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Marine machinery operates in harsh environments where strong background noise often masks bearing fault
features. Moreover, most current models lack sufficient feature extraction and adaptive detection capabilities
under complex working conditions, resulting in poor classification accuracy and robustness. To address these
issues, we propose a bearing fault diagnosis framework based on multimodal fusion and two-stage
discrimination. The framework consists of two stages. The first stage is the feature enhancement module, which
combines Variational Mode Decomposition (VMD) and Complete Ensemble Empirical Mode Decomposition
with Adaptive Noise (CEEMDAN) to perform secondary demixing on the raw vibration signals, and screen the
components based on permutation entropy and kurtosis to filter background noise. Subsequently, the selected
components are adaptively weighted and reconstructed, thereby achieving feature enhancement. The second
stage is the fault discrimination module, which constructs a dual-channel Convolutional Neural Network (CNN)
integrated with a Convolutional Block Attention Module (CBAM). In this module, Channel 1 inputs the
reconstructed 1D time-series signals to extract deep features, while Channel 2 inputs 2D time-frequency images
generated via the Hilbert marginal spectrum to extract spatial features. Then CBAM is utilized to adaptively
focus on critical fault regions. Finally, the dual-channel heterogeneous features are flattened and fused to
complete the fault discrimination. Two modules in our model are cascaded to form a "signal demixing-
heterogeneous feature fusion" processing chain. The detection accuracy on the CWRU dataset reaches 99.11%,
effectively resolving the issue of feature blurring in high-noise environments while exhibiting both high

accuracy and strong robustness.
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1. INTRODUCTION

The publication cannot be shorter than six A4
pages. The article must be written in English.

The offshore wind turbine is a kind of marine
machinery which plays an important role in
developing resources and generating electricity. It
works under rough and complicated environmental
conditions all the time, constantly facing significant
challenges such as intense salt and acid corrosion,
serious rusting, enormous wind force and huge wave
strength, and rapid currents. Such a demanding
operating environment severely compromises the
reliability of mechanical components. Particularly
when failures occur in critical components such as
bearings, it could be chain reaction, which would
result in enormous damage, sudden stop. Moreover,
it may lead to personnel casualties and ruin the
ocean. So there must be study and improvement of
technologies of such matters such as condition
monitoring and fault diagnosis of the rotating shaft,
which is called the heart of machines.
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Various signal processing methods exist for
extracting time-domain, frequency-domain, and
time-frequency domain features of bearing faults.
For instance, Lv et al. [1] employed the Ensemble
Empirical Mode Decomposition (EEMD) method,
facilitating fault diagnosis via spectrum analysis and
real-time monitoring. However, under the marine
operation conditions, it is often confronted with the
problem of unstructured noise interference and
signal aliasing, resulting in the loss of feature
information. With the development of data driven
approaches, traditional machine learning approaches
like SVM and RF have been used in feature
classification. Deep Learning models such as the
Convolutional Neural Network (CNN) model, the
Long short-term memory Network (LSTM) model
and the recurrent neural network (RNN) model are
applied in the gradual end-to-end bearing fault
identification. For example, Liu et al. [2] utilized a
dual-CNN-LSTM model, in which the CNN
channel, responsible for data dimension reduction
and feature exploration, processes the data while the
LSTM channel handles time-series data. The
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information from both channels is fused to predict
the bearing degradation trend. These models
significantly reduce manual intervention by
automatically learning fault features from raw
signals, and have made progress in fusing
multimodal signals. However, traditional CNNs lack
denoising structures [3], and their capability to
extract features from vibration signals is constrained
by noise interference. Furthermore, the model
training process relies heavily on specific marine
condition samples, resulting in a lack of
generalization ability across different equipment and
operating conditions. These issues limit the
reliability and stability of bearing anomaly detection.
Therefore, it is urgent to develop novel intelligent
diagnostic methods with enhanced noise immunity
and working-condition adaptability.

First and foremost, this paper focuses on two
main technical problems:

1) To extract discriminative bearing feature signals
in high-noise environments;

2) To enhance the adaptive detection capability of
the model for various fault types.

As for signal acquisition of bearing fault features,
scholars always select time-frequency analysis
method, wavelet transform method, EMD method
etc. Among these methods, time-frequency analyses
such as wavelet transform and short-time Fourier
transform can capture signal changes in both
domains. EMD and its variants are utilized to
adaptively = process  non-stationary  signals,
decomposing the original signal into a series of
intrinsic mode functions (IMFs) that reflect different
fault features. For instance, Ma et al. [4] proposed a
denoising technique based on VMD and dynamic
wavelets. Initially, VMD is utilized to decompose
the signal and filter the extracted IMF components.
Subsequently, dynamic wavelets are applied to
denoise and reconstruct the mode-mixed IMFs,
achieving joint denoising. Finally, a deep learning
model is employed to extract fault features from the
denoised signal to accomplish the diagnosis. The
study by Bayram et al. [5] utilized wavelet transform
for the noise decomposition of signals and conducted
an in-depth analysis of how bearing faults influence
wavelet coefficients. Furthermore, Akcan et al. [6]
utilized entropy-based features combined with an
Extreme Learning Machine (ELM) for diagnosis.
Although these methods have achieved certain
successes, they heavily rely on manually configured
key parameters (such as the wavelet basis function,
decomposition levels, number of modes, and entropy
calculation parameters). Consequently, they exhibit
poor adaptability in highly variable marine
environments (e.g., non-stationary vibrations
induced by salt spray and wave impacts) and still
possess limited capability in extracting features from
non-stationary signals. These numerous limitations
restrict practical application effectiveness under
marine working conditions.

In order to better adapt to detection tasks, deep
learning models, CNN and LSTM included, are

mainly used for bearing fault recognition. For
instance, Gao et al. [7] employed a one-dimensional
convolutional neural network to derive a fully
automated fault diagnosis model that took in
unprocessed ~ vibration signals directly, and
completely automated the transition from the process
of processing the incoming signal right up until the
act of classifying faults. Yang et al. [8] added
attention mechanism to combine the features of
different modalities effectively in order to get full
complementary among signals. To capture features
under complex working conditions, Kaya et al. [9]
used continuous wavelet transform (CWT) to
convert signals into color time-frequency images,
and then applied deep transfer learning to predict
fault sizes. To improve model interpretability and
better capture complex features, You et al. [10]
proposed a deep learning method guided by physical
constraints, fusing acoustic and vibration data. By
introducing nonlinear dynamic models as
constraints, they made their network much more
interpretable. Similarly, Chen et al. [11] used cross-
layer modules and skip connections to tackle the
issues of sparse features and long-term
dependencies. However, these methods still fall
short in marine environments. When dealing with
strong background noise and non-stationary signals,
standard models struggle to separate the
environmental noise from actual fault features. As a
result, they lack adaptive detection capabilities and
tend to overfit on specific training data. This poor
generalization makes it hard for them to meet the
strict  reliability requirements of real-world
detection.

