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Abstract— Recently, contrastive learning (CL) has been
introduced into cross-domain fault diagnosis to learn dis-
criminative representations without extensive labeled data.
However, existing methods remain limited in two aspects.
First, the heterogeneity and inconsistency among distributed
sensors are often overlooked, which hinders the effective
exploitation of complementary multisensor information. Sec-
ond, although the inherent relationship between time- and
frequency-domain representations provides spectral invari-
ance under varying working conditions, this property has not
been fully exploited to alleviate domain shift in cross-domain
fault diagnosis. To tackle the aforementioned challenge, a
CL-based domain adaptation (DA) framework, named mul-
tisensor time–frequency contrastive network (MSTF-CN), is
proposed to achieve domain-invariant and sensor-consistent
feature learning for cross-domain fault diagnosis. Specifi-
cally, a multisensor graph representation (MSGR) module is designed to capture intrinsic correlations within each sensor
by constructing structured graphs for both time-domain signals and frequency-domain representations. Moreover, a
cross-sensor contrastive alignment (CSCA) strategy is introduced to explicitly alleviate domain shift and cross-sensor
misalignment under varying working conditions. This strategy adopts a dual-alignment mechanism to reduce domain
discrepancies and enforce fault representation consistency across sensors. Finally, a unified feature fusion (UFF) module
is developed to integrate multisensor time–frequency representations, thereby improving feature complementarity and
discriminative capability. Extensive experiments conducted on two real-world datasets demonstrate the superiority of
the proposed method in multisensor cross-domain fault diagnosis tasks.

Index Terms— Domain adaptation (DA), graph convolutional network, multisensor fault diagnosis, time–frequency
contrast.

I. INTRODUCTION

W ITH the rapid development of the Industrial Internet of
Things and cyber–physical systems, modern industrial

systems are evolving toward high integration and intelligence,
making system reliability a critical concern [1], [2]. As the
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core components of these systems, mechanical equipment is
highly susceptible to failures under complex and harsh oper-
ating conditions, and such faults directly undermine system
reliability, causing unexpected downtime, production losses,
and safety risks [3], [4]. Consequently, the development of
accurate and timely fault diagnosis techniques has attracted
significant attention from both academia and industry.

Recently, deep learning methods such as convolutional neu-
ral networks (CNNs) [5], recurrent neural networks (RNNs)
[6], and Transformer-based [7] networks have demonstrated an
exceptional capability to automatically learn fault-relevant fea-
tures from raw sensor signals, enabling effective diagnosis of
critical mechanical components. However, these methods are
primarily designed for single-sensor data, which fundamen-
tally limits their ability to capture comprehensive information.
In practical industrial systems, such as rotating machinery
and gearbox-bearing assemblies, different sensors are often
deployed at multiple locations to monitor heterogeneous sig-
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nals. Meanwhile, environmental disturbances and complex
internal mechanisms further increase the difficulty of fault
diagnosis, as a single signal often fails to capture the full range
of failure modes and distinctive characteristics.

To address these limitations, multisensor fault diagnosis has
attracted increasing attention, as the integration of multiple
sensor signals enables a more comprehensive understanding of
equipment conditions and improves diagnostic reliability and
accuracy [8]. In particular, graph neural networks (GNNs) [9]
have emerged as an effective framework for modeling struc-
tured relationships within multisensor data, capturing complex
interdependencies among sensors and enhancing fault-related
representation learning. For example, Yang et al. [10] pro-
posed a GNN-based homogenization framework that leverages
GNNs to model heterogeneous multisensor data, enabling
high-quality graph construction and improved machine fault
diagnosis performance. Xiao et al. [11] proposed a multi-
level information fusion method based on multilayer graph
construction and attention-enhanced feature fusion, effec-
tively improving the accuracy of multisensor fault diagnosis.
Although GNN-based methods have made notable progress
in multisensor information fusion for fault diagnosis, their
application scenarios are generally limited to steady operating
conditions, where the source and target data are assumed to
follow the same distribution. However, in practical industrial
environments, equipment often operates under varying work-
ing conditions, resulting in domain shift between the source-
and target-domain data.

To mitigate domain shift caused by variable working con-
ditions, transfer learning (TL) has become a research focus of
cross-domain fault diagnosis. In particular, domain adaptation
(DA) [12] has been widely adopted, as it leverages labeled data
from the source domain to learn transferable representations
that remain effective when deployed on unlabeled data from
the target domain. Current mainstream DA approaches can
generally be categorized into statistical- and adversarial-based
methods. Statistical-based methods aim to reduce domain
discrepancies using metrics such as maximum mean dis-
crepancy (MMD) [13], correlation alignment (CORAL) [14],
and central moment discrepancy (CMD) [15]. For example,
Cao et al. [16] proposed a deep domain-adaptive multitask
model that integrates a soft joint MMD metric to jointly
reduce marginal and conditional distribution shifts. Wang et al.
[17] proposed a deep feature correlation matching network
that extends CORAL by aligning first- and second-order
feature correlations to improve feature consistency in domains.
Si et al. [18] introduced an unsupervised deep TL frame-
work based on CMD, which aligns higher-order statistical
characteristics between the source and target domains using
time–frequency images. Alternatively, adversarial-based meth-
ods introduce a domain discriminator and learn domain-
invariant features through an adversarial training process.
For example, Zhao et al. [19] developed a joint distribution
adaptation network integrated with adversarial learning to
simultaneously align marginal and conditional feature dis-
tributions between domains. Deng et al. [20] proposed a
regularized conditional adversarial adaptation network incor-
porating feature correlation constraints into the adversarial
alignment process, thus improving the DA capacity under
multiple target operating conditions. However, the majority

of these approaches primarily emphasize the alignment of the
marginal distributions of the source and target domains, while
neglecting fine-grained alignment. Even when class-level DA
is considered, it still cannot guarantee sufficient intraclass com-
pactness and interclass separability within the feature space,
leaving target samples near the decision boundary vulnerable
to misclassification.

