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Abstract—Critical to mechanical systems, rolling bearings face
severely degraded fault diagnosis performance under complex
industrial conditions due to domain distribution shifts. To address
the above issues, we propose a domain-adaptive deep trans-
fer learning model for fault diagnosis, which incorporates a
Triple-Attention Mechanism-Based Multi-Scale Spatiotemporal
Network (TAM-MST) to enhance feature representation and
facilitate effective knowledge transfer. Concurrently, we design
a multi-layer maximum mean difference to improve distribution
similarity between source and target domains, thereby strength-
ening the model’s transfer learning capabilities. Our approach
overcomes the low diagnostic accuracy of traditional models
under varying operating conditions, endowing the model with
adaptability to unknown operating scenarios. Finally, to validate
the model’s transfer learning capability, we compared it with
several classical algorithms on the CWRU and PU datasets.
Experimental results show diagnostic accuracies of 99.86% and
98.88% on the two datasets, respectively, providing a reliable
research direction for bearing fault diagnosis in industrial equip-
ment.

Index Terms—Cross-condition fault diagnosis, Domain adap-
tation (DA), Attention mechanism,Industrial Anomaly Detection

I. INTRODUCTION

In the context of the deep integration of industrial IoT
and smart manufacturing, massive amounts of monitoring data
have brought revolutionary opportunities to industrial equip-
ment health monitoring technology [1]. As a core component
of rotating machinery, the operating status of rolling bearings
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directly affects equipment reliability [2]. Statistics show that
over 40% of mechanical failures are caused by bearing failures
[3]. Simultaneously, bearing failures directly impact the per-
formance of rotating machinery. Improper handling of these
failures poses significant threats to personal safety and has
major implications for social and economic development [4].
Accurate identification of bearing health is crucial for ensuring
safe working conditions and efficient production. However,
traditional methods struggle to meet the demands of modern
industrial equipment, which is becoming increasingly complex
and integrated [5].

Deep learning has demonstrated significant advantages in
bearing fault diagnosis due to its end-to-end feature extraction
capabilities [6], with wide applications in this domain. Rep-
resentative techniques include convolutional neural networks
(CNN) [7], sparse autoencoders (SAE) [8], and deep belief
networks (DBN) [9]. Lee et al. [10] further developed a
recurrent neural network incorporating attention mechanisms
to enhance fault feature extraction accuracy. However, a crit-
ical limitation persists: vibration data collected under non-
stationary operating conditions exhibit substantial distribution
shifts [11]. Consequently, models trained on single-condition
data fail to generalize effectively to new operational scenarios
[12] , leading to substantial deterioration in generalization
performance [13], [14] .

Experiments on two bearing fault datasets demonstrate out-
standing performance and strong generalization under complex
conditions, overcoming accuracy degradation of existing mod-
els to advance practical fault diagnosis and provide a reliable
solution for industrial health monitoring.Tao et al. [15]en-
hanced cross-domain adaptability by aligning time-frequency



features using MMD. Subsequently, Yu et al. [16]addressed the
single-kernel limitation of traditional MMD by integrating a
multi-scale framework with MK-MMD. Complementing this
kernel optimization work, the research focus was shifted to
sample-level weighting by Qin et al. [17], who proposed
Source-Weighted Maximum Mean Discrepancy (SWMMD).
Building on the foundation of multi-kernel domains, the Multi-
kernel Weighted Joint Domain Adaptive Network (MKWJ-
DAN) was developed by Li et al. [18]. Beyond MMD-based
methods, Zhao et al. [19] proposed a distinct self-supervised
transfer learning framework (MTSTLF) that extracts robust
domain-invariant features via self-supervision. Meanwhile,
Fang et al. [20] used Local MMD (LMMD) to align global and
sub-domain distributions, capturing fine-grained fault pattern
differences. To highlight critical fault features, Jia et al.
[21] further combined attention networks with Joint MMD
(JMMD).

However, most existing domain-adaptive fault diagnosis
methods employ simple feature extractors that limit the capture
of deep and complex features. Their alignment strategies only
focus on high-level features in the final layer, ignoring low-
level fine-grained distribution alignment, which easily causes
local optima, unstable training, and wrong diagnosis. To solve
these problems, this paper proposes a novel transfer learning
method called Triple-Attention based Multi-Scale Spatiotem-
poral feature learning framework (TAM-MST) for rolling
bearing fault diagnosis. It can effectively learn deep fault
features and achieve precise feature distribution alignment
between source and target domains.

The main contributions of this paper are as follows:
• A triple hybrid attention spatiotemporal feature fusion

module is proposed, which learns the useful information
features of bearing faults and suppresses the useless ones
via multi-scale attention, channel attention and temporal
attention.

