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Abstract

Bearings are critical components of modern large-scale rotating machinery, such as wind
turbines, and their operating condition directly affects system safety, reliability, and opera-
tion and maintenance costs. Vibration and current signals reflect the mechanical responses
and electromechanically coupled responses induced by bearing faults, respectively, and
the two modalities differ in their characteristic representations of fault information. When
vibration and current features are fused only once at the end of a network, early comple-
mentary information cannot be incorporated into subsequent feature learning; moreover, a
single-level weighting scheme cannot capture variations in modality contributions across
different samples and feature depths. To address these limitations, a Multi-Scale Feature
Enhancement and Adaptive Fusion Network (MSFEAF-Net) is developed. The network
employs a dual-branch multi-scale residual architecture to extract vibration and current
features, enables early cross-modal interaction through bidirectional cross-attention after
the first residual stage, and enhances the vibration and current modalities using one-
dimensional spatial attention and channel attention, respectively, according to their distinct
feature representations. Subsequently, sample-dependent modality weights are generated
at three feature levels, and a feature pyramid is used to aggregate feature information across
different levels. Finally, parallel multi-scale convolutions and channel–spatial attention are
employed to further refine the features for bearing condition identification. Experimental
results show that MSFEAF-Net achieves a test accuracy of 99.88% on the PU dataset under
conventional operating conditions. Under strong noise at −8 dB, it maintains accuracies of
91.78% and 91.32% on the PU and KAIST datasets, respectively. In the cross-condition task
involving simultaneous variations in rotational speed, torque, and radial load, the model
achieves an accuracy of 92.45%. These results validate the effectiveness of the proposed
method for fault diagnosis under strong noise and complex operating conditions.

Keywords: rolling bearings; fault diagnosis; deep learning; multimodal fusion; attention
mechanism

1. Introduction
As global installed wind power capacity continues to expand and wind turbines

evolve toward higher power ratings and greater structural complexity, their operational
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safety has attracted increasing attention [1]. Rolling bearings are critical supporting compo-
nents in rotating machinery and primarily serve to transmit loads and maintain rotational
accuracy [2]. When localized damage occurs in a bearing, the resulting fault-induced
vibrations may give rise to dynamic eccentricity and alter the generator stator current
response through electromechanical coupling effects, such as unbalanced magnetic pull [3].
If an incipient fault is not detected promptly, the damage may progressively worsen and
potentially affect the normal operation of adjacent components, including the gearbox
and generator [4]. During actual operation, rotational speed, load, and environmental
conditions frequently vary, while signal propagation paths may attenuate incipient fault
features. Therefore, effectively exploiting the complementary information provided by
different sensors has become an important research direction for improving bearing fault
diagnosis under complex operating conditions [5].

Traditional bearing fault diagnosis methods primarily extract time-domain, frequency-
domain, and time–frequency-domain features from vibration [6], current [7], or acoustic
emission signals [8]. To address the nonstationarity of fault-induced impulses and weak
modulation characteristics, empirical mode decomposition (EMD) [9] and wavelet trans-
form (WT) [10] have been employed to decompose signals and extract fault information at
different time scales and within different frequency ranges. He et al. [11] proposed a fault
diagnosis method integrating variational mode decomposition (VMD), energy entropy,
and deep learning. Dong et al. [12] used empirical wavelet transform (EWT) to decompose
signals into multiple frequency components, thereby enhancing feature extraction and
improving the diagnostic input. Yu et al. [13] proposed a method combining the short-time
Fourier transform and synchrosqueezed wavelet transform to integrate time-domain and
frequency-domain information, achieving favorable diagnostic accuracy and robustness
across multiple datasets. These methods can extract physically meaningful fault features
from specific frequency bands or scales, providing an important foundation for bearing
condition identification. However, their diagnostic performance generally depends on
the selection of decomposition parameters, analysis frequency bands, and handcrafted
features. When the rotational speed, load, or noise level changes, preset parameters and
feature combinations may not consistently preserve effective fault information. Moreover,
processing vibration and current signals separately makes it difficult to fully characterize
the complementary relationship between the two types of measurements, thereby limiting
the integrated use of multisource monitoring information.

With the development of deep learning, convolutional neural networks [14], deep
neural networks [15], residual networks [16], long short-term memory networks [17],
and Transformers [18] have been widely applied to the automatic learning of bearing
fault features. Existing studies have mainly followed two directions to improve feature
representation capability. The first expands the local receptive field through multi-scale
convolutions, residual connections, and attention mechanisms. For example, Tang et al. [19]
introduced a dual multi-scale quadratic attention CNN that integrates quadratic neurons
with multi-scale attention, while Liao et al. [20] designed a multi-scale residual network
with an enhanced gated recurrent unit (MSRN-EGRU). The second direction combines
convolutional feature extraction with sequential dependency modeling. For instance, Chen
et al. [21] combined a multi-scale CNN with an LSTM network for multi-frequency fea-
ture extraction; Guo et al. [22] enhanced a CNN–LSTM architecture using an attention
mechanism; and Song et al. [23] employed an improved particle swarm optimization algo-
rithm to optimize the hyperparameters of a CNN–BiLSTM model. In addition, generative
data augmentation and hybrid networks have been used to alleviate class imbalance and
insufficient training data [24]. These methods have improved local feature extraction,
long-range dependency modeling, and diagnostic performance under limited-sample con-
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ditions. However, increasing network depth or stacking general-purpose modules cannot
automatically determine the appropriate stage at which multimodal information should
interact during feature extraction, nor can it clarify how diagnostic contributions should be
allocated between vibration and current features at different network depths.

In addition to network architecture, the compactness, class structure, and separa-
bility of feature representations are important factors affecting diagnostic performance.
Zhao et al. [25] combined dimensionality reduction with graph-based sparse subspace
clustering for rolling bearing fault identification, demonstrating that properly organizing
low-dimensional features while preserving intra-class structure can improve the discrimina-
tion of fault categories. Spirto et al. [26] constructed feature indices characterizing graphical
density, orientation, and curvature from the symmetrized dot patterns of vibration signals
and combined them with a feedforward neural network for rolling bearing fault detection,
further indicating that both effective feature organization and the classification model
influence diagnostic performance. These studies suggest that the evaluation of fault di-
agnosis models should not focus solely on network size and final classification accuracy
but should also examine how intermediate features evolve as they propagate through the
network and assess their class separability. For multimodal networks, it is also necessary
to further investigate how information from different modalities contributes to feature
learning and whether the feature distributions before and after fusion are more conducive
to class discrimination.

To overcome the incomplete information provided by a single signal, multimodal
fault diagnosis methods have attracted increasing attention. Chen et al. [27] employed
spatiotemporal attention to adjust feature responses across different temporal positions
and channels. Yang et al. [28] used a network combining convolution and attention to
achieve deep feature fusion of vibration and current signals. Cui et al. [29] integrated
multimodal feature fusion with marginal and conditional distribution alignment, while Liu
et al. [30] performed feature fusion at different stages through multi-channel adaptation and
multi-domain correlation. Localized bearing damage is typically manifested in vibration
signals as transient impulses with temporal locality, and spatial attention can highlight the
critical positions corresponding to these fault-induced impulses [31]. In contrast, bearing
fault responses in current signals are relatively weak and are susceptible to interference
from the power-supply fundamental frequency, harmonics, and noise. Channel attention
can enhance fault-related channels while suppressing redundant responses [32]. These
studies indicate that, although existing methods can improve the utilization of multimodal
information to some extent, three interrelated issues remain. First, some methods perform
only a single fusion operation, primarily at the end of the network, preventing early
complementary information from contributing to subsequent feature extraction. Second,
the contributions of vibration and current signals to the classification task may vary across
input samples and feature depths, and fusion weights assigned at a single level cannot
adequately characterize such variations. Third, relying solely on the fusion result from the
final level may overlook local impulses, modulation responses, and transitional features
preserved in intermediate layers.

To provide a clearer comparison of the technical contributions and limitations of
existing studies, representative research on bearing fault diagnosis is summarized in terms
of its main contributions and remaining research gaps, as presented in Table 1.
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Table 1. Comparison of representative studies on bearing fault diagnosis.