Overall, existing approaches still struggle with
extracting features in highly noisy environments and
achieving adaptive detection. To tackle these issues,
we propose a fault diagnosis framework based on
multimodal fusion and two-stage discrimination.
There are two stages in the framework. Stage 1: In
order to deal with the background noise and the non-
stationary vibration signals, firstly the feature
enhancement part is used, which applies the VMD-
CEEMDAN hybrid structure on the original signals,
decomposing the original data into various modal
components and then extracting the fault-related
sensitive components. Then, perform weighted
reconstruction of the components using envelope
kurtosis as an adaptive factor to enhance fault
features and achieve a good SNR. Finally, this
module performs the improvement of signal feature
enhancement, which can present the fault
characteristic information of the signal in the time
and frequency domain more intuitively and make it
easier for people to differentiate. The second stage is
to create a fault discrimination dual-channel deep
network, which serves as the fault discrimination
module. Channel 1 takes time and frequency domain
features as the first channel. It uses 1D convolution
to extract temporal sequence structure. Channel 2
takes the Hilbert time-frequency images as input and
applies 2D convolutions to extract spatial patterns.
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We then incorporate a Convolutional Block
Attention Module (CBAM) to highlight key features.
Finally, the network fuses the information from both
channels and passes it through fully connected layers
to classify the fault type. Together, these two main
modules form a 'signal demixing - heterogencous
fusion' processing chain. This setup effectively
tackles the issues of blurred features and low
recognition accuracy caused by marine noise.

The remainder of this paper is organized as
follows: Section 2 introduces the related research.
Section 3 presents the framework of the proposed
method. Sections 4 and 5 describe the specific
modules in detail. Section 6 provides the
experimental analysis, and Section 7 concludes the

paper.

2. RELATED WORKS
2.1. Marine machinery operating environment

and bearing fault characteristics

Offshore wind turbines are a typical form of
marine mechanical equipment, constantly facing
unique operating conditions, including high
humidity, high salinity, high pressure, and long-term
continuous operation. In high-humidity and high-
salinity environments, mechanical components are
eroded by seawater, which leads to accelerated
corrosion on metal surfaces and consequently
shortens the equipment's service life. Under high-
pressure conditions, the equipment's sealing
integrity and structural strength are rigorously tested,
as even minor defects can trigger significant safety
hazards. Furthermore, long-term continuous
operation leads to the gradual accumulation of
fatigue damage, which presents additional
difficulties for fault prediction and maintenance.

Bearings in this equipment are important
components of the mechanical system transmission,
and their status directly affects the performance and
safety of the entire system. But bearings are
subjected to dynamic loading and varying operating
conditions as well as varying loads and corrosive
media ingress, with complex coupled vibrations that
work together making those subtle defects difficult
to detect when they first cause trouble. When load
fluctuates, it brings change of the stress when the
bearing's two rings make contact, so fatigue cracks
could get started. The ingress of corrosive media
significantly accelerates lubricant degradation; the
resulting decline in lubrication efficiency leads to
increased friction and elevated temperatures.
Additionally, coupled vibrations are complex, so
there are nonlinear responses in the bearings, making
it difficult to identify faults. Therefore, to ensure
equipment reliability and safety, enhancing the
robustness of fault diagnosis on the bearing of
marine machinery is of great importance.

2.2. Bearing fault diagnosis methods based on
signal processing
To obtain the time-domain, frequency-domain,
and time-frequency domain features of the bearing

fault signals, many researchers have put forward
different signal processing methods. Among them,
the Wavelet packet transform (WPT), adaptive
multi-scale signals decomposition method, makes up
for the lack of resolution of the conventional wavelet
transform at high frequencies. WPT can make a fine
decomposition of vibration signals over the whole
frequency band. The method decomposes the raw
vibration signal into evenly sized sub-bands via a
repeated filtering approach; at each level of
decomposition, the signal is filtered by a low-pass
filter to produce the low-frequency approximations,
and then by a high-pass filter to give the high-
frequency details. In their research, Li et al. [12] first
carried out WPT decomposition on the raw vibration
signal to get time-frequency coefficient vectors.
They then manually selected and kept the low-
frequency sub-bands containing the fault
information, and dropped the noise dominated
higher frequency elements. The two dimensional
matrix has been made once more with a coefficient
line chosen. An act of normalization was done such
that the elements in this matrix can become aligned
over a normal grey scale, which normalized into a
grayscale image which can then be taken as a form
of input for Convolutional Neural Network.
Similarly, EMD and its derivatives are employed to
decompose composite signals into a set of Intrinsic
Mode Functions (IMFs) and separate them. And then
we do the condition identification according to the
distribution of IMF components. The prior methods
manage to get a little bit done in practical use, but
marine operating environment is a significant
challenge and the trouble caused by signals mixing
and feature information loss is pretty much the same:
the unstructured noise just remains a severe barrier.

2.3. Diagnosis methods based on machine

learning

Today, research on machine learning for bearing
fault diagnosis is both extensive and deep. While
traditional models like Support Vector Machines
(SVM) and Random Forests (RF) remain widely
used for classification, researchers have continually
introduced advanced feature extraction strategies
and intelligent algorithms. For instance, Kuncan et
al. [13] innovatively built a hybrid model combining
1D Local Binary Patterns (1D-LBP) and Grey
Relational Analysis (GRA), classifying faults based
on statistical features in the 1D-LBP plane.
Similarly, Kaya et al. [14] used 1D-LBP to
preprocess vibration signals, constructed co-
occurrence matrices, and extracted texture features
like correlation and energy to achieve highly
accurate fault discrimination. Kaplan et al. [15]
classified bearing defects of various sizes by
extracting real-time statistical features from
vibration data and feeding them into an Artificial
Neural Network (ANN). Meanwhile, Huang et al.
[16] proposed an Interactive Generative Feature
Space Oversampling Autoencoder (IGFSO-AE) that
interpolates within the latent space to generate
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diverse samples, effectively boosting the model's
robustness when dealing with imbalanced data.