Contrastive learning (CL) [21] has emerged as an effective
self-supervised approach to learning discriminative repre-
sentations without extensive labeled data to remedy the
issue of weak intraclass compactness and interclass separa-
bility. By constructing positive and negative sample pairs,
CL encourages similar representations for positive pairs
while separating negative ones, leading to a more discrim-
inative feature space. Recently, CL has been applied to
mechanical fault diagnosis to improve feature discrimination
and DA. For example, Zhou et al. [22] proposed a novel
semi-supervised fault diagnosis method using CL enhanced
with multiscale permutation entropy to effectively extract deep
features from limited labeled and abundant unlabeled samples.
An et al. [23] developed a contrastive DA method that utilized
a contrastive estimation term to reduce the misclassifica-
tion of samples near the classification boundaries. Moreover,
researchers have constructed positive and negative sample
pairs from time- and frequency-domain representations, where
integrating information from both domains enables the extrac-
tion of richer signal features that are not readily available
solely in the time domain [24]. For example, Zhang et al.
[25] proposed a time–frequency contrast DA method that
leverages LSTM–CNN feature extraction and MMD-based
domain alignment to improve train bearing fault diagnosis
under Doppler-induced distortion. Wang et al. [26] introduced
a frequency-assisted CL framework that leverages comple-
mentary time–frequency views and pseudo-labeled data to
learn more discriminative representations and achieve superior
fault diagnosis performance under limited labeled samples.
However, existing CL-based methods rarely consider the joint
effect of domain shift and cross-sensor misalignment, resulting
in sufficient feature fusion and limited performance in complex
industrial scenarios.

To this end, a DA framework termed multisensor
time–frequency contrastive network (MSTF-CN) is proposed
to learn domain-invariant and sensor-consistent representations
by aligning multisensor time- and frequency-domain informa-
tion under varying working conditions. First, a multisensor
graph representation (MSGR) module is designed to model
intrinsic correlations within the time–frequency representa-
tions of each sensor by constructing structured graphs from
both time-domain signals and frequency-domain representa-
tions. This enables the framework to effectively preserve the
relational structure underlying multisensor vibration signals.
Second, a cross-sensor contrastive alignment (CSCA) strategy
is introduced to jointly improve alignment across domains
and sensors. By enforcing intrasensor CL (IRCL) to capture
the physical consistency between time- and frequency-domain
views, and intersensor CL (IECL) to reduce cross-sensor dis-
crepancies, the model is encouraged to learn domain-invariant
and sensor-consistent features. Finally, a unified feature fusion
(UFF) module is developed to fully integrate complementary
information from multisensor time–frequency representations,
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Fig. 1. Overall framework of the proposed MSTF-CN.

thereby promoting comprehensive and discriminative feature
learning for reliable cross-domain fault classification. The
main contributions of this article are summarized as follows.

1) A novel DA fault diagnosis framework, termed MSTF-
CN, is proposed for fault diagnosis under varying
working conditions. In this framework, cross-domain
alignment of multisensor time–frequency features is
explicitly exploited to learn domain-invariant and sensor-
consistent representations.

2) A CSCA strategy is introduced to handle time-domain
distribution shifts and cross-sensor misalignments.
Intrasensor contrast aligns time- and frequency-domain
views of each sensor to learn domain-invariant represen-
tations, while intersensor contrast further aligns features
across sensors to integrate complementary information.

3) Extensive experiments on two real-world datasets verify
the superiority of MSTF-CN, demonstrating substantial
improvements over state-of-the-art (SOTA) methods in
cross-domain fault diagnosis.

The rest of this article is organized as follows. Section II
elaborates on the proposed MSTF-CN. Section III illustrates
the details of the experiment setup. Comprehensive experi-
mental results and discussions are presented and analyzed in
Section IV. Finally, Section V introduces the conclusions and
future directions of this work.

II. PROPOSED METHOD

.A. Problem Formulation
In this study, raw multisensor signals are employed to

investigate cross-domain fault diagnosis under varying work-

ing conditions, where the primary challenges arise from
domain shift and cross-sensor misalignment. Let Ds =

{(xm,T
i,s , x

m,F
i,s , yi)}

Ns,M
i=1,m=1 represent the source-domain dataset,

where xm,T
i,s represents the time-domain raw signal collected

by the mth sensor, xm,F
i,s denotes the corresponding frequency-

domain feature obtained by the fast Fourier transform (FFT),
yi ∈ {1, . . . ,C} is the associated fault label and C denotes
the total number of health states and Ns is the num-
ber of source-domain samples. Unlike the source domain,
the target domain is composed of a large-scale unlabeled
dataset and a small subset of labeled samples. Let Dt =

{(xm,T
i,t , xm,F

i,t )}Nt ,M
i=1,m=1 represent unlabeled target-domain dataset,

and let Det = {(xm,T
i,et , xm,F

i,et , yi,et)}Net ,Mi=1,m=1 represent labeled target-
domain dataset, where Nt is the number of unlabeled samples,
Net is the number of labeled samples, and Net � Nt. The
learning process is conducted in two stages. In the pretraining
stage, the fully labeled source-domain dataset Ds and the large-
scale unlabeled target-domain dataset Dt are jointly utilized to
learn domain-invariant and sensor-consistent representations.
In the fine-tuning stage, only the classifier is fine-tuned using
the limited labeled target-domain dataset Det, enabling the
decision boundary to adapt to target-domain characteristics.

.B. Framework
The overall framework of the proposed MSTF-CN, as

illustrated in Fig. 1, is designed for multisensor cross-
domain fault diagnosis under varying working conditions. Its
objective is to learn domain-invariant and sensor-consistent
representations, thereby facilitating improved adaptation in
cross-domain diagnostic tasks that alleviate the adverse effects
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of domain shift and cross-sensor misalignment. The proposed
framework consists of three main components. First, the
MSGR module focuses on modeling the temporal dynamics
and sensor-specific structural characteristics of multisensor
signals. For each sensor, the raw time-domain signals and
their corresponding frequency-domain features are indepen-
dently transformed into graph representations, as directly
fusing signals from different sensors may introduce distor-
tion due to their inherent heterogeneity. Subsequently, two
GCN-based encoders are employed to process the time-
and frequency-domain graph representations. These encoders
perform neighborhood aggregation and learn structure-aware
latent representations for each sensor and each domain.
This dual-branch encoding strategy preserves discriminative
information embedded in local temporal–spectral structures
without interfering with the distinct properties of time- and
frequency-domain representations. Second, CSCA is devel-
oped to perform fine-grained multisensor cross-domain feature
alignment through a dual-alignment mechanism, including
IRCL and IECL. IRCL enforces alignment between time- and
frequency-domain views of the same sensor, which promotes
domain-invariant representations by leveraging their physical
consistency. Meanwhile, IECL aligns representations across
different sensors, reducing sensor-specific biases and facilitat-
ing the integration of complementary information. Finally, a
UFF module is employed to aggregate the aligned multisensor
domain-invariant representations. Instead of simple feature
concatenation, an attention-based fusion mechanism is adopted
to adaptively weight multisensor features from both time and
frequency domains. By explicitly addressing domain shift and
sensor misalignment within a unified framework, MSTF-CN
enables effective multisensor feature fusion for cross-domain
fault diagnosis.