Representative Studies Research Contributions Research Gaps

He et al. [11] Enhanced the extraction of
nonstationary fault components

Reliance on decomposition parameters and
failure to exploit complementary

multimodal information

Dong et al. [12] and
Yu et al. [13]

Improved multi-scale and
time–frequency feature

representations

Results affected by preprocessing
procedures and parameter selection, with

insufficient cross-modal interaction

Tang et al. [19] and
Liao et al. [20]

Accounted for both local receptive
fields and temporal dependencies

Reliance on a single modality and inability
to characterize variations in modality

contributions

Chen et al. [21], Guo et al. [22],
and Song et al. [23]

Improved sequence modeling and
diagnostic performance under

limited-sample conditions

The stacking of network modules does not
address when multimodal interaction

should occur or how features should be
fused across different levels

Chen et al. [27] and
Yang et al. [28]

Exploited the complementarity
between mechanical and current

responses

Insufficient consideration of fusion levels
and variations in modality weights

Cui et al. [29] and
Liu et al. [30]

Enhanced cross-domain or
multi-stage feature associations

Early cross-modal interaction, hierarchical
dynamic weighting, and multi-level

aggregation have not yet been integrated
into a unified framework

To address the aforementioned research gaps, this study proposes a Multi-Scale Feature
Enhancement and Adaptive Fusion Network (MSFEAF-Net). The primary innovation of
the proposed network lies in its dynamic multimodal fusion mechanism, which is both
sample-dependent and feature-level-dependent. This mechanism enables the network to
adaptively assign the diagnostic contributions of vibration and current signals at different
feature depths, while progressively aggregating the fusion results from multiple levels
through a feature pyramid. The main contributions of this study are summarized as follows:

(1) A dual-branch multi-scale feature extraction and early cross-modal interaction ar-
chitecture is developed. While retaining independent feature-learning pathways for
vibration and current signals, bidirectional cross-attention is introduced after the
first residual stage to incorporate early complementary information into subsequent
feature extraction. Different attention mechanisms are then employed to enhance the
features according to the representational characteristics of the two signals.

(2) A sample-dependent and level-dependent modality fusion method is developed.
Based on each input sample, the network adaptively generates modality weights for
the vibration and current features at different feature levels. A feature pyramid is
subsequently used to aggregate the multi-level fusion results, thereby improving the
utilization of diagnostic information across different levels.

(3) Comprehensive experiments are conducted on the PU and KAIST datasets, including
single-modality and multimodal comparisons, evaluations under different signal-to-
noise ratios, small-sample experiments, module ablation studies, feature visualization,
and cross-operating-condition experiments. These experiments comprehensively
evaluate the diagnostic performance and effectiveness of the proposed network under
different conditions.

The rest of this paper is structured as follows. Section 2 explains the necessary the-
oretical background. Section 3 clarifies the detailed network modules of MSFEAF-Net.
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Section 4 provides the experimental tests and discusses the results. Lastly, Section 5 brings
the conclusion and gives future study paths.

2. Theoretical Foundations
2.1. One-Dimensional Convolutional Neural Network

As a classic deep learning architecture, convolutional neural networks (CNNs) rely
on local receptive fields and shared weights. They work exceptionally well for image
recognition and time-series analysis [33], its network architecture is illustrated in Figure 1.
In rotating machinery health monitoring, both vibration and current signals constitute
typical one-dimensional sequences; consequently, the adoption of a 1D-CNN can effectively
extract their local temporal features.

Figure 1. Architecture of the one-dimensional convolutional neural network.

For any sequential input vector x(t), Equation (1) defines the standard 1D convolu-
tion processing:

y(t) =
k−1

∑
i=0

x(t + i) · w(i) + b (1)

where w(i) represents the filter parameter matrix, while k and b signify the window length
and bias value, respectively.

After the convolution operation, the ReLU activation function is applied to nonlinearly
map the convolution output, which can be expressed as

z(t) = σ(y(t)) = max(0, y(t)) (2)

where σ(·) denotes the ReLU activation function, and z(t) represents the activated out-
put feature.

By sliding convolutional kernels over the input signal to perform local weighted
summation, a one-dimensional convolutional neural network can extract characteristic
patterns within different temporal windows.

2.2. Residual Network

As the network depth increases, conventional CNNs are susceptible to vanishing
gradients or performance degradation. To alleviate this issue, the residual network (ResNet)
introduces skip connections to implement identity mappings, thereby enabling the network
to learn residual functions rather than direct mappings [34]; its network architecture is
illustrated in Figure 2. Its fundamental form can be mathematically expressed as

y = F(x) + x (3)

where F(x) denotes the residual mapping function, and x represents the input features.
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Figure 2. Architecture of the residual network.

The residual mapping function can also be expressed as the difference between the
target mapping and the input features:

F(x) = H(x)− x (4)

where H(x) denotes the target mapping to be learned by the network.
This architecture effectively alleviates the training difficulties of deep networks while

preserving raw signal information, which is of paramount significance for identifying weak
fault features.

2.3. Convolutional Block Attention Module

The convolutional block attention module (CBAM) is a lightweight adaptive attention
mechanism that can achieve adaptive feature enhancement and irrelevant feature sup-
pression from both channel and spatial dimensions [35]. This module is composed of two
sub-modules connected in series: the channel attention and spatial attention modules, and
its overall network architecture is illustrated in Figure 3.

Figure 3. Architecture of the convolutional block attention module (CBAM).

The channel attention module computes the importance weights of individual chan-
nels by modeling inter-channel dependencies. Specifically, global average pooling and max
pooling are first applied to the input feature map to derive two distinct channel descriptors.
Subsequently, a channel attention map is generated by routing these descriptors through a
shared multi-layer perceptron (MLP) and a sigmoid activation function. Concurrently, the
spatial attention module focuses on the salient regions within the feature maps. To this end,
average pooling and max pooling operations are executed along the channel dimension
on the channel-refined features. The resulting two feature maps are then concatenated
and processed through a 7 × 1 convolution and a sigmoid function to generate the spatial
attention map. By sequentially cascading these two stages of attention, the CBAM achieves
a comprehensive and refined calibration of features. Its complete operational workflow can
be mathematically formulated by Equations (5) and (6).

F′ = F
⨂︂

Mc(F) (5)
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F′′ = Ms
(︁
F′)︁⨂︂ F′ (6)

where
⨂︁

denotes element-wise multiplication, Mc(F) represents the intermediate feature
representation scaled by channel attention, and Ms

(︁
F′)︁ signifies the final feature represen-

tation refined by spatial attention.
Through the aforementioned workflow, the CBAM effectively enhances the discrimi-

native power of features. Furthermore, its plug-and-play characteristic facilitates seamless
integration into existing networks, thereby significantly bolstering model performance in
tasks such as fault diagnosis.

2.4. Transformer Model

The Transformer framework operates primarily on self-attention mechanisms. Through
global feature modeling, it handles long-range sequence dependencies with high effi-
ciency [36]; its basic architecture is illustrated in Figure 4. Its fundamental paradigm
revolves around computing correlation scores among different positions within a sequence
to achieve the adaptive, weighted fusion of features. Specifically, given an input feature
sequence, it is first mapped into Query (Q), Key (K), and Value (V) matrices via linear pro-
jections. The corresponding self-attention weight calculation is mathematically formulated
as shown in Equation (7):

Attention(Q, K, V) = Softmax

(︄
QKT
√

dk

)︄
V (7)

where dk denotes the dimension of the key vectors, and
√

dk serves as the scaling factor.

Figure 4. Architecture of the Transformer network.

Through the aforementioned computation, the feature representation at each indi-
vidual position can comprehensively integrate information from all positions within the
sequence, thereby achieving global dependency modeling. Compared with conventional
convolutional or recurrent structures, the self-attention mechanism can capture long-range
dependent features with superior efficiency.

To further elevate the representation capacity of the model, the Transformer incorpo-
rates a multi-head attention mechanism. By configurationally deploying multiple attention
heads in parallel, this mechanism projects the input into distinct representation subspaces to
perform feature learning, thereby enhancing the model’s capability to characterize complex
patterns. The overall mathematical expression of the multi-head attention is formulated as
shown in Equation (8):

MultiHead(Q, K, V) = Concat(head1, head2, . . . , headh)WO (8)

where h denotes the number of attention heads, and WO represents the output projec-
tion matrix.
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Through this multi-head architecture, the model is capable of extracting complemen-
tary information from diverse representation subspaces, thereby enriching the feature
representation with enhanced diversity and comprehensiveness.