Although these methods perform well in specific
scenarios, most of them still rely heavily on hand-
crafted feature extraction or specific data
preprocessing steps. To streamline the diagnostic
process and minimize the information loss caused by
manual feature engineering, researchers are
increasingly turning to deep learning models - such
as Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), and Temporal
Convolutional Networks (TCN - for end-to-end
bearing anomaly detection. Since vibration signals
are highly susceptible to noise, Guo et al. [17]
proposed a CNN-based diagnostic method using
motor rotational speed signals. By fusing deep speed
features with frequency-domain information, they
achieved highly accurate recognition under complex
working conditions. Furthermore, to tackle the
challenge of identifying faults in rotating equipment
like Computer Numerical Control (CNC) machines
amidst complex noise, Igbal et al. [18] developed a
CNN diagnostic framework that fuses vibration and
acoustic signals. Their method uses the Short-Time
Fourier Transform (STFT) to convert 1D signals into
2D time-frequency images, allowing the CNN to
extract spatial features. This approach clearly
demonstrated the effectiveness of multimodal signal
fusion and significantly boosted fault classification
accuracy. Wang et al. [19] adopted LSTM network
for bearing life prediction. Firstly, extract feature
parameter from time, frequency, and time-
frequency, and select them according to feature
assessment metrics, and finally create a feature set
that contains time factors. The LSTM model was
trained using this data set, and the prediction was
performed. It is also true that the training of this kind
of model needs to use some specific samples of the
marine working state, has many parameters, and is
very inefficient. To some extent, this leads to poor
generalization capability across different equipment
and operating conditions, and their robustness in
marine environments needs further improvement.
Nevertheless, end-to-end bearing fault diagnosis
frameworks represent the future trend of automated
and intelligent fault diagnosis.

2.4. Applications of Multimodality and Attention

Mechanisms in Intelligent Diagnosis

To further enhance fault representation
capabilities, multimodal learning and attention
mechanisms have been introduced. Qin et al. [20]
proposed a dual-channel TC-CNN model. One
channel consists of a one-dimensional CNN (1D-
CNN) that takes the frequency spectrum of the FFT-
extracted vibration signals as input, while the second
channel is a 2D-CNN that processes time-frequency
images extracted from the Generalized S-Transform
(GST). After feature extraction is done in each
channel separately, the feature vectors are fused in a
fusion layer then classifier will be used for
classification. Saghi et al. [21] input time-series

vibration data into a three-channel parallel one-
dimensional Convolutional Neural Network (1D-
CNN). The convolutional layers employ kernels of
different sizes to obtain multi-scale local features.
The output of each channel then passes through a
Bidirectional GRU to capture the overall temporal
dependencies. After concatenating all multi-scale
spatio-temporal features, a Fully Connected layer
will integrate the information and use a Softmax
classifier for the final fault identification. The
MSCNN - BiLSTM - AM model proposed by Zhao
et al. [22] first takes a 1D vibration signal as input.
Two independent convolutional layers are
simultaneously employed to extract and fuse the
spatiotemporal features of the signal. Next, they pass
these fused multi-scale feature maps to a BiILSTM
layer, which will learn the bidirectional temporal
correlations from the sequence. We introduce CAM
as an attention mechanism which assigns different
weights to the features of BILSTM which increases
the weight of important fault feature. And finally, the
diagnosis is output via a fully connected layer and a
Softmax classifier.

2.5. Principles of Relevant Methods
2.5.1. Variational Mode Decomposition (VMD)
Different from EMD, VMD [23] is a complete
non-recursive modal extracting algorithm, which
could separate the input signal into intrinsic modes
and determine the center frequency and bandwidth
of each mode for separation. The heart of the
algorithm is in establishing a constrained variational
model, so one needs to perform the Hilbert transform
on each intrinsic mode to shift their spectrum to the
right baseband;

[(S(t) + %) * uk(t)] e okt )
where 6(t) is the Dirac delta function; u(t) is
the set of the intrinsic mode components, and wy are
the set of central frequencies for each mode.
Variational model which is based on the estimate
of bandwidth of respective mode is given as:

G [Z [CORERC] ] @
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where is the partial derivative of the function
with respect to time t; "+" denotes the convolution
operation.

To solve the constrained optimization problem,
the variational model is transformed into an
unconstrained problem by introducing a quadratic
penalty term a and a Lagrange multiplier A(t). The
augmented Lagrangian function is thus constructed
as:
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where & is the augmented Lagrangian;A(t) is the
Lagrange multiplier.

The solution is obtained in the frequency domain
by applying Parseval's theorem. The Alternate
Direction Method of Multipliers (ADMM) is used to
iteratively update uy, wy, and A. The update process
fork =1,...,K is as follows:

J@)=2, @ (@)= 2, i (@0)+

" (@) = )

i)l a))

1+2a(w— o))
The update equation for the center frequency is:

jo i (o) do

I (w) = "M(w) +7

K
HOENY a;;ﬂ(w)] @)
k=1
where """ denotes the Fourier transform; i is an
integer ranging from 0 to K.
If the convergence criterion is met:
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the iteration is terminated; otherwise, the process
returns to the iterative steps.

2.5.2. Complete Ensemble Empirical Mode
Decomposition with Adaptive Noise
(CEEMDAN)

CEEMDAN is enhanced EEMD. After the IMF
components 7(t) have been extracted, CEEMDAN
will add back white noise to the current residual
signal [24,25], and compute the next IMF
components using an iterative average method.
CEEMDAN compared to EMD and EEMD has
better completeness and computational efficiency. It
is obtained as follows:

Step 1: Add instances of white noise to the
original signal and decompose the obtained signal
multiple times using EMD: The first IMF component
of CEEMDAN, is obtained via averaging the first
IMF component from each decomposition:

n

1
L) = EZ Ey[x(t) + gqwy ()] 9)
i=1

where t represents time; i is the index of the
EMD trial; and E;[-] is the first IMF component
obtained by applying EMD to the newly formed
signal x(t) + gow; (t).