• To address cross-condition issues, we combine gradient
descent with multi-layer MMD minimization to reduce
feature distribution differences across domains. This ap-
proach overcomes the limitation of single-layer MMD,
which focuses solely on a single level and struggles to
fully adapt to the hierarchical variations in deep network
features, thereby enhancing overall transfer learning ca-
pabilities.

• Through experimental analysis, we examined the impact
of different attention modules on fault diagnosis per-
formance. Tests conducted across various datasets and
operating conditions demonstrated that this transfer diag-
nosis method achieves higher accuracy than alternative
approaches.

II. RELATED WORKS

The working condition of rotating machinery in the actual
industrial scene is complex, which leads to that the source and
target domain does not follow the same distribution, and this
difference becomes more and more obvious with the change
of speed or load. In order to solve this problem, fault diagnosis

methods based on DA have sprung up. Unlike supervised
methods that require stringent labeling of data, these methods
can greatly alleviate the tedious data labeling process [22].

DA is mainly categorized into distance-based and
adversarial-based methods. The former maps cross-domain
features into a shared space and quantifies their distribution
divergence. For example, Qin et al. [23]proposed an adaptive
middle class distribution alignment method, which realized
domain confusion through dynamic middle class and intro-
duced AdaSoftmax at the terminal to improve the separability
of the model.An et al. [24]extracted periodic and local features
through gaussian mixture transform layer, and used domain
alignment term to map features to shared space. Yang et al.
[25]extracted cross-domain data features by constructing a
shared residual network, and collected target domain samples
by using a clustering module, so as to realize the correction
of joint distribution offset by associating source domain la-
bels. Qian et al. [26]proposed a Relational Transfer Domain
Generalized Network (RTDGN), which used two-stage DA
to enhance the domain identification ability of the network,
and designed the inverse entropy loss to improve the accuracy
of the classifier. Yu et al. [27] realized local–global feature
extraction by combining time–frequency features and global
statistical matrix, and adopted Multi-Kernel MMD (MK-
MMD) to improve the learning ability of the network.

The adversarial-based DA learns from the Generative Ad-
versarial Network (GAN) idea, and plays a game between
feature extractor and domain discriminator, thus reducing the
negative impact brought by domain shift. For example, Gao
et al. [28]utilized adversarial TL to obtain generalized feature,
and proposed a joint distributed DA to further promote the
learning of domain invariant feature. Chen et al. [29]used
edge adversarial module to calculate the adversarial loss,
and constructed an internal adversarial module to perform
feature extraction, which enhanced the confusion performance
of network. Li et al. [30]proposed a data-combined labeled
domain expansion method, and improved the feature extraction
ability of the model. Deng et al. [31] used progressive learning
strategy to disperse unknown samples to improve the separa-
bility between classes. Fan et al. [32]proposed a deep mixed
domain generalization network, which applied data expansion
to feature space and introduced the adversarial perturbation
for the computation of different distributions.

While existing research has advanced fault diagnosis, most
methods only focus on global distribution consistency and
ignore intra-class fine-grained differences, domain-specific
features, and network generalization. Accordingly, multilayer
pre-adaptation has attracted increasing attention. As shown in
Fig. 1, global pre-adaptation aligns overall domain distribu-
tions, whereas multilayer pre-adaptation better captures fine-
grained discrepancies and achieves more accurate class-level
feature alignment between domains.

III. PROPOSED METHOD

As illustrated in Fig. 2, the workflow of this study comprises
three main phases: data preprocessing, algorithm implementa-



Fig. 1: Description of different DA methods.

tion, and result analysis. We propose a TAM-MST framework
comprising three core components:a feature extraction module,
a triple-attention mechanism that combines spatial, channel,
and temporal attention for multidimensional feature extraction,
and a hierarchical domain adaptation strategy designed to han-
dle distribution shifts. These components work synergistically
to achieve effective cross-domain fault diagnosis.

The triple attention mechanism enables precise multi-
dimensional feature extraction for non-stationary vibration
signals, overcoming traditional attention’s cross-domain
bearing diagnosis limitations: multi-scale attention uses 3/5/7
kernels to extract full-frequency features (avoiding weak fault
omissions), channel attention adjusts weights to highlight valid
features and suppress noise (yielding high-purity inputs),
and temporal attention leverages bidirectional LSTM to
capture long-term dependencies (breaking convolution’s local
constraints). This progressive pipeline (multi-scale coverage
→ channel denoising → temporal modeling) generates
cross-domain invariant features—multi-dimensional, pure,
temporally robust—to drive optimal diagnostic performance.