Equations (1)–(8) describe the fundamental operations of convolution, residual map-
ping, CBAM, and the Transformer adopted in this study, respectively, with their theoretical
foundations provided in Refs. [33–36]. The characteristics and functions of these four basic
network modules are summarized in Table 2.

Table 2. Characteristics and functions of the basic network modules.

Module Core Architecture Key Characteristics Source

1D-CNN Local convolution and
weight sharings

Extracts local temporal patterns with
relatively low computational cost Ref. [33]

ResNet Residual mapping and skip
connections

Alleviates degradation in deep
networks while preserving the

original information
Ref. [34]

CBAM Channel attention and
spatial attention

Recalibrates features along the
channel and temporal-position

dimensions
Ref. [35]

Transformer Self-attention and
multi-head attention

Models long-range dependencies
and cross-sequence relationships Ref. [36]

3. Design of the MSFEAF-Net Model
3.1. Overall Framework of the MSFEAF-Net Model

To address the limitations that a single fusion operation at the end of the network
cannot effectively exploit early complementary information and that single-level weighting
cannot capture variations in modal contributions across different samples and feature
depths, this study proposes a multi-scale feature enhancement and adaptive fusion net-
work (MSFEAF-Net), whose overall architecture is illustrated in Figure 5. MSFEAF-Net
is a complete diagnostic model composed of multiple functional modules connected se-
quentially. These modules are not independent models used for comparison; instead, they
perform distinct tasks, including feature extraction, cross-modal enhancement, within-level
modality fusion, cross-level feature aggregation, and feature selection before classification.
First, the vibration and current signals are separately fed into a dual-branch multi-scale
residual network, where one-dimensional convolutions at different scales extract local
temporal features, while residual structures ensure the stability of deep feature learning.
The feature enhancement module is placed only after the first multi-scale residual block
(MSRB1). It employs self-attention and bidirectional cross-attention to capture intra-modal
dependencies and cross-modal complementary relationships, respectively, and then ap-
plies one-dimensional spatial attention and channel attention to enhance the vibration and
current features. The two enhanced feature streams are subsequently passed through the
remaining MSRBs for further feature extraction. At the 128-, 256-, and 512-channel levels,
the dynamic feature fusion module generates fusion weights for the two modalities based
on each input sample through global average pooling, feature concatenation, a two-layer
fully connected mapping, and softmax normalization, thereby achieving sample-dependent
and level-dependent feature weighting. Subsequently, the multi-scale feature pyramid
aggregates the fusion results from the three levels along a deep-to-shallow pathway. Finally,
the adaptive feature selection module refines the fused features through parallel multi-scale
convolutions and joint channel–spatial attention, after which the classifier outputs the
bearing condition. By sequentially integrating early cross-modal interaction, hierarchical
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modality weighting, and cross-level feature aggregation, the proposed network enables
complementary information from different stages to contribute jointly to fault identification.

Figure 5. Overall architectural framework of the MSFEAF-Net model.

3.2. Dual-Branch Multi-Scale Residual Feature Extraction Module

This study constructs a dual-branch multi-scale residual feature extraction network
with identical branch architectures but independently learned parameters to effectively
extract features from bearing vibration and current signals. The network takes one-
dimensional temporal vibration and current signals as inputs and first maps each single-
channel signal to a 64-channel feature representation through an initial convolutional block.
Each branch then consists of four stacked multi-scale residual blocks (MSRBs), with output
channel dimensions of 64, 128, 256, and 512, respectively. The detailed network architecture
is shown in the lower-left corner of Figure 2. The identical branch architectures ensure
that the two modalities have corresponding feature levels, whereas the use of non-shared
parameters enables each branch to independently learn feature representations from its
respective input signal. Specifically, the input feature matrix of the l-th MSRB can be
mathematically formulated as

Fl
in ∈ RCin×Lin (9)

where Cin and Lin denote the number of input channels and the sequence length,
respectively.

To comprehensively capture the high-frequency transient impulses excited by diverse
faults and the low-frequency electromagnetic fundamental wave characteristics, the module
deploys four different scales of convolutional kernels (K ∈ {1, 3, 5, 7}) in parallel. For the
k-th parallel scale branch, the feature transformation can be mathematically expressed as
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https://doi.org/10.3390/machines14101143


Machines 2026, 14, 1143 10 of 29

Fl
k = σ

(︂
fBN

(︂
fk×1
Conv

(︂
Fl

in

)︂)︂)︂
, k ∈ {1, 3, 5, 7} (10)

where fk×1
Conv(·) denotes the 1D convolution operation with a kernel size of k and a stride of 1;

fBN(·) represents the Batch Normalization operator; and σ(·) signifies the ReLU non-linear
activation function.

Specifically, adaptive padding is applied to all branches to keep the output dimensions
equal to the input length. Subsequently, the four feature matrices embedding distinct
receptive fields are concatenated along the channel dimension, and this concatenation
process can be mathematically expressed as

Fl
concat = Concat

(︂
FL

1 , FL
3 , FL

5 , FL
7

)︂
∈ R4Cmid×Lin (11)

Because the number of feature channels expands fourfold after concatenation, a 1 × 1
1D convolutional layer is introduced to compress the channel dimensionality, thereby
facilitating cross-channel information interaction:

Fl
fusion = f1×1

Conv

(︂
Fl

concat

)︂
∈ RCout×Lin (12)

Finally, to safeguard gradient stability during deep forward propagation, the fused
multi-scale features are element-wise aggregated with the identity mapping from the
shortcut branch, yielding the ultimate output representation of the MSRB:

Fl
out = Fl

fusion + Hshortcut

(︂
Fl

in

)︂
(13)

where Hshortcut denotes the dimensionality alignment operator. When Cin = Cout, this oper-
ator serves as an identity mapping; when the number of channels changes (i.e., Cin ̸= Cout),
the operator employs a 1D convolution to perform a linear projection, thereby achieving
channel alignment.

From a macroscopic perspective, as the network depth increases, the four MSRBs
within the dual branches adopt a channel-incremental stacking strategy, where the number
of feature channels expands from 64 to 128, 256, and 512 sequentially. To maximize the
utilization of information complementarity across different network hierarchies, this paper
designs a unique layer-wise shunting and extraction mechanism. Instead of simple spatial
concatenation, the outputs of MSRB2, MSRB3, and MSRB4 serve as shunting nodes for
multi-scale features, vertically routing characteristics from diverse levels into the multi-scale
dynamic feature fusion architecture:⎧⎪⎨⎪⎩

FDFFM,128 = F2
out ∈ R128×L2

FDFFM,256 = F3
out ∈ R256×L3

FDFFM,512 = F4
out ∈ R512×L4

(14)

where FDFFM,128, FDFFM,256 and FDFFM,512 represent the low-level waveform features, mid-
level localized impulse characteristics, and high-level global fault information dispatched
to the dynamic feature fusion modules DFFM128, DFFM256, and DFFM512, respectively.