Step 2: Calculate the first residual component
r(t):

() =x(t) — L (@) (10)

Step 3: To r;(t), add n instances of white noise
&g,w;(t) to obtain 7y (t) + &w;(t), and perform
EMD on each of the resulting signals n times. The
second IMF component of CEEMDAN, I,(t), is
then obtained by taking the mean of the first IMF
component from each decomposition:

n

1
LO=2) Eln©+aw©)] (11)
i=1

Step 4: Calculate the k -th residual component
1 (t):
1 () = 11 (£) — L (£) (12)
Step 5: To 1, (t), add n instances of white noise
gw;(t) to obtain 7, (t) + gw;(t), and perform
EMD on each of the resulting signals n times. The
(k + 1)-th IMF component of CEEMDAN, [, (t),
is then obtained by taking the mean of the first IMF
component from each decomposition:

ha®@ =2 Er(® + en (0] (13)
i=1

Step 6: If the residual component 1 (t) contains
at most one extremum point, the decomposition is
considered complete; otherwise, the process returns
to Step 4 to continue decomposing until the
condition is met. The final residual component 7, (t)

is obtained as:

K
R®=x0-  L® (14)

where K is the total number of IMF components
obtained.
Step 7: The modal decomposition result of the
original signal x(t) is as follows:
K

x(0) = Z L) + 7.0 (15)

i=1

2.5.3. Convolutional Neural Network (CNN)

CNN is a deep learning model that has become
quite popular in the field of image recognitions and
also in object detections recently. CNNs do reduce
complexity through some techniques like weight
sharing and pooling operations on networks, and the
risk of overfitting is cut down along the way, thus the
usage of big scale deep learning can now be possible.
It consists of a convolutional layer, a pooling layer,
and a fully connected layer [26,27], which are
detailed as follows:
1) Convolutional Layer

The convolutional layer performs a convolution
operation on the input image using multiple
convolutional kernels. After a bias is added, the
result is passed through an activation function to
generate a feature map. The mathematical
expression for the convolution process is:

M
X = f(Z Xt wl + bil> (16)

i=1
where le is thej feature map of the [ layer; M is
the set of input feature maps; Wl-l]- is the weight of the
convolutional kernel connecting the i -th feature
map of the (I — 1)-th layer to the j -th feature map
of the [ -th layer; bjl is the bias term; "*" denotes the
convolution operation; and f(-) is the activation
function, commonly the ReLU function:
f(x) = max(0, x) (17)
2) Pooling Layer
The pooling layer downsamples the feature maps
and maintains a degree of feature scale invariance.
Common pooling methods include max pooling,
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average pooling, and random pooling. This paper
takes max pooling as an example:
I _ -
P} = max(X{™") (18)
where n X n is the size of the pooling window.

Input Feature Refined Feature

Attention

&N, fwﬂl

Fig. 1. Schematic diagram of CBAM

This means that while the number of output
feature maps remains unchanged, both of their
spatial dimensions are reduced by a factor of n.

3) Fully Connected Layer

The fully connected layer transforms the feature
map matrix into a one-dimensional feature vector,
which is then fed into a classifier. The model can be
expressed as:

YK = Fwkxk=t 4 bk (19)
where k is the network layer index; y* is the
output of the fully connected layer; x*~! is the
flattened one-dimensional feature vector from the
(I — 1)-th layer; w¥ is the weight coefficient; and
b¥ is the bias term. For multi-class classification
problems, the activation function f(-) is the Softmax
function.

For a specific classification task, the CNN
adjusts the weights and biases between layers to
minimize the network's loss function. This paper
employs the cross-entropy loss function to optimize
the network parameters:

LD ol SR (20)
i=1 c=1

where N is the number of samples for a specific
fault class; C is the number of classes; y; . is the true
value; and p;. is the predicted probability. The
network parameters are updated layer by layer using
the gradient descent method, with the calculation as
follows:

, OF
w=w-—-n-—
ow

L Q1)
=P 7%

where w' and b" are the updated weights and
biases; w and b are the original weights and biases;
and 7 is the learning rate, which controls the step
size of the weight updates. If n is too large, the
process is prone to getting trapped in a local
optimum, whereas if it is too small, the convergence
speed will be reduced.

2.5.4. Convolutional Block Attention Module

(CBAM)

CBAM is a simple, effective, lightweight, and
general-purpose module that can be seamlessly
integrated into any CNN architecture and trained
end-to-end with the base CNN [28]. CBAM is
composed of two independent sub-modules, the

Channel Attention Module (CAM) and the Spatial
Attention Module (SAM), with a schematic of its
structure shown in Figure 1. Given an input feature
map F € REH*W where C, H, and W represent the
number of channels, height, and width, respectively,
CBAM sequentially generates a channel attention
map, a spatial attention map, and the final output
feature.

1) Channel Attention Module (CAM)

The CAM assigns higher weights to channels that
contain critical information, enabling the model to
focus on the channels that include fault features. The
CAM first applies both global max pooling and
average pooling to the features to generate two
distinct one-dimensional vectors. These vectors are
then processed through a shared Multilayer
Perceptron (MLP). The output features from the
MLP are activated by a Sigmoid function to produce
the channel attention weight coefficients MF. This
process can be expressed as:

McF = Gfmlp(A(F)) + fmlp(M(F)) (22)

where o denotes the Sigmoid function; fp;
denotes the Multilayer Perceptron model; and A and
M represent average pooling and max pooling,
respectively.

The channel attention weight coefficients are
used to represent the importance of each channel.
They are multiplied element-wise with the input
features to obtain the channel attention feature map
F"

F'=M:FQF (23)
where "@" denotes element-wise multiplication.
2) Spatial Attention Module (SAM)

The feature map F'is used as the input to the
SAM, which effectively extracts fault features from
specific regions by learning the key information
within each area of the feature map. The SAM first
applies both global max pooling and average pooling
to F'. The two resulting two-dimensional vectors are
then concatenated along the channel dimension and
fed into a convolutional layer f7,, with a 7x7 kernel
size. After being passed through a Sigmoid
activation function, the spatial attention weights of
the feature map, Mg(F'), are obtained. This process
can be expressed as:

Ms(F) = 0 f7%7[A(F); M(F)] (24)

The spatial attention weight coefficients are used
to represent the importance of each position in the
feature map. They are multiplied element-wise with
the input feature F'to obtain the spatial attention
feature map F""

F' = My(F) @ F’ (25)

2.6. Research Gaps
Although existing studies have made solid
progress in bearing fault diagnosis, most methods
still reveal major limitations when applied to the
unique operating environments of marine
machinery, primarily in the following areas:
1) Difficulty in extracting fault features in high-
noise environments: In complex marine
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conditions, strong noise and non-stationary
signals create severe interference that often
masks weak fault features. Traditional signal
processing methods, like standalone VMD or
wavelet transforms, lean heavily on human
expertise to extract these features. Because they
are highly sensitive to parameter settings, they
struggle to adaptively separate valid fault
components in low signal-to-noise ratio (SNR)
scenarios, frequently resulting in the loss of
critical information.