.C. Multisensor Graph Representation

In multisensor fault diagnosis, signals collected from differ-
ent sensors often exhibit misalignment due to asynchronous
sampling mechanisms and sensor-specific acquisition char-
acteristics [27]. Directly enforcing dimensional alignment
through resampling or interpolation may distort intrinsic
temporal patterns and compromise fault-related information.
Moreover, variations in operating conditions lead to domain
shifts between source and target data, which requires a
representation capable of preserving sensor-specific character-
istics while supporting effective adaptation across domains.
To address these challenges, we design a multisensor graph
construction strategy that performs graph construction inde-
pendently for each sensor and each domain, enabling the
preservation of sensor-dependent characteristics while avoid-
ing cross-sensor interference. For labeled source-domain data,
each sample is treated as a graph node. The adjacency matrix
of the mth sensor is defined as

Am,T
s (i, j) = Am,F

s (i, j) =

(
1, yi = y j

0, otherwise.
(1)

This construction explicitly encodes class-level structural
relationships within the source domain and facilitates dis-
criminative feature learning under label supervision. For the
unlabeled target domain, structural relationships are inferred

without label information. Given two time-domain samples
xm,T

i,t and xm,T
j,t , their similarity is computed using cosine

similarity

Sim
�

xm,T
i,t , xm,T

j,t

�
=

xm,T
i,t · x

m,T
j,t

xm,T

i,t




2




xm,T
j,t





2

. (2)

Based on the resulting similarity matrix, a k-nearest neigh-
bor strategy is employed to construct local neighborhoods for
each node. Specifically, for node i of the mth sensor in the
time domain, its neighborhood is defined as

Nm,T
k (i) = Top-k

�
Sim

�
xm,T

i,t , xm,T
j,t

��
(3)

where the Top-k(·) operator selects the k most similar samples.
For node i of the mth sensor in the frequency domain, its
neighborhood is defined as Nm,F

k (i) in the same manner.
This strategy constrains the neighborhood size and focuses
the graph structure on local relationships, particularly in
the absence of label supervision. Accordingly, the adjacency
matrix for the target-domain time-domain graph is constructed
as

Am,T
t (i, j) =

(
1, j ∈ Nm,T

k (i) and i ∈ Nm,T
k ( j)

0, otherwise.
(4)

Following the same procedure, the adjacency matrix for the
target-domain frequency-domain graph is constructed as

Am,F
t (i, j) =

(
1, j ∈ Nm,F

k (i) and i ∈ Nm,F
k ( j)

0, otherwise.
(5)

For each sensor, the time- and frequency-domain graphs
are encoded using two encoders, denoted ET (·) and EF(·),
respectively. Both encoders share the same architecture, and
a weight-sharing strategy is adopted between the source and
target domains: all time-domain graphs from the source
and target domains are processed by ET (·), while all frequency-
domain graphs share EF(·). This design ensures consistent
feature extraction across domains and facilitates knowledge
transfer. Each encoder begins with a linear embedding layer
that projects raw node features into a unified dimension
to accommodate variations in sampling rates, segmenta-
tion lengths, and preprocessing across different sensors. For
instance, the embedding for time-domain source data from the
mth sensor is defined as

Hm,T
s = Xm,T

s Wm,T
s + bm,T

s . (6)

Following the linear embedding layer, the encoder stacks L
GCN blocks. Each block consists of graph convolution, batch
normalization, and LeakyReLU activation function. The prop-
agation rule for the lth layer is expressed as

Hm,T ,(l)
s

= LeakyReLU
�
BatchNorm

�
Âm,T

s Hm,T ,(l−1)
s WT ,(l)�� (7)

where Âm,T
s = (eDm,T

s )−1/2(Am,T
s + I)(eDm,T

s )−1/2 denotes the
normalized adjacency matrix, I is the identity matrix for
self-loops, eDm,T

s is the degree matrix, and WT ,(l) is the learn-
able weight matrix for the lth layer of time encoder. The
frequency-domain encoder EF(·) follows the same computa-
tional structure. After L layers, the encoders output node
embeddings that encode sensor-wise spectral characteristics
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Fig. 2. Working mechanism of the proposed CSCA framework.

and intrasensor dependency relationships embedded in the
multisensor measurements. For clarity, the final outputs are
summarized as follows:

Hm,T
s = ET

�
Xm,T

s , Am,T
s

�
, Hm,F

s = EF
�
Xm,F

s , Am,F
s

�
(8)

Hm,T
t = ET

�
Xm,T

t , Am,T
t
�
, Hm,F

t = EF
�
Xm,F

t , Am,F
t
�
. (9)

.D. Cross-Sensor Contrastive Alignment
In cross-domain multisensor fault diagnosis, representations

learned from different sensors and different signal domains
are often misaligned due to operating-condition variations
and heterogeneous sensing characteristics. Although these
representations correspond to the same underlying fault state,
their feature distributions can differ substantially, weakening
the consistency of fault semantics and degrading diagnostic
performance. Therefore, explicitly aligning multisensor rep-
resentations is essential for learning domain-invariant and
sensor-consistent features. CL provides an effective mech-
anism for such alignment by directly modeling pairwise
relationships between representations [21]. By constructing
appropriate positive and negative pairs, contrastive objectives
encourage representations conveying the same fault semantics
to be close in the embedding space while separating those
associated with different fault states. In this work, CL is
explicitly designed as a mechanism for structured alignment
across both domains and sensors, enabling the learned rep-
resentations to simultaneously satisfy domain invariance and
sensor consistency, and the specific working mechanism is
shown in Fig. 2.

