related to specific tasks, which are not suitable for migration and need
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to be retrained on new data sets. The implementation of transfer learning can improve the
initial performance of the model. The rate of model improvement is faster; in addition, the
resulting model converges better.

The key to the success of transfer learning is the similarity between the source domain
and the target domain. For similar data sets, training the last fully connected layer will
obtain sufficient performance, but the data sets with relatively large differences should be
trained to update the parameters of the higher convolution layer.

Based on parameter/model transfer learning [19], The source domain is the domain
in which data features and feature distribution are known, and the target domain is the
domain in which data features and feature distribution are to be learned. The ResNet
model belonging to the source domain has been trained on the large-scale image data set
ImageNet to obtain the model weights and has achieved good classification results. The
trained weight parameters have been transferred to the ResNet-CBAM model of the target
domain. Therefore, when the size of the obtained bearing data sample is small, and it is
difficult to evaluate the feature extraction using the normal network, the initial weight
of the pre-trained model can be used to transfer the experience or knowledge learned by
the model in other tasks to the current task. Even if the data set features are different, the
features extracted in the training ImageNet, such as edges, textures, shapes, etc., have the
same effect on the recognition of images. The parameter weights of some network layers
are fine-tuned, including learning rate, loss function, optimizer setting, etc. The modified
model weight parameters are suitable for the experimental research in this paper. Using the
network weights trained on very large data sets, migrating to your own data for training
can save a lot of training time and reduce the risk of underfitting/overfitting. It is assumed
that the related models in the source domain and target domain will share some common
parameters or prior distributions. This type of transfer learning enables the sharing of part
of the model structure between the tasks in the source and target domains, along with their
corresponding model structures, as shown in Figure 4.
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In this study, the method of transfer learning was employed by freezing certain
network layers and fine-tuning some of the layer parameters to pre-train the model.

3. Proposed Method

To investigate the computational performance and accuracy of the proposed fault
diagnosis model, the experiments were conducted on a computer server with the following
specifications: CPU, Xeon(R) Platinum 8255C (2.5 GHz); memory, 43 GB; GPU, RTX2080Ti
11 GB. The code for ICEEMDAN decomposition and Hilbert transformation was executed
in MATLAB 2022a environment. The code for the deep learning network was written and
executed in the PyTorch environment.
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3.1. Method and Workflow

The proposed ICEEMDAN-Hilbert attention mechanism for bearing diagnosis in the
residual network is illustrated in Figure 5. After decomposing the IMF components through
ICEEMDAN, the Hilbert transformation converts the one-dimensional time-domain signal
into a two-dimensional time-frequency representation. By inputting the network, the
fault features of the bearing can be automatically extracted in the time-frequency domain.
Transfer learning is employed to transfer parameter weights, where the lower-level convo-
lution layers of the network are frozen, and only the last fully connected layer is trained.
This approach improves accuracy and significantly reduces training time. An attention
mechanism is introduced before the fully connected layer to explore the channel features,
enhance the weights of important information, and ignore less important information chan-
nels. This enhances the accuracy of the detection results and achieves the classification of
bearing faults.
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network.

The workflow of the bearing fault diagnosis model based on ICEEMDAN-Hilbert with
ResNet-CBAM network is shown in Figure 6. Firstly, the long-time series of composite
fault data is collected from a rolling bearing. The raw signal is then randomly divided into
non-repetitive segments of fixed length to form fault samples. The samples are further
subjected to ICEEMDAN decomposition for denoising, resulting in the IMF components of
the original fault vibration signal. The IMF components obtained from the decomposition
are then transformed using Hilbert transform, converting the time-domain images into
time-frequency images. Preprocessing techniques such as image flipping and cropping are
applied. The processed time-frequency images are divided into training and testing sets.
The training set is used to train the attention mechanism deep residual network composed
of transfer learning, ResNet network, and CBAM network. The fault diagnosis model is
optimized through training, resulting in a complete fault model. The constructed fault diag-
nosis model is then used for recognition, obtaining the recognition results. The effectiveness
of the model is evaluated based on the accuracy of fault classification predictions.
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3.2. Data Preprocessing of Rolling Bearing