2) Limited adaptive detection capabilities: While
deep learning has certainly boosted adaptive
detection, most models still rely on a single
modality—either 1D time-series signals or 2D
images. This limited perceptual dimension
makes it hard to fully uncover the heterogeneous
features hidden within complex, coupled signals.
More importantly, when faced with noise
interference, conventional models lack a
mechanism to adaptively focus on critical fault
features. As a result, they tend to overfit on
specific datasets, ultimately leading to false
alarms and missed detections.

To address these deficiencies, it is urgent to
develop a bearing fault diagnosis model that
combines robust feature extraction with strong
adaptive detection. A two-stage processing
mechanism offers a practical way forward. The first
stage focuses on signal demixing and feature
enhancement. For data cleaning, we construct a
cascaded VMD-CEEMDAN structure: VMD first
extracts the principal modes from the raw signal, and
CEEMDAN  then performs a  secondary
decomposition to prevent mode mixing and preserve
data integrity. Afterward, these components are
adaptively weighted and reconstructed based on their
envelope kurtosis. In the second stage, a CNN fuses
1D time-series features with 2D images for joint
multimodal analysis. By incorporating an attention
mechanism, the network automatically focuses on
critical fault regions, further improving its adaptive
detection. In this way, the first stage makes up for
the lack of built-in denoising in standard deep
learning models, while the second stage boosts
overall adaptability. Together, they ensure highly
accurate fault recognition, even under severe
background noise.

3. PROPOSED METHOD FRAMEWORK

Aiming at the severe background noise in marine
machinery bearing vibration signals and the limited
adaptive detection ability of existing models, this
paper studies a bearing fault diagnosis model based
on multimodal fusion and two-stage discrimination.
In the first part of the whole framework, this part is
the feature enhancement module whose goal is to
extract fault discriminative features from
nonstationary and strong-noise signals. Because
vibration signals are contaminated by interferences
from different components and nonlinear responses,

the fault patterns are easily hidden. This module first
employs a VMD-CEEMDAN composite structure
for signal demixing. Taking advantage of the non-
recursive nature of VMD, it initially decomposes the
raw vibration signal into multi-scale mode
components with distinct center frequencies. This
step uses VMD's frequency-domain focusing to
achieve macro-level demixing and suppress strong
background noise. Following this, CEEMDAN is
applied to the residual signal left by VMD. By
iteratively adding positive and negative adaptive
white noise to the residual and averaging the results,
CEEMDAN generates highly stable Intrinsic Mode
Functions (IMFs). This step acts as micro-level
stripping, helping to capture weak fault features that
would otherwise remain hidden. Then, these
components are dynamically filtered based on their
permutation entropy and kurtosis. We obtain the
targeted denoised signal by keeping only those valid
components whose entropy is significantly lower
than that of pure noise and whose kurtosis exceeds
3. Next, utilizing the fact that the amplitude of a
signal’s envelope varies much more in the presence
of fault information, the signal's envelope is
analyzed along with kurtosis [29]. The Hilbert
transform is performed on the screened components
to obtain their envelope signals and to calculate the
envelope kurtosis. The envelope kurtosis of the
denoised and screened components is used as an
adaptive weighting factor for a second round of
sorting and weighted fusion of the components, thus
finishing the feature signal enhancement process.

In the second stage, we construct a dual-channel
deep network integrated with an attention
mechanism to accurately classify fault types using
the enhanced features. To address the heterogeneity
of bearing faults across temporal and spatial
dimensions, this dual-channel design fully exploits
multimodal information. Specifically, the first
channel takes the reconstructed 1D enhanced time-
domain signal as input. It uses a 1D-CNN to extract
sequential structural features and capture the
dynamic trends of the vibration signals. Meanwhile,
the second channel takes the 2D Hilbert time-
frequency images as input, using a 2D-CNN to
extract spatial patterns and map out the frequency
distribution of the faults. Once extracted, these
effective features are fed into a CBAM. Within this
module, CAM and SAM sequentially assign
different weights to channels based on their
importance [30] and evaluate the significance of
various spatial locations in the images. This highly
targeted approach dynamically emphasizes the most
critical fault-related characteristics. Finally, the
network fuses the weighted features from both
channels and passes them through a fully connected
layer and a Softmax classifier to pinpoint the fault
type. The workflow of the proposed bearing fault
diagnosis based on multimodal fusion and two-stage
discrimination can be seen from Figure 2.
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Fig. 2. Bearing fault diagnosis flowchart

4. CORE METHOD 1: FEATURE
ENHANCEMENT MODULE (SIGNAL
ENHANCEMENT MODULE)

4.1. Problem statement

Extracting discriminative fault features from
non-stationary vibration signals contaminated with
strong noise remains a core challenge in the fault
diagnosis of marine machinery bearings. This
challenge is attributed to the fact that vibration
signals are often obscured by interference from
multiple components and non-linear structural
responses, leading to the weakening and masking of
the fault information.