A. Data Preprocessing

To preserve the integrity of raw signals, data preprocessing
employs a segmentation strategy using fixed-length non-
overlapping sliding windows. Raw vibration signals are
partitioned into consecutive segments of 1,024 data points,
where the window length equals the sliding step size.

B. Triple Attention Module

The segmented data is a one-dimensional time series, and
the input 1D vibration signalX ∈ RB×Lundergoes parallel
multi-scale feature extraction through three convolutional

kernels {k1 = 3, k2 = 5, k3 = 7}.

Fi = ReLU
(

Conv1D
(
X;C, ki, p =

⌊
ki
2

⌋))
(1)

The feature maps F ∈ RB×C×L ( C = 16) are gen-
erated.To avoid dimensionality explosion from naive multi-
scale feature concatenation, a dynamic attention mechanism
enables weighted fusion. Adaptive global average pooling
extracts channel-wise statistics, which are processed through
two FC layers to generate attention weights. This dynami-
cally recalibrates feature contributions, enhancing sensitivity
to subtle faults. where W3 and W4 are learnable parameters,
σ denotes the ReLU activation function, and ∥ · ∥ represents
the concatenation operation.

zi =
1

L

L∑
t=1

Fi[:, :, t], zi ∈ RB×C (2)

αi =
exp (W2σ (W1 [z1∥z2∥z3]))∑3
j=1 exp (W2σ (W1 [z1∥z2∥z3]))

(3)

Fms =

3∑
i=1

αi · Fi, Fms ∈ RB×C×L (4)

By dynamically regulating channel contributions, fault-
related features are enhanced. Global average pooling is
applied temporally to extract channel-wise statisticszch, which
are nonlinearly transformed into attention weightsβ. This
allows the model to autonomously emphasize informative
channels and suppress noisy ones. Finally, the weights
are multiplied channel-wise with multi-scale features,
enabling dual attention refinement and providing optimized
representations for downstream modules.The formula is as



Fig. 2: The overall architecture of the proposed TAM-MST framework.

follows:

Fmc = Fms ⊗
(
Sigmoid (W4 · ReLU (W3 · zch))⊙ 1T

L

)
(5)

where W3 and W4 are learnable channel-wise weight ma-
trices, zch denotes the result of global average pooling over
the temporal dimension of Fms, ⊗ represents element-wise
multiplication, ⊙ denotes broadcasting multiplication to match
the spatial-temporal dimension, and 1T

L is an all-ones vector
of length Lfor dimension alignment. After being fused via
channel attention, Fmc is fed into a residual convolutional
block, which employs a dual-branch architecture consisting of
a main path and shortcut connection for spatial feature extrac-
tion, effectively mitigating the gradient vanishing problem in
deep networks. Following this, max-pooling operations (kernel
size=4, stride=4) are applied to compress the feature sequence
length from 1024 to 64.

To capture long-term temporal dependencies, the spatial
features are reshaped into a 2D tensor and input into a
bidirectional LSTM network. The LSTM outputs hidden states
H ∈ RB×L′×2D (where D = 512 denotes the hidden
dimension) at each timestep, along with the final timestep
hidden state hn and cell state cn.

Attention scores are generated by measuring the similarity
between the final hidden state and outputs at each timestep.
Finally, weighted temporal features and spatial features
are concatenated to form spatiotemporal features, with the
corresponding formulations provided as follows:

attscores = Softmax
(
hnH

T

√
d

)
(6)

Fattn =

L′∑
t=1

attnscores[:, t]⊙H[t, :, :] (7)

C. Domain adaptation and classification

To align features across domains, we introduce a dynamic
attenuation mechanism for joint loss construction. The dis-
crepancy between source and target domains is measured with
Maximum Mean Discrepancy (MMD). MMD is computed at
multiple feature levels and adaptively weighted via attenuation
coefficients to form the final domain loss. The MMD loss is
calculated as:

L(l)
MMD =

1

n2

n∑
i,j=1

k(xs
i , x

s
j) +

1

n2

n∑
i,j=1

k(xt
i, x

t
j)

− 2

n2

n∑
i,j=1

k(xs
i , x

t
j)

(8)

where xs
i and xt

i denote the sample features of the source
domain and the target domain, k(·, ·) represents the Gaussian
kernel function.l = 1 corresponds to Fms features, l = 2
corresponds to Fattn features, and l = 3 corresponds to Ffinal
features. The total domain dynamic attenuation loss is given
by:

Ldom =

3∑
l=1

(
λl ·

(
1− t

T

))
· L(l)

MMD (9)