To support stable and effective contrastive optimization, a
projection head is further introduced as an auxiliary com-
ponent. This design decouples representation learning for
fault diagnosis from contrastive optimization, which has
been shown to improve training stability and convergence in
contrastive frameworks. Specifically, the projection function
Pro j(·) is implemented as a lightweight multilayer perceptron
(MLP) consisting of linear layers, batch normalization, and
nonlinear activations. Following common practice, the projec-
tion head is used only during contrastive training and discarded
during inference, where the encoder output is directly fed into
the classifier for fault diagnosis. Formally, the projected time-
and frequency-domain representations for the source and target
domains are given by

Zm,T
s = Pro jT

�
Hm,T

s

�
, Zm,F

s = Pro jF

�
Hm,F

s

�
(10)

Zm,T
t = Pro jT

�
Hm,T

t
�
, Zm,F

t = Pro jF

�
Hm,F

t
�
. (11)

Based on these projected representations, two CL objectives
are designed, namely IRCL and IECL, which, respectively,
address domain shift and cross-sensor misalignment.

1) Intrasensor CL: Under varying operating conditions,
fault-related representations in time-domain signals are often
distorted. In contrast, according to signal analysis theory, the
relationship between the time domain and frequency domain
provides an invariance that remains effective under varying
operating conditions [28]. Motivated by this observation, IRCL
exploits the inherent consistency between time- and frequency-
domain representations to enhance the learning of transferable
sensor-specific features. Specifically, IRCL enforces align-
ment between the time- and frequency-domain representations
extracted from the same sensor, encouraging the model to
capture consistent fault-related characteristics shared between
the two domains.

In IRCL, positive and negative pairs are constructed from
the projected time- and frequency-domain representations in
the same sensor. This contrastive formulation encourages rep-
resentations to cluster closely, while preserving discriminative
separation between different fault states. As a result, domain
shift caused by operating-condition variations is effectively
alleviated through domain-level alignment. For labeled source-
domain samples, supervised IRCL exploits class labels to
enhance fault semantic consistency across domains. The super-
vised IRCL loss is defined as

Ls
IRCL = −

1
MNs

MX
m=1

NsX
i=1

1
|P (i) |

X
p∈P(i)

log
exp

�
zm,T

i,s · z
m,F
p,s

�
τ

�
P

a∈A(i) exp
�

zm,T
i,s · z

m,F
a,s

�
τ

� (12)

where P(i) denotes the set of source-domain samples that
share the same fault label as the ith sample, | P(i) | denotes
the number of valid positive samples, A(i) denotes the set
of all candidate samples excluding the anchor, and τ is the
temperature parameter that controls the sharpness of similarity
distribution.

For unlabeled target-domain samples, IRCL is formulated in
an unsupervised manner by constructing instance-level positive
pairs from time- and frequency-domain representations of the
same sample. The unsupervised IRCL loss is given by

Lt
IRCL = −

1
MNt

MX
m=1

NtX
i=1

log
exp

�
zm,T

i,t · z
m,F
i,t

�
τ

�
PNt

a=1 1[a,i] exp
�

zm,T
i,t · z

m,F
a,t

�
τ

� . (13)

Through joint supervised and unsupervised optimization,
IRCL aligns time- and frequency-domain representations
between source and target domains, thereby reducing domain
shift and promoting domain-invariant representations under
varying operating conditions.

2) Intersensor CL: Although multiple sensors monitor the
same underlying health condition, their observations differ
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due to distinct sensing mechanisms and response charac-
teristics. As a result, the extracted features may reside in
heterogeneous semantic spaces, necessitating explicit sensor-
level alignment. To address this issue, IECL is introduced
to explicitly enforce sensor-level consistency. Specifically,
IECL aligns representations corresponding to the same fault
state across different sensors by pulling them closer in the
embedding space, while maintaining separation between rep-
resentations associated with different fault states. Through
this cross-sensor contrastive constraint, sensor-induced varia-
tions are suppressed, and fault-related representations that are
shared across sensors are emphasized. As a result, multisensor
observations are mapped into a unified and sensor-consistent
representation space, enabling different sensors to contribute
coherently to subsequent learning stages.

In IECL, positive and negative pairs are constructed from
the projected time- and frequency-domain representations
across different sensors. This cross-sensor contrastive formula-
tion encourages the alignment of embeddings associated with
the same fault class between sensors. For labeled source-
domain samples, the supervised IECL loss is expressed as

Ls
IECL = −

1
M (M − 1) Ns

MX
m1=1

MX
m2=1

NsX
i=1

1
|P (i) |

X
p∈P(i)

log
exp

�
zm1,T

i,s · zm2,F
p,s

�
τ

�
P

a∈A(i) exp
�

zm1,T
i,s · zm2,F

a,s

�
τ

� (14)

where m1 , m2.
For unlabeled target-domain samples, the unsupervised

IECL loss is expressed as

Lt
IECL = −

1
M (M − 1) Nt

MX
m1=1

MX
m2=1

NtX
i=1

log
exp

�
zm1,T

i,t · zm2,F
i,t

�
τ

�
PNt

a=1 1[a,i] exp
�

zm1,T
i,t · zm2,F

a,t

�
τ

� . (15)

Through these, IECL aligns fault representations across het-
erogeneous sensors in both source and target domains, thereby
promoting sensor-consistent fault semantics despite differences
in sensing mechanisms and response characteristics.

3) Total Contrastive Loss: IRCL enforces time–frequency
consistency within each sensor, enabling the extraction of
stable fault-related representations that adapt to different oper-
ating conditions. IECL complements this process by aligning
representations across sensors, thereby reducing discrepancies
caused by sensing mechanisms and response characteristics.
Together, these two contrastive schemes shape a unified
embedding space that captures global discriminative structure
while suppressing domain- and sensor-specific variations. By
jointly optimizing IRCL and IECL, the proposed CL strategy
establishes a unified embedding space in which fault-related
representations are consistently expressed across domains and
sensors. The overall objective of CL is defined as follows:

Lcl = λ1
�
Ls

IRCL + Lt
IRCL

�
+ λ2

�
Ls

IECL + Lt
IECL

�
(16)

Fig. 3. Structure of the proposed UFF module.

where λ1 and λ2 are weighting coefficients that balance the
contributions of IRCL and IECL.