This hierarchically extracted, multi-scale feature output mechanism not only preserves
the subtle transient fault abruptions captured by the shallow network, but also integrates
the highly discriminative insights from the deep network. This mechanism significantly
enhances the model’s anti-interference robustness under complex operating conditions and
heavy background noise.
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3.3. Feature Enhancement Module

A feature enhancement module (FEM) is designed, and its specific network architec-
ture is illustrated in the upper dashed box of Figure 2. Adopting a twin-stream symmetrical
architecture, this module first utilizes 1D convolutional projection layers to uniformly
map the dual-branch features into 256-dimensional feature sequences, thereby eliminat-
ing dimensional heterogeneity. Concurrently, 1D sine-cosine positional encodings are
introduced to dynamically embed temporal information. Subsequently, the dual-branch
encoded sequences are routed into a cross-modal Transformer encoder. Within this encoder,
self-attention mechanisms are first employed to establish intra-modal long-term sequential
dependencies, generating their respective Query, Key, and Value matrices. Following
this, the feature matrices from both branches enter the core interaction layer to undergo
deep non-linear interaction, wherein bidirectional cross-attention is executed to fully mine
fault-related cross-modal dynamic correlations. Finally, residual connections and layer
normalization (LN) are applied to effectively suppress deep network degradation. The
layer-wise evolutionary formulas are mathematically expressed as follows:

Ẑv = fLN

(︄
Zv + Softmax

(︄
QvK⊤

c√
dk

)︄
Vc

)︄
(15)

Ẑc = fLN

(︄
Zc + Softmax

(︄
QcK⊤

v√
dk

)︄
Vv

)︄
(16)

where fLN(·) denotes the layer normalization operator, and
√

dk represents the scaling factor.
After intermediate feature alignment, the output feature sequences are restored to their

original channel dimensions through a one-dimensional convolutional back-projection
layer (Convolutional Back Projection). Subsequently, considering the differences in the
formation mechanisms and feature manifestations of fault information in vibration and
current signals, a modality-specific attention enhancement mechanism is introduced at
the end of the module. Specifically, one-dimensional spatial attention is applied to the
vibration branch, whereas channel attention is applied to the current branch.

After propagating through the mechanical structure, transient impulses generated
by localized bearing damage typically appear as local peaks or damped oscillations at
specific temporal positions in the vibration sequence, and their discriminative information
exhibits strong temporal locality. Therefore, the vibration branch employs one-dimensional
spatial attention to enhance critical impulse locations while suppressing responses from
irrelevant temporal regions. In contrast, bearing faults affect the stator current through
electromechanical coupling effects, including dynamic eccentricity, unbalanced magnetic
pull, and torque fluctuations. The resulting fault-related modulation components have
relatively low amplitudes and can be easily masked by the power-supply fundamental
frequency, harmonics, and noise. After multi-channel convolutional mapping, this fault
information can be represented by the combined responses of different latent feature
channels. Therefore, the current branch employs channel attention to recalibrate the
relative contributions of the latent channels. Based on the temporal locality of vibration
fault information and the differentiated responses of current fault information across latent
channels, this modality-specific configuration enhances effective information along the
temporal-position and feature-channel dimensions, respectively. The specific formulations
are mathematically expressed as

Mv(F) = Hv ⊗ σ
(︂

f7×1
Conv

(︁[︁
fAvg(Hv); fMax(Hv)

]︁)︁)︂
(17)

Mc(F) = Hc ⊗ σ
(︁
fMLP

(︁
fAvg(Hc)

)︁
+ fMLP(fMax(Hc))

)︁
(18)
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where ⊗ denotes element-wise multiplication,σ(·) signifies the sigmoid activation function,
fAvg(·) and fMax(·) represent the average pooling and max pooling operators along the
channel or spatial dimension, respectively, and fMLP(·) corresponds to the shared multi-
layer perceptron mapping.

After modality-specific attention enhancement, the enhanced vibration and current
features are fed into the subsequent multi-scale residual blocks, allowing early cross-modal
information to contribute to feature extraction at later levels and thereby providing highly
discriminative feature representations for the subsequent multi-scale dynamic feature
fusion module (DFFM).

3.4. Dynamic Feature Fusion Architecture

The contributions of different modalities to the diagnostic task are affected by the
fault category, operating condition, and signal quality, and may also vary with network
depth. Performing only a single feature concatenation before the classifier or applying
identical fusion coefficients to all samples cannot adequately capture these differences.
Therefore, a Dynamic Feature Fusion Module (DFFM) is deployed at each of the three
feature levels with 128, 256, and 512 channels to generate corresponding modality weights
based on the feature representations of the current input sample. A multi-scale feature
pyramid is subsequently employed to aggregate the fusion results from the three levels.
This architecture handles same-level modality fusion and cross-level feature aggregation
separately, as illustrated in Figure 2.

First, global average pooling is applied to the enhanced current and vibration features,
compressing each channel along the temporal dimension into a single statistical value. The
resulting features are then concatenated so that the global descriptors of both modalities
jointly serve as the input for weight generation. Consequently, the weight assigned to one
modality is determined not only by its own features but also by the current response of the
other modality. This process can be expressed as follows:

G = Concat(Gv, Gc) (19)

The concatenated features are mapped to two modality-specific scores through a
two-layer fully connected network and then normalized using the softmax function:

α = W2δ(W1G + b1) + b2 (20)

α = [αv,αc] (αv + αc= 1) (21)

where W1, W2, b1 and b2 are learnable parameters used for weight generation, and δ

denotes the nonlinear activation function; αv and αc represent the vibration and current
weights assigned to the current sample at this feature level, respectively.

Finally, the generated modality weights are used to scale the two feature streams,
and the fused feature at the current level is obtained through element-wise weighted
summation. The resulting level-specific fused feature can be expressed as

Ffusion = αv · F′
v + αc · F′

c (22)

On this basis, to fully exploit the complementary information available at different fea-
ture depths, a multi-scale feature pyramid module (MSFPM) is introduced to progressively
integrate heterogeneous fused features along a deep-to-shallow pathway. As shown in the
orange region of Figure 2, the MSFPM first applies linear interpolation upsampling to the
512-channel deep features and concatenates them with the 256-channel impulse features
at the corresponding node. Following the two-stage upsampling process, the resulting
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composite features are further aggregated with the 128-channel shallow time-domain
waveform features. Finally, the high-dimensional multi-scale representation is processed
by a one-dimensional convolutional layer (Conv1d) for channel balancing and feature
smoothing, and the resulting pyramid-smoothed feature (Fpyramid) can be expressed as

Fpyramid = σ
(︂

fBN

(︂
f1×1
Conv1D

(︂
F128

cat

)︂)︂)︂
∈ RCout×L128 (23)

This pyramid fusion mechanism preserves the class-level semantics of the deep fea-
tures while supplementing them with local impulses, modulation responses, and transi-
tional information retained in the shallow and intermediate layers. The resulting multi-scale
aggregated features are then fed into the adaptive feature selection module for further
refinement before classification. The principal improvement of this study lies in deploying
input-dependent modality weighting at multiple feature levels and combining it with a
feature pyramid to aggregate the fusion results from each level, thereby reducing the loss
of intermediate information caused by performing only a single fusion operation at the end
of the network.

3.5. Adaptive Feature Selection Module

After dynamic modality fusion and feature pyramid aggregation, the output features
contain information from both different modalities and different network depths. However,
cross-level concatenation and convolutional integration may retain redundant responses
and features that are only weakly relevant to the classification task. To further refine the
fusion results, this study constructs an Adaptive Feature Selection Module (AFSM). As
illustrated in the green-shaded region on the right side of Figure 2, this module is deployed
downstream of the feature pyramid smoothing layer, and its front-end core consists of
parallel 1D convolutional layers with four distinct scales (1 × 1, 3 × 1, 5 × 1, 7 × 1). Upon
injecting the smoothed and calibrated pyramid features into this layer, spatial reconstruction
and multi-scale adaptive filtering are performed through these 1D convolutional layers
embedding diverse receptive fields, thereby achieving the preliminary spatial screening of
fault features. This spatial evolutionary process can be mathematically formulated as

Fsc = ∑
k∈{1,3,5,7}

σ
(︂

fBN

(︂
fk×1
Conv

(︂
Fpyramid

)︂)︂)︂
∈ RC×L (24)

where fk×1
Conv(·) denotes the 1D convolution operator of the k-th scale, while fBN(·)

and fBN(·) represent the batch normalization layer and the ReLU non-linear activation
function, respectively.

Subsequently, the aggregated features are fed into the convolutional block attention
module (CBAM), in which the channel attention submodule adaptively emphasizes fault-
related feature channels, while the spatial attention submodule precisely captures key
temporal segments containing transient impulses. After being screened by the CBAM, the
features are fused and transformed into a 1D global discriminative vector. This vector is
then fed into a fully connected (FC) layer to undergo deep non-linear mapping, maximizing
the spatial separability among different fault categories, and is ultimately processed by the
classifier to yield precise and intelligent diagnostic results. In summary, the AFSM effec-
tively eliminates information redundancy and preserves high-purity fault characteristics,
ensuring high diagnostic accuracy and robust stability of the model under environments
characterized by heavy noise and complex operating conditions.
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4. Experimental Verification and Discussion
4.1. Experimental Setup
4.1.1. Dataset Description

This paper uses the Paderborn University (PU) dataset [37] and the Korea Advanced
Institute of Science and Technology (KAIST) dataset [38] to experimentally validate the
MSFEAF-Net.

