
A Source-Free Universal Domain Adaptation
Method for Fault Diagnosis Based on Dual-View
Disentanglement and Orthogonal Decomposition

Huijuan Hao1,2, Feifei Zhang1,2, Jinqiang Bai1,2∗, Qingyan Ding1,2, and Huanqing Xu1,2
1Key Laboratory of Computing Power Network and Information Security, Ministry of Education,

Shandong Computer Science Center (National Supercomputing Center in Jinan),
Qilu University of Technology (Shandong Academy of Sciences), Jinan, China

2Shandong Provincial Key Laboratory of Industrial Network and Information System Security,
Shandong Fundamental Research Center for Computer Science, Jinan, China

Email:183520498@qq.com, 13188932594@163.com, baijq@sdas.org*, dingqy@sdas.org,3848682717@qq.com

Abstract—Cross-operating-condition fault diagnosis in real
industrial scenarios typically encounters two major challenges.
First, source-domain data are often inaccessible due to privacy
and compliance constraints, which hinders the deployment of
conventional domain adaptation methods that rely on joint train-
ing with both source and target data. Second, the relationship
between the source and target label spaces is unknown a priori,
which often leads to misalignment between target samples and
source categories. To address these issues, this paper focuses on
Source-Free Universal Domain Adaptation (SF-UniDA) for fault
diagnosis and proposes a two-stage target adaptation framework.
In the source training stage, we leverage RandMix-based data
augmentation to construct a second view and impose a supervised
contrastive learning objective to enforce cross-view consistency
among samples of the same class, thereby encouraging domain-
invariant representation learning and feature disentanglement. In
the target adaptation stage, we first construct three criteria to de-
termine whether unknown classes exist in the target domain; we
then propose a pseudo-label construction method that integrates
DBSCAN clustering and orthogonal feature decomposition by
fusing cluster-level and instance-level information. Experiments
on the Case Western Reserve University (CWRU) and Paderborn
University (PU) datasets under universal-domain settings demon-
strate the effectiveness of the proposed fault diagnosis model.

Index Terms—fault diagnosis, universal domain adaptation,
transfer learning, feature decomposition

I. INTRODUCTION

In modern intelligent manufacturing, conducting highly
reliable fault diagnosis research for rotating machinery is of
practical significance for ensuring industrial safety and reduc-
ing operation and maintenance costs. Over the past decade, the
introduction of deep learning has reshaped the fault diagnosis
paradigm, promoting a shift from traditional approaches that
rely on handcrafted feature engineering and heuristic rules to
data-driven, end-to-end intelligent diagnosis. A variety of deep
neural networks have been applied to fault diagnosis, such as
convolutional neural networks (CNNs) [1], recurrent neural
networks (RNNs) [2], and Transformer models [3]. However,
data distributions under different operating conditions are often
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inconsistent, resulting in distribution discrepancies between
the source and target domains (i.e., domain shift) in cross-
domain fault diagnosis, which in turn degrades the perfor-
mance of deep learning-based methods.

To address the domain shift issue, domain adaptation (DA)
[4] has been widely adopted. DA transfers diagnostic knowl-
edge learned from labeled data in one operating condition
(source domain) to unlabeled data in other conditions (target
domain). Most existing DA methods assume that the source
and target domains share the same label set. For example, Li
et al. [5] integrated the Domain-Adversarial Neural Network
(DANN) with a GAN to simultaneously generate few-shot
samples and perform cross-operating-condition fault diagnosis.
For the open-set scenario, Zhao et al. [6] used an auxiliary
domain discriminator to identify suspicious unknown samples
and then jointly employed weighted domain adversarial learn-
ing and separative adversarial learning to enlarge the margin
between known and unknown classes. Although these methods
can be effective, they typically assume that the label-space
relationship between the source and target domains is known
in advance and are designed for a specific label-shift scenario;
therefore, they are difficult to transfer directly to other label-
shift settings.

To cope with complex real-world industrial environments,
Universal Domain Adaptation (UniDA) has been proposed.
UniDA requires no prior knowledge about the relationship
between the source and target label spaces; that is, neither the
shared classes nor the numbers of domain-private classes in
the source and target domains are known in advance. However,
industrial data are subject to strict privacy and compliance
constraints, and conventional unsupervised domain adaptation
methods often expose practical bottlenecks in real deploy-
ments. Motivated by these issues, this paper investigates the
more challenging Source-free Universal Domain Adaptation
(SF-UniDA) setting for bearing fault diagnosis and proposes
a two-stage target adaptation framework. In the source training
stage, we train a source model with strong generalization
capability; in the target adaptation stage, we perform target-



domain adaptation using the trained source model, thereby
achieving isolation between source-domain data and target-
domain adaptation. The main contributions of this paper are
summarized as follows.