.E. Feature Fusion
To fully exploit the complementary information embedded

across multiple sensors and time–frequency signal domains,
the UFF module is designed to adaptively refine multisensor
and time–frequency features, and the specific structure is
shown in Fig. 3. First, the features extracted from each
sensor are aggregated via a channel-attention mechanism to
adaptively emphasize informative sensors while suppressing
less relevant or noisy ones. Formally, given the projected node
embeddings of all sensors {Hm,T }Mm=1, the channel attention
mechanism computes sensor-wise importance weights using
global pooling followed by a gating function

wT = σ
�
WT

2 δ
�
WT

1 GAP
��

H1,T , . . . ,HM,T ���� (17)

HT =

MX
m=1

wm,T � Hm,T (18)

where [H1,T , . . . ,HM,T ] denotes the concatenation of sensor
embeddings along the channel dimension, GAP(·) is global
average pooling, WT

1 and WT
2 are learnable weight matri-

ces of the gating network, δ(·) is a ReLU activation, σ(·)
is the sigmoid function, wT = [w1,T , . . . ,wM,T ] assigns an
adaptive importance score to each sensor based on its tem-
poral discriminative capacity, � denotes Hadamard product,
and HT represents the fused sensor-level feature embedding.
Frequency-domain fusion is defined analogously with param-
eters WT

1 and WT
2 to produce HF

wF = σ
�
WF

2 δ
�
WF

1 GAP
��

H1,F , . . . ,HM,F���� (19)

HF =

MX
m=1

wm,F � Hm,F . (20)

To further integrate complementary information contained
in the temporal and spectral representations, a cross-attention
mechanism is employed to enable bidirectional interaction
between the fused time-domain feature HT and frequency-
domain feature HF . Unlike simple concatenation or averaging,
cross-attention explicitly models how temporal features attend
to spectrally discriminative components and how spectral fea-
tures attend to temporally salient structures, thereby enhancing
the representation quality in a more fine-grained and adaptive
manner. Specifically, for each domain, learnable linear pro-
jections are used to generate key and value matrices. For the
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time-domain branch, the key and value matrices are computed
as

KT = HT Wk,T , VT = HT Wv,T . (21)

And for the frequency-domain branch, the projections are
similarly defined as

KF = HFWk,F , VF = HFWv,F . (22)

To enable cross-domain interactions, a unified query matrix is
generated by concatenating the temporal and spectral features
followed by a shared projection

Q =
�
HT ,HF�Wq (23)

where Wk,T , Wv,T , Wk,F , Wv,F , and Wq are trainable projection
matrices that map the time, frequency, and concatenated repre-
sentations into a shared latent space with the same embedding
dimension.

Based on these, the cross-attention module computes two
complementary attention responses. The first response captures
how the fused query attends to time-domain information,
while the second captures the attention toward frequency-
domain information. The cross-attention is computed using the
following formula:

HT
UFF = S o f tmax

 
Q
�
KT
�>

√
DT

!
VT (24)

HF
UFF = S o f tmax

 
Q
�
KF
�>

√
DF

!
VF (25)

where HT
UFF and HF

UFF represent the features after cross-
attention and (DT )1/2 and (DF)1/2 are scaling factors to
mitigate the problem of excessively large dot product val-
ues. Subsequently, we concatenate the features to achieve a
more comprehensive representation, as given by the following
formula:

S UFF =
�
HT

UFF ,HF
UFF

�
. (26)

The fused feature S UFF is then fed into a classifier, and
the cross-entropy classification loss is calculated to update the
fault diagnosis network

Ŷ = Classi f ier (S UFF) (27)

Lcls = −
1
Ns

NsX
i=1

CX
c=1

yi,clogŷi,c (28)

where Classi f ier(·) consists of two layers of the MLP, Ŷ ∈
RNs×C denotes the predicted class probability matrix, ŷi,c is
the predicted class probability of the ith sample belonging to
class c, and yi,c is the one-hot encoded ground-truth label.

.F. Training Procedure
To jointly optimize the performance of CL and classifica-

tion, the total training objective combines contrast loss Lcl and
classification loss Lcls. The overall loss function is expressed
as

Ltotal = λLcl + (1 − λ)Lcls (29)

where λ is a weighting coefficient that balances the con-
tributions of CL and supervised classification. During the
fine-tuning phase, the encoder parameters are frozen to

Algorithm 1 Training Procedure of MSTF-CN

1: Input: Labeled source data Ds = {(xm,T
i,s , x

m,F
i,s , yi)}

Ns,M
i=1,m=1;

unlabeled target data Dt = {(xm,T
i,t , xm,F

i,t )}Nt ,M
i=1,m=1; few

labeled target data Dt̃ = {(xm,T
i,t̃ , xm,F

i,t̃ , yi,t̃)}
Nt̃ ,M
i=1,m=1; number

of sensors M; neighbors k; temperature τ; learning rate
lr; epochs epochs1, epochs2.

2: Construct multisensor graphs Am,T
s , Am,F

s , Am,T
t , Am,F

t
according to (1)-(5).

3: // Pretraining
4: Initialize ET (·), EF(·), projection heads ProjT (·), ProjF(·),

UFF module and classifier.
5: for epoch = 1 to epochs1 do
6: Extract representations using ET (·) and EF(·).
7: Project into contrastive space by ProjT (·) and ProjF(·).
8: Compute IRCL and IECL losses according

to (12)-(16).
9: Fuse features using UFF module according

to (17)-(26).
10: Compute classification loss on source samples.
11: Update parameters by minimizing total loss (29).
12: end for
13: // Fine-tuning
14: Load pretrained parameters of ET (·), EF(·), UFF and

classifier.
15: Freeze ET (·) and EF(·).
16: for epoch = 1 to epochs2 do
17: Extract and fuse target features.
18: Update UFF and classifier using cross-entropy loss.
19: end for
20: // Test
21: Load trained parameters.
22: Extract target-domain features using ET (·) and EF(·).
23: Fuse features by the UFF module.
24: Predict target-domain labels using the classifier.
25: Output: Predicted fault labels for target-domain samples.

preserve the domain-invariant and sensor-consistent represen-
tations learned during pretraining, while the UFF module and
classifier are further optimized using limited labeled target
data. This design allows the fusion mechanism and the deci-
sion boundary to adapt to target-domain characteristics without
disrupting the learned representation space. The overall train-
ing procedure of the proposed MSTFCN is summarized in
Algorithm 1.