PU Dataset: The dataset utilized in this study originates from the KAT Data Center
at Paderborn University in Germany. It primarily encompasses real damages induced by
drilling, manual electric engraving, electrical discharge machining (EDM), and accelerated
life tests, which can effectively simulate actual bearing fault operating environments. The
experimental platform for the PU dataset is illustrated in Figure 6, where the collected
signals comprise both vibration and current sequences. The test rig captured normal and
fault data under bearing operating conditions for a duration of 4 s at a sampling frequency
of 64k Hz. Table 3 lists the specific settings for individual test conditions. Artificial defects
often lack realistic signatures. Therefore, we use actual fatigue wear from the hardware rig.
These real-world samples provide a better platform to verify our model. The comprehensive
fault types and relevant parameters are listed in Table 4, which includes seven accelerated
life test damaged bearing samples and one healthy bearing sample, with each sample
possessing corresponding vibration and current signal segments.

Figure 6. Experimental test rig for the Paderborn University (PU) bearing dataset.

Table 3. Operating Condition Parameters of the PU Dataset.

Conditions Rotational
Speed/rpm

Load
Torque/Nm Radial Force/N Name

1 900 0.7 1000 N09_M07_F10
2 1500 0.7 1000 N15_M07_F10
3 1500 0.1 1000 N15_M01_F10
4 1500 0.1 400 N15_M01_F04

Table 4. Description of Fault Categories and Sample Configurations in the PU Dataset.

Label Code Fault Type Fault Feature Level

0 K001 Normal - 0
1 KA04 OR Single 1
2 KA16 OR Repetitive 2
3 KB23 OR and IR Multiple 2
4 KI14 IR Multiple 1
5 KI16 IR Single 3
6 KI18 IR Single 2
7 KI21 IR Single 1

KAIST Dataset: This dataset is provided by the Human Lab at the Center for Noise
and Vibration Control Plus, Korea Advanced Institute of Science and Technology (KAIST).
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It primarily encompasses rotating machinery operating environments simulated through
artificially seeded cracks of varying sizes, shaft misalignment, and rotor unbalance. The
layout of the experimental platform for the KAIST dataset is illustrated in Figure 7, where
the acquired multi-sensor signals comprise vibration, acoustic, temperature, and motor cur-
rent sequences. Operating at a constant rotational speed of 3010 RPM, the test rig captured
normal and fault data of vibration and current at a sampling frequency of 25.6k Hz. The
detailed parameters for each operating condition are tabulated in Table 5. The data acquisi-
tion durations for the healthy and faulty states are 120 s and 60 s, respectively. Compared
with datasets containing only a single operating condition, this dataset introduces different
load gradients of 0 N·m, 2 N·m, and 4 N·m, which effectively reflect the real-world load
fluctuation challenges in industrial fields. Consequently, it is highly suitable for evaluating
the performance of multimodal fusion fault diagnosis algorithms. The comprehensive fault
types are listed in Table 6, which covers multiple operational states including healthy state,
inner ring fault, outer ring fault, shaft misalignment, and rotor unbalance. Crucially, each
sample provides precisely synchronized multi-sensor signal segments.

Figure 7. Configuration and sensor layout of the KAIST experimental test rig.

Table 5. Operating Condition Parameters for the KAIST Dataset.

Conditions Rotational Speed/rpm Load Torque/Nm

1 3010 0
2 3010 2
3 3010 4

Table 6. Description of Fault Categories and Sample Configurations in the KAIST Dataset.

Label Code Fault Type Crack Size (mm)

0 N Normal 0
1 OR-03 OR 0.3
2 OR-10 OR 1
3 OR-30 OR 3
4 IN-03 IR 0.3
5 IN-10 IR 1
6 IN-30 IR 3
7 Misalign Shaft Misalignment 0
8 Unbalance Rotor Unbalance 0

To provide an intuitive understanding of the typical operating states considered in this
study, Figure 8 presents schematic illustrations of the healthy state, inner-race fault, outer-
race fault, shaft misalignment, and rotor unbalance. Under the healthy state, no evident
structural abnormalities are present in the bearing raceways or the rotating system. Inner-
and outer-race faults are primarily characterized by localized damage to the corresponding
raceways, which tends to generate periodic impacts during operation. Shaft misalignment
refers to an angular or positional deviation between the rotational centerlines of the driving
and driven shafts, whereas rotor unbalance is caused by an offset between the rotor mass
center and its rotational axis.
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Figure 8. Schematic illustrations of five typical states of the rolling bearing and rotating system.
(a) Healthy state; (b) inner-race fault; (c) outer-race fault; (d) shaft misalignment; (e) rotor unbalance.

4.1.2. Experimental Environment

We ran all tests under a unified environment to guarantee reproducible outputs.
The hardware system runs on Windows 10 with an Intel i9-10900X CPU and 128 GB of
RAM. An NVIDIA GeForce RTX 4070 GPU (12 GB VRAM; NVIDIA Corporation, Santa
Clara, CA, USA) accelerates the computations. For software, we selected Python 3.8
and PyCharm IDE 2024.2.4. The deep learning framework is implemented based on
PyTorch 2.0, which is integrated with CUDA 11.7 to fully leverage the GPU for parallel
computational acceleration.

4.1.3. Training Strategy

To thoroughly evaluate the performance of the proposed MSFEAF-Net model, a
comprehensive end-to-end training strategy is developed, spanning the entire pipeline
from raw signal acquisition to the final diagnostic evaluation. Initially, synchronous
vibration and current signals are captured from the bearing test rig. Subsequently, artificial
background noise is superimposed onto the raw signals, and all noisy samples are further
subjected to segmentation, labeling, and normalization. During the data preprocessing
stage, the overlapping sliding window technique is implemented individually for the
vibration and current sequences, with a window size of 2048 and a stride of 1024. The
segmented samples are then partitioned into training, validation, and testing subsets
according to a strict ratio of 7:2:1. Consequently, the number of samples per health category
is configured as 240 for the PU dataset and 200 for the KAIST dataset. To guarantee a
rigorous and fair benchmark comparison, identical hyperparameter profiles are applied
across all comparative models. During training, the training set updates the network
parameters. Concurrently, we evaluate the validation set at each epoch. This monitoring
helps avoid potential overfitting. We choose the cross-entropy loss function for multi-class
classification. After training, we save the checkpoint with the best validation accuracy.
Finally, the testing set provides a systematic evaluation of the trained model. The detailed
hyperparameter configurations designated for network training are summarized in Table 7.

Table 7. Hyperparameter Configurations.

Parameter Value

Initial Learning Rate 0.00001
Minimum Learning Rate 0.000001

Batch size 16
Optimizer AdamW

Epochs 100
Dropout 0.5

4.2. Comparative Study

Next, we execute comprehensive comparative trials on both the PU and KAIST
datasets. These investigations confirm the validity and superiority of our framework.
To ensure a rigorous and unbiased benchmark, all comparative models share identical
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profiles regarding data partitioning, input sequence length, training epochs, optimizer con-
figurations, and evaluation metrics. Each method is executed independently for 10 trials,
with the average results reported to mitigate the stochastic effects induced by random
initialization and sample perturbations. Tailored to the diagnostic tasks of this study, five
representative deep learning frameworks are selected as comparative baselines. To facilitate
an intuitive comparison of the network architectures of the models evaluated in the experi-
ments, Table 8 lists their main components in the order of feature extraction, feature fusion,
and classification output. The arrows indicate the direction of feature propagation through
the network, and the number preceding each module denotes the number of times that
module is repeated. Only the key modules that account for structural differences among the
models are retained in the table to prevent excessive parameter details from obscuring the
comparison. Specifically, the baselines encompass the following variants: MSFEAF-Net-V,
a variant utilizing solely vibration signal inputs to benchmark the diagnostic capacity of
a single vibration modality; MSFEAF-Net-C, a variant taking exclusively current signal
inputs to quantify the tracking performance of a single electrical modality; ResNet, a dual-
branch network employing fixed-scale residual blocks for cross-modal feature extraction,
which completes modality fusion via straightforward vector concatenation for fault identi-
fication; FEMFN [39], a framework implementing a dual-branch Res-CBAM architecture
to carry out feature extraction and subsequent screening for fault recognition; and MSF-
DFormer [40], an advanced architecture executing multi-sensor fusion diagnosis by virtue
of multi-scale convolutions, adaptive dense fusion, and a deformable Transformer. The
aforementioned benchmarks span diverse methodology paradigms, including uni-modal
modeling, conventional feature concatenation, multimodal attention-guided fusion, and
Transformer-based integration, thereby facilitating a holistic validation of the performance
edges of the proposed method.