(1) At the shallow layers of the network, we propose a
dual-view contrastive disentanglement module based on data
augmentation. Without relying on any target-domain data, it
disentangles domain-invariant and domain-specific features,
enabling the training of a model with strong generalization
ability.

(2) During target-domain adaptation, we construct three
criteria to determine whether unknown classes exist, namely
unknown-subspace projection strength, predictive uncertainty,
and similarity to source anchors.

(3) Based on DBSCAN clustering and orthogonal fea-
ture decomposition, we propose a pseudo-label construction
method that fuses cluster-level and instance-level information.

II. RELATED WORK

A. Universal Domain Adaptation

According to the set relationship between the source and
target label spaces, DA methods can be categorized into four
types: (1) Closed-set DA (CDA), where the target label set
is identical to that of the source domain; (2) Partial-set DA
(PDA), where the target label set is a proper subset of the
source label set; (3) Open-set DA (OSDA), where the source
label set is a proper subset of the target label set, indicating
the presence of unknown classes in the target domain; and (4)
Open-partial DA (OPDA), which assumes that both source and
target domains contain their own private classes.

In real-world industrial fault diagnosis, the key challenge
of cross-domain fault diagnosis under UniDA lies in that the
diagnostic model must simultaneously cope with distribution
shift and the above four class-transfer scenarios. Qian et al.
[7] proposed a multi-source transfer fault diagnosis method
via Adaptive Intermediate Class-Wise Distribution Alignment
(AICDA), which improves diagnostic accuracy; however, its
performance in open-set transfer tasks remains limited. Zhang
et al. [8] identified target-private samples based on the
prediction consistency of two classifiers, but the alignment
performance may degrade under class imbalance. Lin et al.
[9] proposed a UniDA method that combines self-supervised
clustering-based matching with extreme value theory, improv-
ing diagnosis under imbalanced data, but it is sensitive to
hyperparameters. Xu et al. [10] introduced a channel-level
feature transfer criterion together with a meta-recognition
calibration mechanism to reduce channel-wise feature drift
between shared-class and private-class samples; nevertheless,
it relies on multiple hyperparameters and threshold calibration.
Liu et al. [11] leveraged the self-supervised clustering structure
of target-domain data to learn discriminative representations
and used source class centers to guide alignment; however,
when the target domain is noisy, unknown-class discrimination
may become unstable.

B. Source-Free Universal Domain Adaptation

However, although universal domain adaptation has
achieved notable progress, traditional approaches that require
simultaneous access to both source and target data for training
become impractical in modern intelligent industrial systems
with strict privacy constraints. Consequently, SF-UniDA has
attracted growing attention to address this challenge [12].
Liu et al. [13] proposed a source-free UniDA method that
generates pseudo-labels via global and local clustering and
further incorporates contrastive learning; however, it is sen-
sitive to the initial pseudo-label quality and may degrade
when the target-domain distribution is highly complex. Li et
al. [14] developed a neighborhood-search-based strategy to
construct reliable sample pairs, together with an entropy-based
unknown-fault detection mechanism, but it fails to effectively
disentangle compound faults. To address these limitations,
this paper proposes a fault diagnosis method that leverages
the intrinsic structural information of the target domain and
exhibits strong generalization capability.

III. METHOD

A. Data Augmentation

We introduce style-perturbed RandMix2D to construct a
second-view pseudo-source domain. Specifically, given an in-
batch sample x, we randomly shuffle the batch to obtain
a style sample xs, and compute its channel-wise mean and
standard deviation (µs, σs). We then apply Adaptive Instance
Normalization (AdaIN) [15] to the original sample as:

AdaIN(x;µs, σs) =

(
x− µx
σx

)
� σs + µs, (1)

where (µx, σx) denote the channel-wise statistics of x. We
introduce a mild random jitter to the style standard deviation
as σs ← σs � (1 + εjit) with εjit ∼ N (0, δ2). After style
replacement, RandMix2D further injects weak Gaussian noise.
We sample a mixing coefficient λ from a Beta distribution
and linearly mix the original image with the stylized image as
x̃ = λx + (1 − λ) AdaIN(x;µs, σs), where λ ∼ Beta(α, α).
In implementation, we clip λ as λ← clip(λ, 0.2, 0.8).