The final extracted feature vector is projected by a
fully connected layer into a 10-dimensional category space
corresponding to the 10 bearing fault types. The classification
loss employs the cross-entropy loss function, and the total
model loss is the weighted sum of the classification loss and
the domain loss.The formula is as follows:

Ltotal = − 1

B

B∑
i=1

10∑
c=1

I(yi = c) log
exp

(
y
(i,c)
ds

)
∑10

k=1 exp
(
y
(i,k)
ds

) + Ldom

(10)

IV. EXPERIMENTS AND RESULTS

A. Datasets and Experimental Setup

(1)Datasets

Our model is evaluated on two benchmark datasets: the
CWRU dataset [33] and the PU dataset [34]. Collected from
the drive end, fan end, and base at sampling rates of 12 kHz
and 48 kHz, the CWRU dataset is divided into four working
conditions (A, B, C, D). It contains normal conditions as well
as inner race, outer race, and rolling element faults, with three
severity levels (7, 14, and 21 mils), and detailed information is
provided in TableI. The PU dataset includes 64 kHz vibration
signals from both healthy and faulty bearings (with artificial
and natural damage), and is categorized into four working
conditions (E, F, H, G). It covers normal conditions, inner
race faults, outer race faults, and multiple fault conditions, and
specific details are shown in TableII. Both datasets consist of
ten classes: one for normal conditions and nine for different
fault conditions.

TABLE I: Four Working Conditions of CWRU Dataset

Dataset Motor load Speed Sampling rate Fault
setting (hp) (rpm) (kHz) type

A 0 1797 12 Normal, IR, OR, Ball
B 1 1772 12 Normal, IR, OR, Ball
C 2 1750 12 Normal, IR, OR, Ball
D 3 1730 12 Normal, IR, OR, Ball

TABLE II: Four Working Conditions of PU Dataset

Dataset Load torque Speed Radial force Fault
setting (Nm) (rpm) (N) type

E 0.7 1500 1000 Normal, IR, OR, MF
F 0.7 900 1000 Normal, IR, OR, MF
G 0.1 1500 1000 Normal, IR, OR, MF
H 0.7 1500 400 Normal, IR, OR, MF

(2) Cross - domain Fault Diagnosis Tasks

The CWRU dataset encompasses six cross-domain fault
diagnosis tasks(A→B, A→C, A→D, B→C, B→D, C→D).
Here, labels before and after the arrow ”→” denote source
and target domain data, respectively. The PU dataset
exhibits more pronounced inter-domain distribution shifts,

for which we have correspondingly established cross-domain
fault diagnosis tasks (E→F, E→H, E→G, F→H, F→G,
H→G). All experiments were repeated five times to mitigate
randomness effects.
(3) Parameter setup

The experiments were conducted on a workstation equipped
with an Intel(R) Core(TM) i5-10500 CPU and an NVIDIA
GeForce RTX 4090 GPU, utilizing the PyTorch 2.1.3 deep
learning framework. The model was trained using the Adam
optimizer with an initial learning rate of 0.001, a weight
decay factor of 0.0009, a batch size of 32, and 100 epochs.
(4) Comparison Experiment

To validate the effectiveness of the proposed method,
we conducted comparative experiments with several recent
approaches, including MTSTLF [19] , LMMD [20] ,
JMMD [21] ,FreqMGCN [35], MTDA-IRP [36], and IND
[37]. The comparative models above encompass not only
typical JMDD and LMMD approaches but also pre-adaptive
models incorporating attention mechanisms or networks
integrating physical knowledge to enrich the model structure.
Additionally, we compared graph-based diagnostic methods.
In summary, we conducted comprehensive and meticulous
testing of these methods’ diagnostic performance under
various operating conditions.

B. Experiment Results

We conducted six cross-domain comparison experiments
on the CWRU and PU datasets. The results are shown in
TableIII and TableIV. Our results achieve optimal accuracy
on the CWRU and PU datasets. On the most challenging task
A→D in the CWRU dataset, where other methods reached
a maximum accuracy of 99.12%, our approach improved
this by 0.88%, attaining 100% diagnostic accuracy. The PU
dataset has more complex and subtle hidden fault information.
Particularly in H→G scenarios with non-adjacent operating
conditions, our method achieves 99.36% accuracy, surpassing
the highest-performing alternative methods by 1.12%.

We performed comprehensive multi-dimensional verifica-
tion on the CWRU and PU datasets to assess experimental reli-
ability and robustness. A confusion matrix over ten categories
(one normal, nine fault types) revealed cross-domain confusion
points and validated our feature extraction mechanism. Ad-
ditionally, t-SNE visualization showed that source and target
domain features form compact, distinguishable clusters after
domain adaptation.