4.2. Research content and technical approach

It is developed as a 'decomposition-denoising-
processing of feature enhancement', where it will
mainly adopt:

Decomposition stage employs VMD to
decompose the raw vibration signal into several
modes with distinct center frequencies. The penalty
factor and an iteration stopping threshold are set to
guarantee the sparsity and frequency-domain
concentration of the components. It separates the
signal into multi-scale modality components each
with a clearly identifiable central frequency, and the
residue. And then, we carry out the CEEMDAN
decomposition on the nonlinear residual term after
VMD. Adding white noise back into the current
residual  signal and  performing iterative
computation, we can get more sub-sequences and a
new residual since the white noise has a zero mean,
its effects cancel out after multiple averages [31], but
the actual signals remain. Instead of relying on a
single-stage decomposition, we integrate VMD with
CEEMDAN. Firstt, VMD uses variational
optimization to iteratively solve a constrained
model, breaking the signal down into several
intrinsic modes with specific center frequencies and
limited bandwidths. This frequency-domain
constraint acts as a powerful narrowband filter. It

allows the algorithm to focus on the high-energy
fault bands, cleanly separating the fault features from
interfering modes. However, due to its inherent
limitations, the residual signal left over after VMD
might still hide some nonlinear features. To tackle
this, we bring in CEEMDAN. By iteratively adding
white noise to the residual, CEEMDAN changes the
distribution of extreme points. This breaks through
the non-stationary nature of the residual signal,
allowing us to fully extract any remaining weak fault
shocks. By combining these two methods, we solve
the feature loss issue that VMD often faces when
dealing with non-stationary residuals. Ultimately,
this dual-filtering approach ensures that our feature
extraction is truly comprehensive.

In the denoising part, calculate the permutation
entropy and kurtosis of each modal element obtained
through VMD-CEEMDAN decomposition. Due to
the periodic impulses generated by the faulty
components colliding with other elements, the
impact inside the fault-related signal components is
more ordered than the normal and pure noise signals.
So, it has lower permutation entropy values.
Consequently, the sudden changes of the
permutation entropy are used to find the possible
fault signal. The combined use of this along with the
signal’s kurtosis enables a comprehensive screening
of the components which have a higher portion of
fault information and retains critical fault features
and completes the desired denoising.

Although a denoise is performed in the last step,
there will still be a mixture of fault signatures among
the modal components that have been screened out,
that is, it can appear in different resonant frequency
bands. Therefore, a quantitative metric is required to
fuse these components well and highlight the critical
fault information.

Envelope kurtosis is better at representing
periodic influence, the larger the envelope kurtosis
of a component, the stronger the periodic fault
information is contained in it. Then during this
period, taking the envelope kurtosis as an adaptive
factor, a weighted reconstruction of the screened
modal components is performed to obtain a result
signal with maximally enhanced fault features.

4.3. Innovations

Introducing a cascaded VMD-CEEMDAN
structure to dual-filter offshore wind turbine bearing
signals. First, VMD macro-decomposes the raw
signal to isolate heavy background noise. Then,
CEEMDAN micro-strips the residual to capture
weak shocks without mode mixing. By combining
VMD's frequency focus with CEEMDAN's
sensitivity to weak features, this structure deeply
purifies the signal from global bands down to local
residuals, solving the feature loss issue typical of
single methods in noisy marine environments. The
signal is denoised based on permutation entropy and
kurtosis. Also overcomes the problem of loss
features compared to the hard threshold method,
increases noise reduction specificity.
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We utilize permutation entropy and kurtosis to
denoise the signal. Permutation entropy measures
the signal's regularity to pinpoint fault components,
while kurtosis serves as a validation screen. Unlike
traditional hard thresholding, this approach prevents
feature loss and achieves highly targeted noise
suppression.

We use envelope kurtosis to quantify fault
features and derive adaptive weight factors for non-
linear signal fusion. Instead of simply adding the
components together—which often yields a poor
signal-to-noise ratio, this weighted approach actively
highlights critical fault impulses and ensures
complete feature preservation. We use envelope
kurtosis to quantify the fault features and create
adaptive weights. By doing this, we can fuse the
feature signals nonlinearly instead of just adding
them up. This avoids the poor SNR that usually
comes with simple reconstruction and makes the key
fault pulses much clearer, keeping the important data
intact.

5. CORE METHOD 2: FAULT
DISCRIMINATION MODULE (FAULT
CLASSIFICATION MODULE)

5.1. Problem statement

Beyond feature enhancement, achieving adaptive
discrimination between various fault types and
operating conditions still remains a significant
challenge. Most current methods lack sufficient
adaptability in complex environments, resulting in
poor recognition accuracy and inadequate
robustness.

5.2. Research content and technical approach

The first path which contains the time and
frequency domain features from above enhancement
module is concatenated together along a new
dimension with the time series feature in order to
form an augmented time-series feature vector, which
serves as the input for the 1D-CNN. This channel
consists of multiple layers of 1D convolutional
kernel for the local time feature. Then, normalization
and ReLU activation are applied, followed by max-
pooling to compress the data while retaining crucial
temporal features. In this step we use max-pooling
layer to extract maximum values from features maps
and to compress them. And then this is composed of
some of the top inputs of this max-pooled output of
a certain feature map.

The second channel extracts the Hilbert time-
frequency spectrum and converts it into a 128x128
image for input into the 2D-CNN. And it will do a
2D convolution many times with different 2D layers
of convoluted kernel to get the space texture spatial
pattern feature map, and then reduce the dimension
with a pooling layer.

For each channel, downsampling is performed,
and the pooled features are fed into a CBAM. Due to
the difference in feature dimensions, Channel 1 uses
a 1D-CBAM, while Channel 2 employs a standard

2D-CBAM. Essentially, CBAM leverages attention
mechanisms to dynamically reweight feature maps,
forcing the model to focus on key features and
boosting representation. For a feature map with
dimensions € X H X W, the CAM first compresses
the spatial dimensions by performing global average
pooling and global maximum pooling. These two
resulting 1D vectors are sent to an MLP, and their
outputs are summed and passed through a Sigmoid
activation function to generate the weights M, .
These weights are then element-wise multiplied with
the original input to produce the feature map F',
which serves as the input for the SAM. Similarly, the
SAM complements the CAM by applying global
average and maximum pooling along the channel
dimension of F'. The two resulting maps are
concatenated and convolved using a single kernel,
then passed through a Sigmoid activation to obtain
the spatial weights M. Finally, these weights are
multiplied with the SAM's input to obtain the final
result of our “modified” and therefore “improved” *
feature map”.

Finally, all the features from all the channels are
combined and passed into the fully connected layer
which performs a non-linear transformation of the
features and then performs the fault classification
through the softmax classifier. The structure of the
fault discrimination module is shown in Figure 3.