B. Dual-view Contrastive Disentanglement Module

To enable the network to learn more stable and trans-
ferable features during source-domain training without ac-
cessing any target-domain data, we introduce a dual-view
contrastive mechanism on shallow features, as illustrated in
Fig. 1. We concatenate the original and augmented sam-
ples to form a batch of size 2B. We define a learnable
parameter M ∈ R2×C×1×1 and apply a softmax with tem-
perature τ to obtain two sets of channel weights: W =
softmax(M/τ), W ∈ R2×C×1×1. Accordingly, we perform
channel-wise weighted decomposition of the shallow feature
F : Finv = F �Winv, Fspc = F �Wspc, where � denotes
element-wise multiplication, and inv and spc represent the
two shallow-feature components after channel-wise routing.
We expect the domain-invariant representations of the same
class to remain consistent across the two views. Therefore, we



Fig. 1. Dual-view contrastive disentanglement module in the shallow feature
layers.

feed the domain-invariant features from the two views into a
projector to obtain z1inv and z2inv, and employ a supervised
contrastive loss to enforce cross-view consistency. Taking
view 1 as the anchor and view 2 as the contrast set, we define
the positive set P (i) as samples belonging to the same class.
The loss is formulated as:

Linv
nce = − 1

B

B∑
i=1

1

|P (i)|
∑
p∈P (i)

log
exp
(
sim
(
z1inv,i, z

2
inv,p

)
/τnce

)
∑B
j=1 exp

(
sim
(
z1inv,i, z

2
inv,j

)
/τnce

) . (2)

where sim(·, ·) denotes cosine similarity and τnce is the
temperature parameter. To further reduce the coupling between
the two components, we regularize the statistical dependence
between Finv and Fspc within each view using the normalized
Hilbert–Schmidt Independence Criterion (HSIC) with a multi-
scale RBF kernel, and average it over the two views:

Lhsic =
1

2

(
nHSIC(v1inv, v

1
spc) + nHSIC(v2inv, v

2
spc)
)
, (3)

where vinv and vspc are the vectors obtained by apply-
ing global average pooling. This regularization encourages a
clearer division of labor between the two components and
reduces information entanglement. We adopt label-smoothed
cross-entropy as the classification loss:

Lce = − 1

2B

2B∑
i=1

K∑
k=1

ỹik log pik, ỹik = (1− εls)yik + εls/K.

(4)
where p denotes the softmax probabilities, y is the one-
hot label, and εls is the smoothing factor. Overall, when
considering only the above three constraints, the objective for
the source training stage is formulated as:

Ltotal = Lce + λnceL
inv
nce + λhsicLhsic, (5)

where λnce and λhsic are the weighting coefficients of the
corresponding losses, which are set to 0.6 and 0.5 in our
experiments, respectively.

C. Unknown-Class Existence Detection in the Adaptation
Stage

In SF-UniDA, we freeze the classifier to preserve the
source-specific decision function by setting htθ = hsθ, and
only learn a target-specific feature extractor gtθ, as illustrated
in Fig. 2. We then construct three criteria to determine whether

unknown classes exist. The first criterion is the similarity
between target samples and source known classes. We treat
the weight vectors of the linear classification head trained on
the source domain as source class prototypes {sc}Cc=1, and
define the source-similarity score for the i-th target sample as

qsrci = 1− max
c∈{1,...,C}

〈
zti , sc

〉
, (6)

where zti denotes the normalized feature of the target sample,
sc is the prototype of the c-th source class, and 〈·, ·〉 denotes
cosine similarity. The second criterion comes from predictive
uncertainty. We adopt the normalized entropy:

qenti =
H(pi)

logC
, H(pi) = −

C∑
c=1

pic log pic, (7)

where pi denotes the predicted probability over the C known
classes and H(·) is the information entropy. The third crite-
rion is the unknown-subspace energy induced by orthogonal
decomposition. Consider the source classifier weight matrix
Wcls ∈ RC×D, where the subspace spanned by its row vectors
can be viewed as the set of discriminative directions for source
known classes. To obtain a stable orthogonal basis, we perform
Singular Value Decomposition (SVD) on Wcls:

Wcls = UΣV >, (8)

where U and V are orthogonal matrices and Σ is a diagonal
matrix. Accordingly, the target feature zti can be decomposed
into the sum of two orthogonal components in the known and
unknown subspaces:

zti =

C∑
n=1

`nvn︸ ︷︷ ︸
zti,knw

+

D∑
n=C+1

`nvn︸ ︷︷ ︸
zti,unk

,
∥∥zti,knw∥∥22+

∥∥zti,unk∥∥22 = 1.