III. EXPERIMENTAL SETUP

This section provides an overview of experimental datasets
from two different bearing datasets, as well as the evaluation
criteria and experimental procedure.

.A. Description of the Dataset
1) PU Dataset: The Paderborn University (PU) bearing

dataset [29] is widely used for fault diagnosis research due to
its realistic fault types and multiple operating conditions. The
dataset is collected from a bearing test rig equipped with mul-
tiple sensors, including vibration and current sensors, under
controlled experimental settings. The test platform consists
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Fig. 4. Experimental platform of the PU dataset.

TABLE I
SPECIFIC INFORMATION OF THE PU BEARING DATASET

of a motor, torque shaft, bearing module, flywheel, and load
motor, as illustrated in Fig. 4. Four operating conditions, differ-
ing in rotating speed, load torque, and radial force, are selected
in this study, as summarized in Table I. These variations
introduce significant distribution discrepancies, making the
dataset suitable for cross-domain fault diagnosis evaluation.
A total of 14 categories are considered, including one healthy
condition and thirteen real fault categories generated during
accelerated degradation. Such diversity introduces substantial
intraclass variation and interclass similarity, posing significant
challenges for reliable fault classification.

2) HUST Dataset: The Huazhong University of Science and
Technology (HUST) bearing dataset [30] was collected using
a Spectra-Quest mechanical fault simulator. The experimental
platform consists of a motor, shaft, a three-way accelerom-
eter, bearing housing, and a data acquisition system, which
enables stable acquisition of three-channel vibration signals
under various operating conditions. The experimental setup is
illustrated in Fig. 5. In this study, four operating conditions
with different rotational speeds are selected from the dataset,
corresponding to 20, 30, 40, and 60 Hz, as summarized in
Table II. Under these operating conditions, nine fault cat-
egories are considered, including one healthy category and
eight fault categories with different fault types and severities.
Specifically, the selected categories include medium ball fault,
medium combination fault, medium inner race fault, medium
outer race fault, ball fault, combination fault, inner race fault,
and outer race fault. Detailed descriptions of the selected fault
categories.

.B. Evaluation Criteria
To comprehensively assess fault classification performance,

two widely used evaluation metrics are employed: Accuracy
and F1-score. Accuracy reflects the overall classification cor-
rectness, while F1-score provides a balanced evaluation by
jointly considering precision and recall, which is particularly
important for multiclass fault diagnosis tasks with potential
class imbalance

Accuracy =
TP + TN

TP + TN + FP + FN
(30)

Precision = TP/ (TP + FP) (31)

Fig. 5. Experimental platform of the HUST dataset.

TABLE II
SPECIFIC INFORMATION OF THE HUST BEARING DATASET

Recall = TP/ (TP + FN) (32)

F1-score = 2× Precision× Recall
Precision + Recall

(33)

where TP, TN, FP, and FN denote the numbers of true
positives, true negatives, false positives, and false negatives,
respectively.

.C. Experimental Procedure
To evaluate the effectiveness of the proposed method in

cross-domain fault diagnosis, experiments are conducted on
both the PU and HUST bearing datasets under cross-domain
settings. For the PU dataset, four operating conditions denoted
as A1–A4 are considered, while for the HUST dataset, four
operating conditions denoted as B1–B4 are used. By construct-
ing transfer tasks between every pair of different operating
conditions, 12 cross-domain transfer tasks are obtained for
each dataset. This protocol enables a systematic evaluation
of the model’s adaptation capability under varying operating
conditions. The proposed MSTF-CN is compared with a
diverse set of baseline methods representing different learning
paradigms for cross-domain fault diagnosis. Specifically, MK-
MMD [31], CORAL [14], and DANN [32] are selected as
classical DA baselines. MoCo [33] and SimCLR [34] are
included as representative CL baselines. In addition, WSCN
[35], DACN [36], CA-DGNN [37], MCDDFA [38], TF-C [39],
and CCLP [40] are adopted as recent deep learning baselines
for fault diagnosis.

To ensure a fair and reproducible evaluation, all methods are
implemented under the same experimental protocol. Specifi-
cally, the dataset is divided into training, validation, and testing
sets with a ratio of 8:1:1. For methods adopting a pretraining
and fine-tuning paradigm, including the proposed method, one-
eighth of the training set in the target domain is randomly
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TABLE III
EXPERIMENTAL RESULTS OF THE CROSS-DOMAIN TASK ON THE PU DATASET

TABLE IV
EXPERIMENTAL RESULTS OF THE CROSS-DOMAIN TASK ON THE HUST DATASET

selected as labeled target-domain samples for fine-tuning.
The same target-label budget is adopted for all applicable
comparison methods to ensure a fair comparison. For the
proposed framework, graph construction is performed using
all samples within each domain. During model optimization,
only the training nodes participate in forward propagation and
loss computation according to the predefined training mask.

The model is optimized using the Adam optimizer with a
learning rate of 0.001 and a weight decay of 0.0001. The
maximum number of training epochs is set to 100. Early
stopping is employed to alleviate overfitting, where the training
process is terminated if the validation accuracy does not
improve for ten consecutive epochs, and the model with
the best validation performance is selected for final testing.
To reduce the influence of randomness, each experiment is
repeated ten times with different random seeds, and the aver-
age classification accuracy together with the corresponding
standard deviation is reported. The key hyperparameters of the
proposed method are determined using a conservative tuning
strategy. Specifically, grid search is conducted for the number
of nearest neighbors k for graph construction and the loss
weight λ balancing the contrastive loss and the classification
loss, resulting in k = 10 and λ = 0.6. The weighting
coefficients of the intrasensor and intersensor contrastive losses
are fixed at λ1 = λ2 = 0.5. The temperature parameter in the
contrastive loss is fixed to the commonly adopted value of
τ = 0.08. For all comparison methods, the hyperparameter
settings follow those recommended in the original articles.