5.3. Innovations

Build a dual-channel model that integrates
heterogeneous time-frequency information. Channel
1 uses a 1D-CNN to sense local dynamics, while
Channel 2 employs a 2D-CNN to capture global
spatial patterns in the time-frequency images. This
multimodal complementarity enhances the model's
precision in representing complex, coupled signals.

The CBAM module is used to sharpen the
model’s focus on key fault features. By cascading
CAM and SAM, the network adaptively weights the
feature maps to lock onto fault-sensitive regions
while suppressing any tiny noise remaining after
dual filtering, thereby enhancing overall adaptability
and robustness.

6. EXPERIMENTAL VERIFICATION

6.1. Data Source

To verify whether the above models work well, the
public rolling bearing dataset from Case Western
Reserve University (CWRU) is employed for
experimentation. The dataset contains vibration
signals collected under various working conditions,
including inner race, outer race, and rolling element
faults. The data sets have already been used for
validating the effect of bearing fault diagnosis
method. Our dataset comes from the CWRU Bearing
Data Center’s standard test rig. This setup features a
2 HP motor connected via a coupling to a
dynamometer, which applies varying loads to
simulate real conditions. Single-point faults were
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Fig. 3. Fault discrimination module architecture

introduced to the bearings using electro-discharge
machining. To capture high-frequency vibrations, an
accelerometer with a magnetic base was mounted
vertically at the 12 o'clock position on the Drive End
of the motor housing. All signals were captured
through a 16-channel DAT recorder and post-
processed in Matlab.

To conduct the study, an SKF6205-2RS deep
groove ball bearing was chosen as the sample. The
structural resonance frequency typically excited by
impact-induced faults in this bearing model ranges
from 2 kHz to 5 kHz. Per the Nyquist theorem, the
sampling rate must exceed twice the highest
frequency of interest to fully capture the resonance
bands. While higher rates increase data density, they
also introduce high-frequency environmental noise
and unnecessary computational load without
meaningfully improving accuracy. Therefore, we
selected a 12 kHz sampling frequency, which
adequately supports envelope analysis and feature
extraction. Using 12 kHz also aligns with common
practice for the CWRU dataset, ensuring a fair
comparison between our model and existing
methods under identical data conditions. Moreover,
the experiment was conducted under no-load
conditions (1797 r/min). Vibration signals were
collected across four conditions, including normal,
inner race fault, outer race fault and rolling element
fault. With three fault diameters (0.007, 0.014, and
0.021 inches) for each fault type, the experiment
involves nine fault categories and 1 normal category,
totaling ten classes. To ensure sufficient feature
extraction, we expanded the dataset using
overlapping sampling, collecting 450 samples per
category with a segment length of 2048 points.

6.2. Data processing

Our study involves 10 data categories. We
collected 450 samples per category, each with a
length of 2048 data points. From these, samples were
randomly partitioned into training, validation, and
test sets according to a 7:2:1 ratio. Figure 4 shows
the time-domain waveform diagrams of the raw
vibration signals for four different condition types,
where significant differences between the four
signals can be observed. Taking the inner race fault

with a diameter of 0.014 inches as an example, the
fault features in the waveform are obscured by noise,
which is especially prominent in the mid- to high-
frequency bands. Conversely, the characteristic fault
frequency (162.18 Hz) is located in the low-
frequency band, where its low amplitude and
overlapping spectral lines make it indistinct.
Consequently, the vibration signal is subjected to
VMD-CEEMDAN decomposition. Prior to VMD,
the number of decomposition levels, K, must be
determined. An excessively large K value would
cause over-decomposition [32]. By feeding the raw
data into the model, the optimal number of
decomposition levels was calculated to be K = 4,
and the penalty parameter ¢ was set to its default
value 0of 2000. Applying VMD to the vibration signal
yielded four IMF components and one residual term.
CEEMDAN decomposition was then applied to this
residual, and the time-domain waveforms of the
resulting seven IMF' components and the final
residual are shown in Figure 5.

According to the definition of permutation
entropy, the permutation entropy values were
calculated for each IMF'component obtained from
the VMD-CEEMDAN decomposition of the inner
race fault signal, with a set time delay of T = 2, an
embedding dimension of m = 3, and a signal length
of 2048. The kurtosis of all components was then
calculated using the relevant formula, with the
specific data presented in Table 1. As shown in Table
1, the first component has a high kurtosis, but its
other parameters do not meet the selection criteria.
IMF," has the highest kurtosis, and its other
indicators are within the expected range. The
kurtosis values for components IMF,'and IMF; ‘are
both greater than 3; their permutation entropy values
show minor abrupt changes, and their joint
coefficients are large, indicating that they contain
more complete and rich fault feature information.
Therefore, IMF, ', IMF, ,and IMFj ‘are selected as the
effective components. Using envelope kurtosis as an
adaptive weighting factor, a weighted reconstruction
of IMF,",IMF,’, and IMFs'is performed. The time-
domain and frequency-domain plots of this
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reconstructed signal serve as the feature inputs to the gradually reducing the data length and spatial size
adaptive CNN-CBAM model. through pooling, effectively extracting deep-level
features. In the attention module, the reduction ratio
is 7 = 16, and the spatial attention uses 1D and 2D

gn ’%i "f’W’JWWWMMM;WWMW'W\ kernels of size 7. For fusion and classification, the
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concatenated features are flattened and fed into a
012 ols fully connected layer. To prevent overfitting, we
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0.5, and the final classification is output via a
Softmax layer.
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Table 2. Parameters of the dual-channel CNN-CBAM
Fig. 4. Raw vibration signal waveforms
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Table 2 lists the structural parameters for the CF‘éF 1638 4->< 756 122?
dual-channel CNN-CBAM fault discrimination D p =05 536
module. Channel 1 (ID-CNN) takes a 1 x 2048 FC, 736 x 10 10

input, using a wide 64-size kernel in the first layer
for rapid dimensionality reduction, followed by
stacked 3-size kernels to extract deep temporal
features. Channel 2 (2D-CNN) consistently employs

3x3 kernels. For both channels, the number of A e ;
kernels increases from 16 to 128 (16-32-64-128). prediction results, shown in Figure 6, achieved an
overall accuracy of 99.11%. To further evaluate the

model’s  macro-positioning  capability,  we

For each fault category, 315 samples were used
for training the CNN-CBAM model, 90 for
validation, and the remaining 45 for testing. The