(9)
where `n denotes the projection coefficient of zti onto the basis
vector vn, and zti,knw and zti,unk are the components in the
known and unknown subspaces, respectively. We use the `2
norm of the unknown component as the third criterion:

qupni =
∥∥zti,unk∥∥2 . (10)

After obtaining the three criteria qsrci , qenti , and qupni ,
we perform a bimodality test (via two-component GMM
model selection) on each evidence sequence. If the high-
mean component has a non-negligible proportion, we regard
the corresponding evidence as supporting the existence of
unknown classes.

D. Cluster-Level Pseudo-Label Construction for Unknown
Classes

When unknown classes are detected in the target domain,
we first perform DBSCAN clustering on the target features to
mine suspected unknown clusters. The DBSCAN parameters
ε and min_samples are selected via grid search. After
clustering, we identify unknown clusters solely based on their
similarity to the source prototypes. Specifically, for each target



Fig. 2. Implementation details of target-domain adaptation

sample, we compute the maximum similarity to source class
prototypes {sc}Cc=1 as ssrci = maxc∈{1,...,C}max(0, 〈zti , sc〉),
and then set a threshold using a quantile of {ssrci }Ni=1 as
τsrc = Quantile

(
{ssrci }Ni=1, q

)
. For any non-noise cluster

Ck, we compute the average within-cluster similarity s̄srck =
1
|Ck|

∑
i∈Ck

ssrci . If s̄srck < τsrc, we mark the entire cluster
as a suspected unknown cluster and assign the cluster-level
unknown indicator Iclu(i) = 1. When unknown classes are
not detected, we skip this cluster-level unknown mining.

E. Instance-Level Pseudo-Label Construction

Afterwards, for each known class c, we select the Top-K
target samples with the highest predicted probability for class
c to form a Top-K set Ωc, and compute the target prototype
tc as the mean feature of Ωc. During the Top-K selection,
we explicitly exclude samples that are marked as unknown
clusters (i.e., Iclu(i) = 1), thereby reducing the interference
of unknown samples on the target prototypes.

Following prior work [16], after constructing the tar-
get prototypes, we compute the target similarity and
source similarity and define a fused score: ui(c) =√

(1− e−stari (c)) · e ssrci (c)−1,where stari (c) = max(0, 〈zti , tc〉)
and ssrci (c) = max(0, 〈zti , sc〉) denote the similarity to the
target prototype and the similarity to the source prototype,
respectively. We assign the initial pseudo-label as ŷi =
arg maxc ui(c). We fit a two-component Gaussian Mixture
Model (2-GMM) to

∥∥∥zti,unk∥∥∥
2

and obtain the larger-mean
component µ2. For each class c, we compute the mean
unknown energy of its Top-K samples as a prior πc, which
yields a class-conditional threshold: τi,c = πc + ui(c) ·
max(0, µ2 − πc) ,where µ2 denotes the larger mean in the 2-
GMM, πc is the unknown-energy prior for class c, and τi,c is
the threshold for sample i under class c. The final unknown-
class decision is given by

ỹi =

{
C + 1, Iclu(i) = 1 or

∥∥∥zti,unk∥∥∥
2
≥ τi,ŷi ,

ŷi, otherwise,
(11)

where Iclu(i) is the cluster-level unknown indicator and C+1
denotes the index assigned to the unknown class.

The loss function in the target-domain adaptation stage
consists of three terms. The first term is the weighted pseudo-
label cross-entropy:

Lpsd =
1

B

B∑
i=1

[
−wi

C∑
c=1

ỹic log(pic + εnum)

]
, (12)

where ỹic = I[ỹi = c] for c ∈ {1, . . . , C}, pi is the
current predicted probability, εnum is a numerical stabilizer,
and wi is the sample weight. The second term is a subspace-
regularization loss:

Lreg =
1

B

B∑
i=1

−wi ∑
j∈{knw,unk}

uij log(rij + εnum)

 , (13)

where ui is a binary one-hot vector derived from the pseudo-
unknown indicator and rij denotes the probability that sample
i belongs to the known or unknown subspace. The third term
is a KNN consistency loss. For each sample, we retrieve its
Top-K nearest neighbors from a feature memory bank, use
the mean prediction of these neighbors as a soft target qi, and
minimize

Lknn =
1

B

B∑
i=1

[
−

C∑
c=1

qic log(pic + εnum)

]
. (14)

The overall loss is

L = λ1Lpsd + λ2Lreg + λ3Lknn, (15)

where λ1, λ2, and λ3 are weighting coefficients.