Table 8. Experimental Model Network Structure.

Experimental Model Network Structure

MSFEAF-Net-V Conv1d + BN + ReLU + MaxPool → 4 × MSRB → Fusion → Upsampling +
Fusion → MC + CBAM → AvgPool → FC + Dropout → FC

MSFEAF-Net-C Conv1d + BN + ReLU + MaxPool → 4 × MSRB → Fusion → Upsampling +
Fusion → MC + CBAM → AvgPool → FC + Dropout → FC

ResNet Conv1d + BN + ReLU + MaxPool → 4 × RB → AvgPool → Flatten → Concat →
FC + BN + ReLU + Dropout → FC

FEMFN
Conv1d + BN + ReLU + MaxPool → 3 × ResCBAM → Cross-attention + SE +

Residual → AMF → Upsampling → Concatenation → PC + CA → AvgPool → FC
+ Dropout → FC

MSF-DFormer MSRB + BN + ReLU + SCRM + SFFM → Upsampling + Weight + Fusion →
Transformer → AvgPool → FC + Dropout → FC

MSFEAF-Net Conv1d + BN + ReLU + MaxPool → 4 × MSRB → Transformer + CBAM → Fusion
→ Upsampling + Fusion → MC + CBAM → AvgPool → FC + Dropout → FC

Note: FC stands for Fully Connected layer; MC corresponds to Multi-scale Convolution; C indicates
Channel; AMF represents Adaptive Multimodal Fusion; PC denotes Parallel Convolution; CA refers
to Channel Attention; RB signifies Residual Blocks; SCRM denotes Spatial-Channel Reorganization
Module; and SFFM represents Sensor Feature Fusion Module.

4.2.1. Comparative Analysis of Multimodal Fusion

To verify the diagnostic performance of the proposed MSFEAF-Net under baseline
operating scenarios, multimodal fusion comparative experiments are first executed under
the first operating condition of the PU dataset. As illustrated in Figures 9 and 10, for the
uni-modal variants, the accuracy curve of MSFEAF-Net-V exhibits a rapid initial ascent
and asymptotically stabilizes in the later stages, accompanied by a swift convergence of the
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loss curve. This implies that the single vibration modality intrinsically possesses substan-
tial diagnostic capability. Conversely, MSFEAF-Net-C exhibits a sluggish growth rate in
accuracy with pronounced fluctuations, and its loss reduction is insufficient, demonstrating
that the diagnostic performance is relatively deficient when relying solely on the current
modality. Regarding the multimodal comparative frameworks, the accuracy curves of
ResNet, FEMFN, and MSF-DFormer all experience a prompt rise before entering a steady
state, while their corresponding losses decrease monotonically, demonstrating that multi-
modal fusion can effectively enhance the diagnostic efficacy. In comparison, the proposed
MSFEAF-Net delivers the steepest ascent in accuracy, achieves the most stable convergence,
and exhibits the most thorough and well-behaved loss decay in the later training phases.

Figure 9. Accuracy Curve. (a) MSFEAF-Net-V; (b) MSFEAF-Net-C; (c) ResNet; (d) FEMFN;
(e) MSF-DFormer; (f) MSFEAF-Net.

Figure 10. Loss Curve. (a) MSFEAF-Net-V; (b) MSFEAF-NetC; (c) ResNet; (d) FEMFN; (e) MSF-
DFormer; (f) MSFEAF-Net.
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As shown in Figure 11, MSFEAF-Net achieves the highest ultimate testing accuracy of
99.88%, which indicates its superior proficiency in mining the complementary information
between vibration and current signals, thereby yielding the optimal diagnostic perfor-
mance. Compared with related studies under the same experimental conditions, FEMFN
and MSF-DFormer achieve test accuracies of 98.11% and 97.92%, respectively, whereas
MSFEAF-Net achieves 99.88%, representing improvements of 1.77 and 1.96 percentage
points, respectively. Compared with existing methods, the proposed approach enables
more effective exploitation of the complementary information contained in vibration and
current signals through early cross-modal interaction, hierarchical dynamic weighting, and
multi-level feature aggregation. These findings firmly demonstrate that the rational cross-
modal interaction and adaptive fusion strategy embedded in MSFEAF-Net can effectively
bolster both the accuracy and stability of rolling bearing fault diagnosis.

Figure 11. Bar Chart of Test Accuracy.

4.2.2. Comparative Analysis Under Diverse Signal-to-Noise Ratios

We evaluate network robustness across harsh noise scenarios. For this purpose, dif-
ferent levels of white Gaussian noise are mixed into the original PU and KAIST signals.
This generates diverse noisy benchmarks for anti-noise validation. The SNR levels are
specifically designated as −2 dB, −4 dB, −6 dB and −8 dB to simulate real-world industrial
scenarios where sensor signals are heavily contaminated by background noise. All compar-
ative models are executed repeatedly for 10 trials under identical experimental conditions,
with the average accuracy captured as the final metric. As tabulated in Table 9 and Figure 12,
with the progressive decrease in SNR, the classification accuracies of all models exhibit vary-
ing degrees of degradation, which indicates that intense noise significantly distorts fault
feature expressions and exacerbates the difficulty of classification. Nevertheless, compared
with other benchmarking methods, the proposed MSFEAF-Net consistently maintains the
highest or near-highest diagnostic precision across all noise levels, demonstrating superior
anti-noise robustness. Particularly under low SNR conditions, the uni-modal baseline
models, MSFEAF-Net-V and MSFEAF-Net-C, undergo more severe performance drop-offs,
demonstrating that a single modality is highly susceptible to feature distortion in intense
noise backgrounds. Meanwhile, although the straightforward concatenation-based ResNet
integrates dual-modality information, its performance enhancement remains limited due to
the lack of dynamic modeling regarding the shifting contributions of individual modalities
under noisy conditions. In contrast, FEMFN and MSF-DFormer achieve a certain edge
in noise environments by virtue of leveraging attention mechanisms and Transformer
structures to augment feature interaction capability; however, they still exhibit performance
fluctuations under extremely low SNR scenarios. The outstanding performance delivered
by the MSFEAF-Net is primarily attributed to the following three cornerstones: First, the
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dual-branch multi-scale residual block architecture facilitates the extraction of more ro-
bust localized and global fault characteristics from diverse receptive fields. Second, the
cross-modal Transformer encoder is capable of continuously mining the complementary
relationship between vibration and current modulations even amid heavy noise interfer-
ence. Third, the dynamic feature fusion module generates modality weights based on
the joint features of the current sample at different feature levels, helping to mitigate the
adverse effects of disturbances affecting a single modality on the fused features and thereby
enhancing the representation of critical fault information.

Table 9. Accuracy Comparison of Different Methods Under Various SNR Levels.

Method
PU Dataset (%) KAIST Dataset (%)

−2 −4 −6 −8 −2 −4 −6 −8

MSFEAF-Net-V 95.67 93.21 88.54 83.09 96.12 91.43 87.76 82.35
MSFEAF-Net-C 69.15 65.83 59.27 52.68 67.92 63.44 57.81 51.09

ResNet 94.02 89.46 84.77 78.93 94.88 90.12 85.33 79.67
FEMFN 97.88 94.15 91.66 84.21 97.73 93.99 91.43 83.02

MSF-DFormer 98.95 96.33 93.01 88.56 98.24 95.78 92.13 87.89
MSFEAF-Net 99.12 97.56 95.07 91.78 98.87 97.01 94.55 91.32

Figure 12. Accuracy Radar Chart. (a) PU Dataset (%); (b) KAIST Dataset (%).