Furthermore, we plotted a domain adaptation accuracy curve
to dynamically track the alignment process between the source
and target domains during model training. These multi-faceted
verification results are presented in Fig. 2(c). Collectively, the
experimental results on the two datasets fully validate the
superior performance of the TAM-MST framework in cross-
domain bearing fault diagnosis.



TABLE III: Comparison results on CWRU dataset (Accuracy
%)

Method A → B A → C A → D B → C B → D C → D AVG

JMMD 93.25 91.87 65.87 74.18 88.26 83.94 82.89
MTSTLF 93.11 91.30 90.89 91.17 91.20 89.83 91.25
LMMD 99.62 85.83 95.43 94.54 94.55 96.20 94.36
FreqMGCN 96.53 93.62 94.59 97.05 93.97 98.56 95.72
MTDA-IRP 99.79 99.36 98.27 97.13 97.58 98.45 98.43
IND 99.27 99.45 99.12 99.36 99.64 99.14 99.33
TAM-MST 100.00 99.81 100.00 100.00 99.54 99.81 99.86

TABLE IV: Comparison results on PU dataset (Accuracy %)

Method E → F E → H E → G F → H F → G H → G AVG

JMMD 81.26 76.34 65.04 63.29 83.17 61.95 71.84
MTSTLF 95.74 91.58 94.87 80.26 68.94 92.83 87.37
LMMD 94.31 93.89 91.00 76.95 89.73 88.62 91.75
FreqMGCN 94.75 93.22 89.16 95.73 92.88 94.90 93.41
MTDA-IRP 92.14 92.20 96.34 98.67 98.78 97.45 95.93
IND 96.09 99.22 98.44 98.16 98.44 98.24 98.09
TAM-MST 98.27 99.27 98.90 98.81 98.72 99.36 98.88

C. Ablation Experiments

To validate the effectiveness of each module, we conduct
ablation studies on four key components: multi-scale attention,
channel attention, temporal attention, and multi-layer MMD.
The corresponding ablation results are illustrated in Fig. 3.

The first three ablation experiments, in which the multi-
scale attention module, channel attention module and temporal
attention module are removed separately, verify the core
functions of each component. The multi-scale attention mech-
anism is capable of capturing multi-band fault features and
significantly enhancing the ability to extract diverse features.
Removing this module causes the diagnostic accuracy to drop
from 99.86% to 96.14%. The channel attention module serves
to filter out noisy and redundant feature channels, while the
temporal attention component is designed to model long-term
temporal dependencies embedded in vibration signals.

The fourth experiment removes the multi-layer MMD mod-
ule, and the accuracy plummets from 99.86% to 88.61%, with
a decline of more than 10%. Multi-layer MMD is critical for
cross-domain feature alignment. The triple attention mecha-
nism exhibits synergy, as the full model outperforms all dual-
attention variants. The complete model’s optimal performance
confirms the superiority of collaborative integration and the
necessity of domain adaptation.

D. Hyperparameter Selection Analysis

Our approach combines classification loss with multi-layer
MMD to achieve feature distribution alignment. The selection
of the multi-layer MMD loss weighting coefficient α has a
decisive impact on model performance. When the weighting
coefficient α is set to 0.1, 0.05, and 0.2 respectively, the
traditional fixed-weight strategy typically yields relatively low
classification accuracy, ranging from 95.59% to 97.44%(see
Fig.4, left). To address the limitations of fixed weights, this

Fig. 3: Ablation study classification results on CWRU dataset.

study innovatively proposes a dynamic weight adjustment
strategy, which realizes linear weight decay throughout the
training process through the formulation α = λl × (1− t/T ).
This strategy is observed to significantly outperform fixed-
weight methods across all three parameter configurations, with
the dynamic weight scheme employing λl = 0.1 achieving
optimal performance at 99.86%(see Fig.4, right).

Fig. 4: The influence of MMD weights on model accuracy

V. CONCLUSION

To address the challenge of highly variable operating con-
ditions in real-world fault diagnosis, we propose a novel
deep transfer learning framework (TAM-MST). This frame-
work combines a multi-scale spatio-temporal feature learn-
ing architecture with a triple attention mechanism. Multi-
layer maximum mean discrepancy is introduced to effectively
align feature distributions between source and target domains,
thereby enhancing domain adaptation capabilities. Extensive
experiments on two public bearing fault datasets demonstrate
outstanding performance and strong generalization under com-
plex conditions. The proposed design effectively overcomes
accuracy degradation issues of existing models, advancing
practical bearing fault diagnosis and providing a reliable
solution for industrial equipment health monitoring and main-
tenance.
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