In this study, the rolling bearing dataset from Case Western Reserve University
(CWRU) [20] was used for validation, as shown in Figure 7. The experimental platform
includes a motor, a torque encoder, a dynamometer, an accelerometer, and other main
components. The test bearings support the motor shaft and introduce different types of
single-point faults at the drive end (DE) and fan end (FE) with varying fault diameters [21],
including 7, 14, 21, and 28 mils. These faults result in single-point faults in the ball, inner
race, and outer race. The rolling bearings used in the experiment are produced by SKF, with
the specific model being 6205-2RS. The vibration signals from the rolling bearings were
collected to acquire fault diagnosis experimental data. A total of three different single-point
faults and one set of normal rolling bearing vibration signals were collected at sampling
frequencies of 12 kHz and 48 kHz.
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The data used in this study was collected on the experimental platform shown in
Figure 7. The bearing data was collected at the drive end (DE) under three different
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load conditions: 0, 1, and 2 (1797 r/min, 1772 r/min, and 1747 r/min, respectively). The
collected data was used to construct the dataset, as shown in Table 1. The dataset consists of
30,000 samples, with a split of 80% for the training set (24,000 samples) and 20% for the test
set (6000 samples).

Table 1. Classification information of rolling bearings.

Fault Name Label Fault Location Bearing Damage Level/mm Sample Collection

Normal 0 Normal Bearing 0 3000
007-BALL 1 Ball Fault 0.18 3000
007-IR 2 Inner Race Fault 0.18 3000
007-OUT 3 Outer Race Fault 0.18 3000
014-BALL 4 Ball Fault 0.36 3000
014-IR 5 Inner Race Fault 0.36 3000
014-OUT 6 Outer Race Fault 0.36 3000
021-BALL 7 Ball Fault 0.54 3000
021-IR 8 Inner Race Fault 0.54 3000
021-OUT 9 Outer Race Fault 0.54 3000

For each load condition, tests were conducted on rolling bearings with diameters of
0.18 mm, 0.36 mm, and 0.54 mm, focusing on the ball, inner race, and outer race of the
bearings. In addition to the test data for normal rolling bearings, each type of bearing fault
was labeled from 0 to 9, resulting in a total of 10 different fault types, including one set of
normal bearing data.

In the CWRU dataset, the original vibration signals are segmented into equal-length
segments. This allows for the extraction of fault feature information under the same rotating
cycle. In this study, each segment consists of 2048 data points, and the starting points of
each segment are separated by no less than K data points. In this study, K is set to 100, as
shown in Figure 8.
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Figure 8. Illustration of the schematic diagram of the original data segmentation.

ICEEMDAN is used to decompose the original vibration signals of the bearing into
eight IMF components. It can be observed that the first three IMFs obtained from the
decomposition by the ICEEMDAN algorithm have relatively high oscillation frequencies.
The following five IMFs also have relatively high oscillation frequencies, but compared to
the first three IMFs, their oscillation frequencies are lower. Additionally, it can be seen that
as the decomposition by the ICEEMDAN algorithm progresses, the oscillation frequencies
of the decomposed IMFs become lower. The last IMF and the residual component have
very low oscillation frequencies, and the oscillations in the residual component can be
neglected. Figure 9 shows the decomposition results of four different conditions (007 mils)
using ICEEMDAN, demonstrating that the oscillation frequencies of the obtained IMF
components vary with different input signals under different fault conditions. In this
experiment, the signal-to-noise ratio (Nstd) is set to 0.2 to ensure continuous mode mixing;
the number of noise additions (NR) is set to 100; the maximum number of envelopes inside
the EMD process (MaxIter) is set to the default value, resulting in the decomposition of nine
IMF components; and SNRFlag is set to 1, indicating ICEEMDAN decomposition when the
value is 1 and CEEMDAN decomposition when the value is 2.
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Figure 9. ICCEMDAN decomposition results for four different conditions (007 mils): (a) normal; (b) ball fault; (c) inner race fault; (d) outer race fault. Figure 9. ICCEMDAN decomposition results for four different conditions (007 mils): (a) normal; (b) ball fault; (c) inner race fault; (d) outer race fault.
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For the Hilbert transform on the basis of ICEEMDAN, each IFM component value is
calculated by Hilbert transforming to its Hilbert spectrum; based on each IMF component
value and its corresponding Fourier spectrum, the instantaneous frequency fault charac-
teristics of the rolling bearing are mapped on the map, and finally, the Hilbert spectrum
is obtained. It can be seen that the feature distribution in the time-frequency diagram is
not the same; the distribution of noise points is denser in the ball fault, the distribution
under normal conditions is relatively uniform, and the fault ripple and noise points of each
kind are obviously different. This is shown in Figure 10. After the Hilbert transform of the
vibration signal, the amplitude and frequency of the vibration signal are time functions,
and the amplitude is reflected in the time-frequency diagram, and the Hilbert spectrum of
the amplitude is represented by contours. A complex exponential signal can be represented
as the sum of a real signal and an imaginary signal, and the result of converting a real signal
into an analytical signal is that a one-dimensional signal is converted into a signal on a
two-dimensional complex plane, and the amplitude and phase of the signal are represented
by the modulus and amplitude angles of the complex number. Compared with other signal
processing methods, this method has the advantages of being able to decompose unstable
signals and being adaptive.
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3.3. Diagnostic Results of the ResNet-CBAM Network Model