IV. RESULTS AND DISCUSSION

.A. Results
Tables III and IV present the accuracy for the various

methods evaluated on the PU and HUST datasets, respectively.

The best results are highlighted in bold, and the second-
best results are underlined. It can first be observed that
the proposed MSTF-CN achieves the best overall perfor-
mance across all transfer tasks on both datasets. Taking the
average ACC as an example, MSTF-CN improves over the
suboptimal method by 1.76% on the PU dataset and 0.78%
on the HUST dataset, respectively, demonstrating its supe-
rior cross-domain fault diagnosis capability. The comparison
results indicate that learning discriminative representations
through CL is generally more effective than relying solely on
conventional distribution alignment. However, directly apply-
ing generic CL strategies still yields limited improvements
because the positive and negative sample pairs are constructed
without considering the characteristics of multisensor fault
signals. Consequently, the learned representations are insuf-
ficient to capture complementary information across sensors
and domains. In contrast, the proposed MSTF-CN jointly
exploits complementary time- and frequency-domain informa-
tion and performs both intrasensor and intersensor contrastive
alignment. By designing contrastive objectives according to
the characteristics of multisensor fault diagnosis, the pro-
posed method effectively encourages representations with
consistent fault semantics while preserving complementary
information among different sensors. Meanwhile, the graph
representation further captures structural relationships among
samples, enabling more robust feature learning under domain
shifts. These advantages allow MSTF-CN to consistently
achieve superior performance across different transfer tasks
and datasets.

.B. Discussions
1) Visualization Analysis: To provide a qualitative evaluation

of classification performance under cross-domain transfer,
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Fig. 6. Confusion matrices of different methods on the PU dataset in A1 →A3. (a) MK-MMD, (b) DANN, (c) MoCo, (d) DACN, (e) MCDDFA,
(f) TF-C, (g) CCLP, and (h) MSTF-CN.

Fig. 7. Confusion matrices of different methods on the HUST dataset in B1 →B3. (a) MK-MMD, (b) DANN, (c) MoCo, (d) DACN, (e) MCDDFA,
(f) TF-C, (g) CCLP, and (h) MSTF-CN.

confusion matrices of selected representative methods are
presented in Figs. 6 and 7 for the PU and HUST datasets,
respectively. The visualizations are presented for a represen-
tative transfer task (A1→A3 and B1→B3), which is selected
due to its relatively stable performance across all compared
methods, enabling clearer comparison of classification perfor-
mance. In each confusion matrix, the vertical axis represents
the ground-truth fault labels, while the horizontal axis denotes

the predicted labels, and the diagonal elements correspond to
correctly classified radio for each fault category. As shown in
Figs. 6 and 7, the confusion matrices produced by the proposed
MSTF-CN exhibit a clear and concentrated diagonal structure,
where most samples are correctly classified. This demonstrates
that MSTF-CN is capable of learning highly discriminative
and domain-invariant representations under varying operating
conditions. In contrast, baseline methods exhibit noticeable
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Fig. 8. t-SNE visualizations of different methods on the PU dataset in A1 →A3. (a) MK-MMD, (b) DANN, (c) MoCo, (d) DACN, (e) MCDDFA,
(f) TF-C, (g) CCLP, and (h) MSTF-CN.

Fig. 9. t-SNE visualizations of different methods on the HUST dataset in B1 →B3. (a) MK-MMD, (b) DANN, (c) MoCo, (d) DACN, (e) MCDDFA,
(f) TF-C, (g) CCLP, and (h) MSTF-CN.

misclassifications among several fault categories, particularly
for classes with similar degradation patterns, where off-
diagonal elements are more prominent, indicating their limited
discriminative capability when operating conditions change.
These results suggest that existing methods struggle to main-
tain discriminative capability when facing distribution shifts,
whereas MSTF-CN achieves more accurate fault diagnosis.

To further evaluate the feature representation capabil-
ity, t-distributed stochastic neighbor embedding (t-SNE) is
employed to visualize the learned feature distributions, as
shown in Figs. 8 and 9 for the PU and HUST datasets. Each

point represents a sample, and different colors correspond to
different fault categories. The results show that the features
obtained by MSTF-CN form more compact and well-separated
clusters, with clearer decision boundaries between different
classes. Samples belonging to the same category are tightly
grouped, whereas clusters of different categories remain distin-
guishable even under varying operating conditions. In contrast,
features learned by the baseline methods exhibit noticeable
overlap across several classes, indicating insufficient feature
separability and weak domain-invariant representation learn-
ing. These observations further confirm that the proposed
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Fig. 10. Effect of graph construction strategy on accuracy over 12
transfer tasks.

Fig. 11. Parameter sensitivity analysis under the A1→A2 transfer task
on the PU dataset. (a) Accuracy. (b) F1-score.

method can learn more discriminative feature representations,
which directly contribute to its improved performance in the
cross-domain fault diagnosis.

2) Analysis of the Graph Construction Strategy: To further
investigate the effect of the source-domain graph construction
strategy on DA, we compare the proposed label-guided graph
construction with a similarity-based top-k graph construction.
As shown in Fig. 10, the proposed label-guided graph con-
struction consistently achieves better performance across all
transfer tasks on both the PU and HUST datasets. This is
because the label-guided graph explicitly establishes semantic
relationships among samples from the same fault category,
enabling graph convolution to aggregate information from
semantically consistent neighbors. In contrast, constructing
the source-domain graph solely based on feature similarity
cannot fully exploit the available supervisory information.
These results demonstrate that utilizing source-domain labels
during graph construction facilitates the learning of more
discriminative graph representations, thereby improving cross-
domain fault diagnosis performance.