In summary, the proposed MSFEAF-Net sustains a high diagnostic accuracy under
harsh noise environments, firmly validating that this methodology possesses excellent
anti-interference capacity and massive potential for real-world engineering applications.

4.2.3. Comparative Analysis Under Different Sample Sizes

To evaluate the applicability of the proposed model in data-scarce scenarios, com-
parative experiments were conducted across varying sample sizes using both the PU and
KAIST datasets. By modulating the volume of available training samples, multiple exper-
imental scenarios ranging from sample-abundant to sample-scarce were constructed to
investigate the feature learning efficacy and generalization performance of each model
under small-sample regimes.

As illustrated in Figure 13, the diagnostic performance of all methods exhibits an
overall downward trend as the training sample size decreases. This degradation stems
from the fact that insufficient data restricts the comprehensive learning of fault feature
distributions while exacerbating the risk of overfitting. Nevertheless, compared with bench-
marking models, MSFEAF-Net consistently maintains stable classification performance
across different sample scales and retains a significant accuracy advantage even under
small-sample conditions. This demonstrates that the proposed model possesses superior
feature representation capabilities and high sample utilization efficiency.
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Figure 13. Diagnostic accuracies of various methods under different sample size scales.

Specifically, uni-modal models suffer more pronounced performance drops as samples
decrease, indicating that models relying solely on single-sensor information are more sensi-
tive to shifts in sample distribution. Although ResNet utilizes dual-modality information,
its straightforward concatenation strategy proves insufficient for mining cross-modal com-
plementarity under limited data constraints. While FEMFN and MSF-DFormer outperform
traditional fusion models in small-sample scenarios, their relatively complex architectures
still exhibit a certain degree of dependency on the scale of the training set. In contrast,
through the synergetic effects of multi-scale residual feature extraction, cross-modal corre-
lation modeling, and the dynamic fusion mechanism, MSFEAF-Net effectively preserves
critical fault information and suppresses redundant features under data constraints, thereby
yielding more stable and reliable diagnostic results.

Consequently, the varying sample-size experiments further validate that MSFEAF-Net
not only excels under conventional data scales but also maintains robust generalization
capabilities in real-world scenarios where training samples are restricted.

4.2.4. Comparative Analysis of Different Feature Fusion Methods

To verify the effectiveness of hierarchical input-dependent weighting, comparative
experiments were conducted on the PU dataset using direct concatenation (Concatenation)
and conventional attention-based fusion (Attention Fusion), while keeping the backbone
network and training settings unchanged. Concatenation connects the features of the
two modalities along the channel dimension at the end of the network, whereas Attention
Fusion generates modality weights at a single feature level. In contrast, the DFFM generates
input-dependent modality weights separately at the 128-, 256-, and 512-channel levels and
aggregates the fusion results from all three levels. The accuracies of the three feature fusion
methods under different signal-to-noise ratios (SNRs) are presented in Table 10. As the SNR
decreases from −2 dB to −8 dB, the accuracies of all three fusion methods decline. At −2 dB,
the DFFM achieves an accuracy of 99.12%, exceeding Concatenation and Attention Fusion
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by 3.70 and 2.04 percentage points, respectively. At −8 dB, it achieves an accuracy of 91.78%,
representing improvements of 12.35 and 5.53 percentage points, respectively. These results
indicate that, compared with feature concatenation at the end of the network and single-
level attention-based fusion, modality weighting conditioned on both the input sample and
feature level can more effectively integrate the complementary information contained in
vibration and current signals while maintaining favorable diagnostic performance under
the tested noisy conditions.

Table 10. Performance Comparison of Different Feature Fusion Methods Under Various SNR Levels.

SNR (dB) Fusion Method Accuracy (%)

−2 dB
Concatenation 95.42%

Attention Fusion 97.08%
DFFM 99.12%

−4 dB
Concatenation 91.65%

Attention Fusion 94.82%
DFFM 97.56%

−6 dB
Concatenation 86.12%

Attention Fusion 91.34%
DFFM 95.07%

−8 dB
Concatenation 79.43%

Attention Fusion 86.25%
DFFM 91.78%

To further compare the classification performance of the three fusion methods under
noisy conditions, Figure 14 presents their confusion matrices at an SNR of −2 dB. Direct
concatenation merely stacks the features from the two modalities without dynamically
adjusting their relative contributions; consequently, relatively evident misclassifications
remain between certain fault categories. Attention Fusion assigns weights according to
the feature responses, resulting in a greater concentration of elements along the main
diagonal than that achieved by direct concatenation. However, because fusion is performed
primarily at a single feature level, its ability to exploit differences in modal contributions
across different network depths remains limited. In contrast, the classification results of
the DFFM are more concentrated along the main diagonal, with fewer misclassifications in
the off-diagonal regions, indicating that the fused features exhibit better class separability.
These results demonstrate that generating modality weights based on the current sample at
different feature levels facilitates the exploitation of complementary information between
vibration and current features.

Figure 14. Confusion matrices of different feature fusion methods under the −2 dB noise environment.
(a) Concatenation; (b) Attention Fusion; (c) DFFM.
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4.3. Ablation Study

To comprehensively evaluate the individual contributions of the core architectural
modules within the proposed multi-scale feature enhancement and adaptive fusion network
(MSFEAF-Net), a systematic ablation study was conducted on the PU dataset based on
the experimental schemes summarized in Table 11. The full MSFEAF-Net model (Case 1),
incorporating all designed components, serves as the baseline to quantitatively measure
the performance gains yielded by each individual module. Under identical experimental
settings, each of the five architectural configurations was executed independently for
5 trials, and the resulting multi-run diagnostic accuracies are graphically displayed in
Figure 15.

Table 11. Architectural Configuration Matrix for the Ablation Study.

Experiment ID Model Modification Purpose

Case 1 Complete MSFEAF-Net
Serve as the baseline for evaluating
the diagnostic performance of the

complete model

Case 2 Use a Single-Scale
Convolution Kernel

Verify the effectiveness of multi-scale
feature extraction

Case 3 Remove the Feature
Enhancement Module

Verify the effectiveness of early
cross-modal feature enhancement

Case 4 Replace adaptive weights
with fixed weights

Verify the effectiveness of
hierarchical dynamic weighting

Case 5
Remove the entire

Adaptive Feature Selection
Module

Verify the effectiveness of additional
feature refinement before final

classification

Figure 15. Diagnostic accuracy curves of ablation study.

Synthesizing the data from the ablation study, the omission of any constituent com-
ponent from the full model results in a discernible degradation in diagnostic accuracy,
which robustly substantiates the necessity of each integrated module. Notably, a deep
architectural coupling is observed between the multi-scale residual block (MSRB) and the
feature enhancement module (FEM). When the multi-scale feature extraction is removed
(Case 2) and the network degenerates into a single-scale architecture, the average accuracy
plummets from the baseline 99.78% to 93.88%. This implies that a fixed receptive field
fails to adapt to the heterogeneous frequency-band characteristics of bearing signals; fur-
thermore, the insufficient resolution of the input representations directly restricts the FEM
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from aligning cross-modal feature correlations. Conversely, when the feature enhancement
module is severed (Case 3), the average accuracy drops further to 92.02%. This indicates
that the absence of the global long-range temporal modeling provided by the FEM leads
to insufficient cross-modal feature correlations and prevents deep nonlinear interactions
between modalities, demonstrating that both modules contribute to performance improve-
ment. In addition, when the DFFM is replaced with fixed equal-weight fusion (Case 4), the
model accuracy decreases to 95.10%. This result indicates that generating modality weights
based on the current sample at different feature levels helps improve the utilization of com-
plementary information from vibration and current signals. Lastly, removing the adaptive
feature selection module (Case 5) reduces the diagnostic average accuracy to 98.26%, which
underscores the indispensable value of the AFSM in filtering out information redundancy
and executing the refined screening of critical fault components to fortify the stability of
the final classification outputs.