In the experiment, a network model was constructed using PyTorch. Ten sets of data
were randomly sampled, and each set consisted of 128 randomly selected images. These
images were then randomly cropped to a size of 256 × 256 and input into the model for
training. The model was trained on a GPU for 50 epochs to validate its reliability. The
accuracy of the final model training output was 95.2%, as shown in Figure 11. This accuracy
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surpasses not only the regular ResNet network but also the accuracy of VGG and AlexNet
by more than 12%, demonstrating that the accuracy of this model has reached the expected
level. The loss rate of ResNet-CBAM is around 0.2, as shown in Figure 12.
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Table 2 compares the classification prediction accuracy of the four models and provides
the corresponding loss rates for each condition in the respective methods. From Table 2, it
can be concluded that the combination of ICEEMDAN-Hilbert and ResNet-CBAM models
achieves good classification accuracy and reduces computational loss rates. It can accurately
address the complex fault classification problem of bearings, proving the feasibility and
applicability of this method in practical applications.

Table 2. The comparative experimental results of the four models after 50 epochs of training.

Model Name Model Accuracy/% Loss Rate

VGG 0.823 1.2
ResNet 0.907 0.36
AlexNet 0.814 0.83
ResNet-CBAM 0.952 0.19

Furthermore, the distribution of fault misjudgment information in this model is further
demonstrated. In this study, a multi-class confusion matrix was introduced to analyze the
effect of fault diagnosis. The confusion matrix effectively reflects the diagnostic accuracy
and the specific number of misjudgments in various types of rolling bearings, such as the
misjudgment of actual fault types into specific types. The confusion matrix is shown in
Figure 13.
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In Figure 13a, the predicted fault categories are represented by the x-axis, while the
true fault labels are represented by the y-axis. Each category consists of 600 test samples,
totaling 10 fault types. The numbers on the main diagonal represent the number of samples
correctly diagnosed by the ResNet-CBAM network model algorithm for each fault type.
In Figure 13a, among the 6000 samples in the test set, samples from 021-OUT, 021-IR, and
021-BALL were predicted incorrectly. The misclassified samples had the true label of 021-
BALL (21 mils ball fault) but were predicted as fault category 014-BALL (14 mils ball fault).
Similarly, misclassified samples with the true label of 021-IR (21 mils inner ring fault) were
predicted as fault category 021-OUT (21 mils outer ring fault), and misclassified samples
with the true label of 021-OUT were predicted as fault category 021-IR. Additionally, the
diagnostic accuracy for other fault types was 100%.

The confusion matrix for the normal ResNet network is shown in Figure 13b, which is
noticeably different from Figure 13a. Only the normal samples were predicted correctly,
while each class of fault samples had varying degrees of diagnostic errors. For the 021-
BALL (21 mils ball fault), each fault category exhibited different levels of recognition errors.
However, in the ResNet-CBAM network algorithm, there were no such diagnostic errors
for the 021-BALL (21 mils ball fault) class. The recognition was correct without any errors.

The experimental data above demonstrate that the proposed ResNet-CBAM network
algorithm, with the support of transfer learning, possesses high computational capability.
It achieves a higher fault recognition rate than ordinary deep learning networks under
different load conditions and accurately identifies the location of faults. This is of significant
importance for the fast localization and diagnosis of faults in rolling bearings, targeted
maintenance, and optimization improvement for multi-fault components.