3) Evaluation on the Influence of Parameters: The proposed
MSTF-CN involves several important parameters, among
which the neighborhood size k in graph construction and
the contrastive loss weight λ play critical roles in structural
representation learning and feature alignment. Therefore, a
joint sensitivity analysis is conducted by evaluating different
combinations of k and λ on the PU and HUST datasets. As
shown in Figs. 11 and 12, the performance varies with dif-
ferent parameter combinations, and the optimal configuration
is obtained at k = 10 and λ = 0.6. A relatively small k
limits the aggregation of useful neighborhood information,
while an excessively large k introduces irrelevant connections
and weakens the discriminative graph structure. Meanwhile, an

Fig. 12. Parameter sensitivity analysis under the B1→B2 transfer task
on the HUST dataset. (a) Accuracy. (b) F1-score.

Fig. 13. Effect of fine-tuning data ratio on the PU datasets.

inappropriate value of λ may disturb the balance between clas-
sification supervision and contrastive representation alignment.
These results indicate that the selected parameter combination
provides an appropriate tradeoff between structural informa-
tion propagation and domain-invariant feature learning.

In addition, the influence of labeled target-domain data is
further investigated to evaluate the adaptation capability of
MSTF-CN under different annotation budgets. Specifically, the
fine-tuning ratio is set to 10%, 25%, 50%, and 100% of the
target-domain training samples on the PU dataset. The corre-
sponding average accuracies are 81.77%, 87.30%, 91.71%, and
93.47%, respectively, as shown in Fig. 13. When only 10% of
the target-domain training samples are utilized for fine-tuning,
MSTF-CN still achieves an accuracy of 81.77%, where each
fault category contains only approximately two labeled samples
on average. This demonstrates that the proposed framework
can effectively exploit unlabeled target-domain information
through MSGR learning and CSCA. Moreover, the perfor-
mance improvement gradually decreases as the proportion of
labeled target samples increases, indicating that MSTF-CN can
achieve effective DA with limited target-domain annotations.

4) Ablation Study: To further evaluate the contribution of
each component in MSTF-CN, ablation experiments were
conducted on the PU and HUST datasets under 12 cross-
domain transfer tasks. Five ablation variants were constructed
by removing individual components, including “w/o GCN,”
“w/o CSCA,” “w/o CSCA,” “w/o IRCL,” “w/o IECL,” and
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Fig. 14. Accuracy of ablation models under different transfer tasks on the PU dataset.

Fig. 15. Accuracy of ablation models under different transfer tasks on the HUST dataset.

“w/o UFF,” where “w/o GCN” replaces the GCN encoder
with an MLP. As shown in Figs. 14 and 15, removing
any component leads to performance degradation on most
transfer tasks. First, replacing GCN with MLP results in
a noticeable performance decrease on both datasets. Unlike
MLP, which independently processes each sample, GCN effec-
tively captures structural correlations through neighborhood
information aggregation, leading to more discriminative graph
representations. Removing the CSCA module leads to the most
significant performance drop across both datasets. Without
CSCA, the model degenerates into a representation learning
scheme without explicit alignment constraints, causing fea-
tures from different sensors and domains to remain scattered in
the embedding space. As a result, representations correspond-
ing to the same fault state are no longer consistently clustered,
leading to degraded transferability and unstable decision
boundaries under domain shift. This observation confirms
that explicit alignment is more critical than feature extrac-
tion alone in cross-domain multisensor scenarios. Similarly,
removing IRCL or IECL also leads to noticeable perfor-
mance degradation, demonstrating the effectiveness of both
intrasensor and intersensor contrastive alignment strategies.
Without IRCL, the consistency between time- and frequency-
domain representations within each sensor is reduced, making
the learned features more sensitive to operating-condition

variations. Without IECL, the alignment between different
sensors is weakened, limiting the ability of the model to
exploit complementary multisensor information. These results
indicate that both intrasensor and intersensor alignment con-
tribute to constructing more stable and discriminative feature
representations. Finally, removing the UFF module also leads
to performance degradation, although the reduction is rela-
tively limited. This indicates that the proposed UFF module
mainly plays a complementary enhancement role by promoting
the interaction between time and frequency features, thereby
further improving feature complementarity and representation
refinement.

5) Complexity Analysis: To evaluate the computational effi-
ciency of the proposed MSTF-CN, the complexity of the
model and the performance of the runtime are compared
with several representative methods. In this experiment,
the training time denotes the average time required per
epoch, while the inference time represents the average
time consumed to process a single sample. As shown in
Table V, the proposed MSTF-CN achieves a well-balanced
tradeoff between computational cost and representation capa-
bility. From a computational perspective, MSTF-CN requires
13.77 M FLOPs, which is substantially lower than those
of several deep learning-based approaches. In terms of
computational efficiency, the training time of MSTF-CN
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TABLE V
EXPERIMENTAL RESULTS OF COMPLEXITY

ANALYSIS ON THE PU DATASET

remains at a moderate level and is comparable to that of
mainstream deep learning models, while being lower than that
of more complex methods. Overall, MSTF-CN maintains rela-
tively low computational complexity and competitive runtime
efficiency, while achieving superior diagnostic performance as
demonstrated in Section IV-A. This confirms that the proposed
method attains an effective balance between accuracy and
efficiency, making it well-suited for real-world multisensor
cross-domain fault diagnosis tasks.

V. CONCLUSION

In this article, A novel DA fault diagnosis framework,
termed MSTF-CN, is proposed to address performance degra-
dation caused by distribution discrepancies under varying
operating conditions. Specifically, a unified representation
learning architecture is developed to capture discriminative
features from multisensor vibration signals while alleviating
the adverse effects of domain shifts. By incorporating col-
laborative learning in both time and frequency domains, the
method enhances the expressiveness and completeness of the
learned features, enabling a more effective extraction of fault-
related information in cross-domain scenarios. In addition,
the multisensor representation learning mechanism facilitates
effective fusion of heterogeneous sensor information, thereby
improving the reliability and stability of the learned represen-
tations. Extensive experiments conducted on two widely used
bearing datasets demonstrate that the proposed method consis-
tently outperforms several representative SOTA approaches in
multiple transfer tasks. Nevertheless, the current framework
still partially relies on labeled samples in the target domain
during the adaptation stage, which may limit its scalability in
more challenging fully unsupervised scenarios. Future work
will focus on exploring more flexible learning paradigms, such
as continual learning [41] and open-set [42] fault diagnosis,
to further enhance the generalization capability and practical
applicability of the proposed framework.
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