This setup expands the channel depth while



12 DIAGNOSTYKA, Vol. 27, No. 2 (2026)
Feng Z: A study on fault diagnosis for marine machinery bearings based on multimodal fusion and ...

aggregated different damage levels at the same
location to generate a confusion matrix based on
fault position, as illustrated in Figure 7, where the
vertical axis represents the true fault types and the
horizontal axis represents the model-diagnosed fault
types. Figure 7 shows that the classification accuracy
for the inner race fault reached 100%, while the
accuracies for the normal condition, outer race fault,
and rolling element fault were 97.8%, 98.5%, and
99.3%, respectively. Across multiple experiments,
the diagnostic accuracy for inner race faults
consistently exceeded that of outer ring and rolling
element faults, aligning with the findings of Smith et
al. [33]. This is likely because the inner ring rotates
with the main shaft, generating intense amplitude-
modulated impacts that the VMD-CEEMDAN
structure can precisely separate. In contrast, the outer
ring damage points were distributed at the 3, 6, and
12 o'clock; when impacts at the 6 o'clock position
reach the sensor, structural energy attenuation
occurs, leading to lower accuracy. Furthermore,
although the complex transmission path of rolling
element faults makes them harder to diagnose than
inner ring faults, their accuracy still reached 99.3%.
Overall, our method demonstrates high precision in
classifying single fault types within the CWRU
dataset, confirming the model's feasibility.

S50
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Fig. 6. Fault diagnosis confusion matrix
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visualization

To visually examine the classification
performance, we performed a visualization analysis
on the output layer. Figure 8 compares the
visualization results of the input and output layers.
The model effectively separates the 10 classic fault
types. The data points of different types of fault have
no obvious overlap, which indicates that the
classification performance is very good.

The model was trained and then tested on the
same dataset for 100 epochs. The loss curves and the
accuracy of the training and test sets are shown in
Figure 9 and Figure 10, respectively. The model
converges quickly within the first 20 epochs, with
the loss dropping sharply. This demonstrates that the
high-SNR features from VMD-CEEMDAN reduce
the complexity of feature extraction, thereby
accelerating the optimization path for gradient
descent. After 50 epochs, the train/test set accuracy
all stabilize at over 98.0%. More importantly, a
model can have a pretty nice capability already in
identification even though it is trained for less
epochs.

Model Loss Curve

—— Teaining Set
~#— Test Set

h n o o 0 100
Epochs

Fig. 9. Loss function curve
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6.3. Generalization Validation

To verify the model's generalization ability, we
conducted cross-condition experiments using
CWRU samples under different loads. While the
original model was trained on data from the no-load
condition (0 HP, 1797 r/min), it was then tested
against three different conditions: 1 HP (1772 r/min),
2 HP (1750 r/min), and 3 HP (1730 r/min).

Once the model converged on the 0 HP training
set, the network weights were fixed, and the
untrained 1 HP, 2 HP, and 3 HP samples were
directly input for prediction. As the load gap
between the source and target conditions increased,
the accuracy declines, yielding results of 95.1%,
92.9%, and 90.7%, respectively. Although the
accuracy dropped under the largest load gap, it
remained at a high level overall. This suggests that,
thanks to the adaptive modules, the model possesses
robust cross-condition generalization.

6.4. Model Comparison

To further evaluate the proposed multimodal
fusion and two-stage discrimination model, we
compared it with several recent state-of-the-art
methods, as listed in Table 3. While some existing
models achieve exceptional accuracy on ideal, noise-
free datasets, our model maintains high precision
while effectively handling adaptivity and high
environmental noise. Consequently, when faced
with the complex, variable conditions and strong
background noise typical of offshore machinery, the
proposed method offers better engineering
applicability and comprehensive advantages over
most existing models.

7. CONCLUSION AND FUTURE WORKS

To address the difficulties of bearing fault
diagnosis in high-noise environment and the limited
generalization of existing models for offshore
machinery, this study proposes a bearing fault
diagnosis framework based on multimodal fusion
and two-stage discrimination. Unlike traditional
methods that rely on single-signal features or direct
end-to-end deep learning networks, the originality of
this work lies in the " signal demixing-
heterogeneous feature fusion " cascaded processing
chain. Through the synergy of feature enhancement
and multi-channel attention mechanisms, the
model’s robustness under harsh operating conditions
is significantly improved. The main conclusions are
as follows:

1) In the feature enhancement module, a
composite VMD-CEEMDAN de-mixing method
with adaptive envelope kurtosis weighting is
proposed. This approach effectively overcomes
mode mixing and residual noise issues inherent in
traditional decomposition methods. It can precisely
separate and enhance weak fault impact components
within strong background noise, providing high-
quality feature inputs for subsequent diagnosis stage.

2) In the fault discrimination module, a dual-
channel CNN model integrated with the CBAM
attention module is constructed. Compared to single-
channel networks, this model leverages the
multimodal complementarity of time-domain and
time-frequency images. By combining attention
mechanisms to dynamically focus on key feature
regions, it achieves high-accuracy identification
across various fault categories.

3) Although the experimental dataset validates
the effectiveness of this model, several limitations
still remain. First, the two-stage architecture
involves complex signal decomposition and dual-
channel computations; compared to lightweight
models, its higher computational cost poses
challenges for real-time deployment on embedded
edge devices. Second, model training currently relies
on a fairly well-labeled dataset, whereas early-stage
weak fault samples are often scarce in actual
operating conditions. Future research will focus on
the lightweight implementation of the model for
real-time edge deployment, while also exploring
adaptive fault detection in small-sample learning

scenarios to further enhance generalization
performance.
Table 3. Reported studies on the bearing fault
Author(s) Model Dataset Fault Type Accuracy
Kaplan etal. [34]  Signal2Image+LBP Experimental NS, ORF, IRF, BF +Size 100%
setup of authors
Yoo et al. [35] Lite CNN CWRU NS, ORF, IRF, BF 99.97%
TimesBlock and o
Zhou et al. [36] Multi-scale CNN CWRU NS, ORF, IRF, BF 99.0%
Hoang & Kang [37] CNN CWRU NS, ORF, IRF, BF 97.74%
. VMD-
A“ﬂ;ftriggthls CEEMDAN+CNN- CWRU NS, ORF, IRF, BF 99.11%

CBAM
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