4. Conclusions

In this paper, an algorithm for fault diagnosis of rolling bearings combining ICEEM-
DAN decomposition of vibration signals, transformation of decomposed IFM components
into RGB images using the Hilbert transform, and the integration of attention mecha-
nism with deep residual networks (ResNet-CBAM) is proposed. It can be applied to
the fault diagnosis of rolling bearings under different environmental conditions through
transfer learning:

(1) When facing long time series vibration data of rolling bearings and complex
fault situations composed of multiple mixed signals, transforming the one-dimensional
vibration signal data matrix collected from rolling bearings into two-dimensional Hilbert
time-frequency map fault samples facilitates deep learning training of this model.
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(2) For the entire process from normal state to failure of rolling bearings, a method
of random sampling with multiple sampling points is adopted to construct life-cycle fault
samples for fault diagnosis.

(3) A multi-layer convolutional network framework model combined with the atten-
tion mechanism (CBAM) is used to diagnose rolling bearing faults and extract deep features
from various types of vibration signal data for different fault types.

(4) The fault data of rolling bearings from different categories are reflected in the
CWRU dataset, and ResNet-CBAM achieves high fault diagnosis accuracy in the experi-
ments. Based on the results of this model, it can be applied to fault diagnosis of rolling
bearings under various operating conditions. To obtain more accurate fault diagnosis
results and improve the robustness of the model, training with a larger variety of samples
will be conducted, and the possibility of incorporating residual modules into various deep
learning model frameworks will be explored.

Author Contributions: Writing—original draft, B.L.; Writing—review & editing, W.F. All authors
have read and agreed to the published version of the manuscript.

Funding: The work is funded by Zhoushan Science and Technology Bureau (2019C3105).

Institutional Review Board Statement: Not involve.

Informed Consent Statement: Not involve.

Data Availability Statement: The rolling bearing dataset from Case Western Reserve University.

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

References
1. Jian, Y.; Qing, X.; He, L.; Zhao, Y.; Qi, X.; Du, M. Fault Diagnosis of Motor Bearing Based on Deep Learning. Adv. Mech. Eng. 2019,

11, 1687814019875620. [CrossRef]
2. Du, S.-C.; Liu, T.; Huang, D.-L.; Li, G.-L. An Optimal Ensemble Empirical Mode Decomposition Method for Vibration Signal

Decomposition. J. Vib. Acoust. ASME 2017, 139, 031003. [CrossRef]
3. Torres, M.E.; Colominas, M.A.; Schlotthauer, G.; Flandrin, P. A Complete Ensemble Empirical Mode Decomposition with Adaptive

Noise. In Proceedings of the 2011 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), Prague,
Czech Republic, 22–27 May 2011; pp. 4144–4147.

4. Colominas, M.A.; Schlotthauer, G.; Torres, M.E. Improved Complete Ensemble EMD: A Suitable Tool for Biomedical Signal
Processing. Biomed. Signal Process. Control 2014, 14, 19–29. [CrossRef]

5. Zhao, Y.; Adjallah, K.H.; Sava, A.; Wang, Z. Influence of Sampling Frequency Ratio on Mode Mixing Alleviation Performance: A
Comparative Study of Four Noise-Assisted Empirical Mode Decomposition Algorithms. Machines 2021, 9, 315. [CrossRef]

6. Qiu, G.; Gu, Y.; Cai, Q. A Deep Convolutional Neural Networks Model for Intelligent Fault Diagnosis of a Gearbox under
Different Operational Conditions. Measurement 2019, 145, 94–107. [CrossRef]

7. Sun, M.; Wang, H.; Liu, P.; Huang, S.; Fan, P. A Sparse Stacked Denoising Autoencoder with Optimized Transfer Learning
Applied to the Fault Diagnosis of Rolling Bearings. Measurement 2019, 146, 305–314. [CrossRef]

8. Che, C.; Wang, H.; Ni, X.; Fu, Q. Domain Adaptive Deep Belief Network for Rolling Bearing Fault Diagnosis. Comput. Ind. Eng.
2020, 143, 106427. [CrossRef]

9. He, M.; He, D. Deep Learning Based Approach for Bearing Fault Diagnosis. IEEE Trans. Ind. Appl. 2017, 53, 3057–3065. [CrossRef]
10. Xu, Y.; Li, Z.; Wang, S.; Li, W.; Sarkodie-Gyan, T.; Feng, S. A Hybrid Deep-Learning Model for Fault Diagnosis of Rolling Bearings.