In summary, the full model (Case 1) consistently sustains an exceptionally high diag-
nostic accuracy (with a mean value of 99.78%) and exhibits the most stable convergence
curve across all epochs, which is heavily credited to the synergetic operation of these
functional modules along the complete diagnostic pipeline. This thoroughly validates
the methodological rationality, soundness, and superiority of the network architecture
engineered in the MSFEAF-Net.

4.4. Feature Visualization Analysis

To analyze changes in the class representations learned by MSFEAF-Net during feature
propagation, equal numbers of samples from eight bearing condition categories were
selected from the PU dataset test set. t-SNE was then employed to sequentially visualize
the raw inputs, the outputs of each MSRB in the two branches, the DFFM outputs at different
feature levels, the MSFP output, and the final classification output in two dimensions. The
same samples and class colors were used at all stages, and the results are presented in
Figure 16.

In the raw input space, samples from different categories are intermixed without clear
class boundaries. After MSRB1 and the FEM, some fault categories in the vibration branch
begin to form clusters. As the network deepens, most categories become progressively
separated, although local overlaps remain between minor-damage conditions and faults
occurring at the same location. In contrast, the features extracted at different layers of the
current branch exhibit a higher degree of mixing. This is because vibration signals directly
reflect the transient impulses generated by localized damage, whereas fault responses in
current signals are formed indirectly through electromechanical coupling. These responses
have relatively low amplitudes and are easily affected by the fundamental frequency,
harmonics, and noise. After DFFM-128, DFFM-256, and DFFM-512, the within-class dis-
tributions of the fused features become progressively more compact, while the inter-class
boundaries become generally clearer, indicating that hierarchical dynamic fusion can ex-
ploit the complementary information contained in vibration and current signals. After
the MSFP further aggregates the fused features from different network depths, categories
that overlap at the shallow stages become more clearly separated. The final classification
features form eight relatively compact clusters with clear boundaries, demonstrating that
the constructed processes of early cross-modal interaction, hierarchical dynamic fusion,
and cross-level feature aggregation progressively improve feature class separability.
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Figure 16. t-SNE visualization of feature distributions at different stages of MSFEAF-Net.

4.5. Cross-Condition Generalization Performance Evaluation

To evaluate the diagnostic performance of the proposed MSFEAF-Net under changing
operating conditions, closed-set cross-condition diagnosis tasks were designed based on
the four operating conditions of the PU dataset, as listed in Table 3. All four operating
conditions contain the same bearing states, and the label indices of each category remain
consistent across the different conditions. Therefore, the source and target operating
conditions share the same fault-category space, and the experiments constitute a closed-set
cross-condition generalization evaluation. For each task, only samples from the source
operating condition were used for model training and parameter selection. The source-
condition data were divided into training and validation sets at a ratio of 8:2, while
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all samples from the target operating condition were used exclusively for final testing.
Neither the target-condition samples nor their labels were involved in model training,
hyperparameter selection, or model checkpointing. The data normalization parameters
were calculated from the source-condition training set and directly applied to the target-
condition test set. The experimental tasks were named according to the (S → T ) convention,
where (S) denotes the source domain providing the training data and (T) denotes the target
domain providing the test data. The specific task settings are presented in Table 12.

Table 12. Settings of the Cross-Condition Generalization Tasks.

Task ID Transfer Path Varying Parameter

Task A 1 → 2 Rotational speed variation
Task B 2 → 3 Torque variation
Task C 3 → 4 Radial load variation
Task D 1 → 4 Multi-parameter hybrid variation

MSFEAF-Net was compared with the baseline models selected in Section 4.2. The
average diagnostic accuracies of all models under the cross-condition tasks are presented
in Table 13.

Table 13. Accuracies of Different Methods for Each Cross-Condition Generalization Task (%).

Method Task A Task B Task C Task D

MSFEAF-Net-V 91.24 88.56 90.32 81.02
MSFEAF-Net-C 62.45 58.91 60.15 50.34

ResNet 89.56 85.34 87.12 78.56
FEMFN 93.88 91.12 92.45 84.21

MSF-DFormer 95.02 93.45 94.18 87.45
MSFEAF-Net 97.85 96.23 96.88 92.45

Experimental results indicate that MSFEAF-Net exhibits outstanding cross-condition
diagnostic performance. Specifically, under the extreme operating scenario characterized
by multi-parameter hybrid variations (Task D), the uni-modal baseline models (MSFEAF-
Net-V and MSFEAF-Net-C) undergo severe performance degradation due to their high
susceptibility to operating condition fluctuations, with the single current modality ex-
hibiting particularly weak capability. Conversely, leveraging multi-source information
complementarity, the proposed MSFEAF-Net significantly bolsters the robustness under
varying operating conditions, sustaining a classification accuracy of over 92%. Compared
with ResNet, which employs fixed-scale convolutional kernels, MSFEAF-Net can flexibly
capture the characteristic frequency shifts induced by rotational speed variations (Task A)
through the multi-scale residual blocks (MSRBs), thereby extracting more discriminative
fault features. Furthermore, owing to the adaptive adjustment of modality weights at
different feature levels by the dynamic feature fusion module, MSFEAF-Net outperforms
MSF-DFormer in complex cross-condition tasks and effectively suppresses interference
from non-informative features caused by complex operating conditions.

4.6. Computational Complexity Analysis

To evaluate the computational costs and engineering application potential of different
models, their parameter counts, floating-point operations (FLOPs), and single-sample
inference times were measured under the software and hardware environment described
in Section 4.1.2. An input length of 2048 and a batch size of 1 were used for all models.
The inference time is reported as the mean and standard deviation obtained from multiple
measurements. The detailed results are presented in Table 14.
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Table 14. Computational complexity and diagnostic performance of different models.

Model Params/M FLOPs/G Inference
Time/ms Accuracy/%

ResNet 19.83 0.9212 6.4852 (±0.0635) 96.31
FEMFN 21.32 0.9221 6.5752 (±0.1316) 98.11

MSF-DFormer 21.34 0.9203 6.9823 (±0.2835) 97.92
MSFEAF-Net 21.37 0.9216 6.9452 (±0.1236) 99.88

As shown in Table 14, ResNet has the lowest parameter count and inference time,
but its diagnostic accuracy is only 96.31%. MSFEAF-Net contains 21.37 M parameters,
requires 0.9216 G FLOPs, and achieves a single-sample inference time of 6.9452 ms and a test
accuracy of 99.88%. Compared with ResNet, MSFEAF-Net increases the parameter count by
1.54 M and the inference time by 0.4600 ms, while improving accuracy by 3.57 percentage
points. Compared with FEMFN and MSF-DFormer, MSFEAF-Net increases the parameter
count by only 0.05 M and 0.03 M, respectively, while requiring a comparable number
of FLOPs and improving accuracy by 1.77 and 1.96 percentage points, respectively. In
addition, the inference time of MSFEAF-Net is slightly shorter than that of MSF-DFormer.
These results demonstrate that the proposed model achieves higher diagnostic accuracy
with only a modest increase in computational cost, thereby providing a favorable balance
between computational efficiency and diagnostic performance.

5. Conclusions and Future Work
To address the limitations of single end-stage fusion of vibration and current fea-

tures, fixed modal contributions, and insufficient utilization of intermediate-layer informa-
tion, this study proposes a multi-scale feature enhancement and adaptive fusion network
(MSFEAF-Net). Through the coordinated operation of the dual-branch multi-scale residual
feature extraction framework and the feature enhancement module, the network performs
in-depth extraction of temporal and complementary features from vibration and current
signals. The dynamic fusion strategy then generates sample-dependent modality weights
at different feature levels, while the multi-scale feature pyramid aggregates the fusion
results from different network depths. Finally, the adaptive feature selection module re-
fines critical feature information for fault classification. Experimental results demonstrate
that MSFEAF-Net achieves extremely high diagnostic accuracy under conventional condi-
tions and exhibits excellent robustness and generalization performance under strong noise
interference, small-sample constraints, and complex Cross-Condition scenarios. Neverthe-
less, this study has certain limitations. The current experiments are primarily based on
publicly available test-rig datasets, and the performance of the proposed method under
compound faults and complex disturbances in real-world operating environments has not
yet been fully validated. Future work will validate the proposed method using real-world
operational data and investigate unsupervised domain adaptation to enhance its practical
deployability and adaptability to unseen operating conditions.
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