Measurement 2021, 169, 108502. [CrossRef]
11. Xia, M.; Li, T.; Xu, L.; Liu, L.; de Silva, C.W. Fault Diagnosis for Rotating Machinery Using Multiple Sensors and Convolutional

Neural Networks. IEEE/ASME Trans. Mechatron. 2018, 23, 101–110. [CrossRef]
12. Bernstein, S. A Fractional Hilbert Transform for 2D Signals. Adv. Appl. Clifford Algebras 2014, 24, 921–930. [CrossRef]
13. Xin, H.; Li, L. Arbitrary Style Transfer with Fused Convolutional Block Attention Modules. IEEE Access 2023, 11, 44977–44988.

[CrossRef]
14. Chen, B.; Huang, Y.; Xia, Q.; Zhang, Q. Nonlocal Spatial Attention Module for Image Classification. Int. J. Adv. Robot. Syst. 2020,

17, 1729881420938927. [CrossRef]
15. Zhao, M.; Zhong, S.; Fu, X.; Tang, B.; Pecht, M. Deep Residual Shrinkage Networks for Fault Diagnosis. IEEE Trans. Ind. Inform.

2020, 16, 4681–4690. [CrossRef]
16. Garbin, C.; Zhu, X.; Marques, O. Dropout vs. Batch Normalization: An Empirical Study of Their Impact to Deep Learning.

Multimed. Tools Appl. 2020, 79, 12777–12815. [CrossRef]

https://doi.org/10.1177/1687814019875620
https://doi.org/10.1115/1.4035480
https://doi.org/10.1016/j.bspc.2014.06.009
https://doi.org/10.3390/machines9120315
https://doi.org/10.1016/j.measurement.2019.05.057
https://doi.org/10.1016/j.measurement.2019.06.029
https://doi.org/10.1016/j.cie.2020.106427
https://doi.org/10.1109/TIA.2017.2661250
https://doi.org/10.1016/j.measurement.2020.108502
https://doi.org/10.1109/TMECH.2017.2728371
https://doi.org/10.1007/s00006-014-0489-6
https://doi.org/10.1109/ACCESS.2023.3273949
https://doi.org/10.1177/1729881420938927
https://doi.org/10.1109/TII.2019.2943898
https://doi.org/10.1007/s11042-019-08453-9


Processes 2023, 11, 2440 16 of 16

17. Lange, S.; Helfrich, K.; Ye, Q. Batch Normalization Preconditioning for Neural Network Training. J. Mach. Learn. Res. 2022, 23,
3118–3158.

18. Zhao, P.; Hoi, S.C.H.; Wang, J.; Li, B. Online Transfer Learning. Artif. Intell. 2014, 216, 76–102. [CrossRef]
19. Chen, Y.; Chen, X. A Brain-like Classification Method for Computed Tomography Images Based on Adaptive Feature Matching

Dual-Source Domain Heterogeneous Transfer Learning. Front. Hum. Neurosci. 2022, 16, 1019564. [CrossRef] [PubMed]
20. Hendriks, J.; Dumond, P.; Knox, D.A. Towards Better Benchmarking Using the CWRU Bearing Fault Dataset. Mech. Syst. Signal

Process. 2022, 169, 108732. [CrossRef]
21. Alonso-Gonzalez, M.; Diaz, V.G.; Perez, B.L.; G-Bustelo, B.C.P.; Anzola, J.P. Bearing Fault Diagnosis with Envelope Analysis and

Machine Learning Approaches Using CWRU Dataset. IEEE Access 2023, 11, 57796–57805. [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.artint.2014.06.003
https://doi.org/10.3389/fnhum.2022.1019564
https://www.ncbi.nlm.nih.gov/pubmed/36304588
https://doi.org/10.1016/j.ymssp.2021.108732
https://doi.org/10.1109/ACCESS.2023.3283466

	Introduction 
	The Methodology 
	The Fundamental Theory of ICEEMDAN 
	Hilbert Transform Principle 
	Convolutional Block Attention Module 
	Deep Residual Network 
	Transfer Learning 

	Proposed Method 
	Method and Workflow 
	Data Preprocessing of Rolling Bearing 
	Diagnostic Results of the ResNet-CBAM Network Model 

	Conclusions 
	References