IV. EXPERIMENTS

A. Datasets

In this study, we adopt two widely used public benchmark
datasets, the CWRU bearing fault dataset and the PU bearing
dataset. The CWRU dataset includes signals collected under
normal conditions as well as faults on the inner race, outer
race, and rolling elements. In our experiments, we select one
normal class and nine fault classes, as listed in Table I. We
treat different operating conditions as different domains to
construct transfer tasks. Specifically, the CWRU dataset is
divided into four domains according to motor load and speed:
Domain A (0 hp / 1797 rpm), Domain B (1 hp / 1772 rpm),
Domain C (2 hp / 1750 rpm), and Domain D (3 hp / 1730
rpm). Based on these domains, we construct eight adaptation
tasks covering CDA, PDA, OSDA, and OPDA settings to
evaluate performance under the universal adaptation scenario,
as detailed in Table II. The Paderborn University (PU) dataset
contains two types of bearing damage data: artificially induced
defects and naturally occurring real damage. In this study, we
select five artificial fault classes and five real fault classes, as
summarized in Table III. Similarly, we construct eight domain
adaptation tasks on PU. For each task, the source/target label-
space setting follows the same eight configurations as those
used for CWRU, as listed in Table II.



TABLE I
INFORMATION ABOUT CWRU DATASET.

label 0 1 2 3 4 5 6 7 8 9
types normal IR007 B007 OR007 IR021 B021 OR021 IR014 B014 OR014

location – IR Ball OR IR Ball OR IR Ball OR

TABLE II
CONFIGURATIONS OF UNIDA TASKS FOR CWRU DATASET.

Task Source Target Source label Target label Scenario
T1 A B 0,1,2,3,4,5,6,7,8,9 0,1,2,3,4,5,6,7,8,9 CDA
T2 B D 0,1,2,3,4,5,6,7,8,9 0,1,2,3,4,5,6,7,8,9 CDA
T3 A B 0,1,2,3,4,5,6,7,8,9 0,1,2,3,4,5,6 PDA
T4 B C 0,1,2,3,4,5,6,7,8,9 0,1,2,3,4,5,6 PDA
T5 C B 0,1,2,3,4,5,6 0,1,2,3,4,5,6,7,8,9 OSDA
T6 C D 0,1,2,3,4,5,6 0,1,2,3,4,5,6,7,8,9 OSDA
T7 A B 0,1,2,3,4,5,6 0,1,2,3,7,8,9 OPDA
T8 C A 0,1,2,3,4,5,6 0,1,2,3,7,8,9 OPDA

TABLE III
INFORMATION ABOUT PU DATASET.

Class label 0 1 2 3 4 5 6 7 8 9
Fault types KA01 KA03 KA04 KA07 KA16 KI01 KI03 KI04 KI07 KI16

Fault location OR OR OR OR OR IR IR IR IR IR

B. Experimental Setup

Experiments are conducted on an NVIDIA RTX 5070 GPU
with Python 3.12, PyTorch 2.7.1, and CUDA 12.8. We set the
batch size to 64, initialize the learning rate to 5 × 10−4, and
optimize the model using stochastic gradient descent (SGD).
The loss weights are set to λ1 = 0.6 and λ2 = λ3 = 1. We
split the training and test sets chronologically on the raw time
series, and then segment the signals using a sliding window of
1024 points. Each segment is transformed by the continuous
wavelet transform (CWT), mapping the 1D vibration signal
into a 2D time–frequency energy image. We employ a five-
layer feature extractor, where the contrastive disentanglement
module is inserted after the third convolutional layer. The
fourth and fifth layers are implemented using separable multi-
scale convolution (SMC) and a broadcast self-attention (BSA)
block [17], with architectural details summarized in Table IV.
For CDA and PDA tasks, we report the per-class accuracy,
whereas for OSDA and OPDA tasks, both the per-class accu-
racy and the H-score are reported.

To validate the effectiveness of our method, we compare it
with several approaches: (1) DANN [18]; (2) WATN [19]; (3)
UAN [20]; (4) THC-DAN [8]; and (5) SFUDA-HCS [13].

TABLE IV
ARCHITECTURE DETAILS OF THE FEATURE EXTRACTOR.

Layers Output size Main settings
Input 3× 256× 256 –

Conv1 32× 128× 128 Conv 3×3 (s= 1, p= 1), BN, ReLU, MaxPool 2×2

Conv2 64× 64× 64 Conv 3×3 (s= 1, p= 1), BN, ReLU, MaxPool 2×2

Conv3 128× 32× 32 Conv 3×3 (s= 1, p= 1), BN, ReLU, MaxPool 2×2

C4: SMC 256× 16× 16 SepConv2d k = 3/5/7 (s= 1, p= 1/2/3) ×3 →
Concat (768ch) →
Conv 1× 1 (768→256), BN, ReLU, MaxPool 2× 2

C5: BSA 256× 8× 8 Proj k/v/q: Conv 1 × 1, q via GAP, heads= 4,
out proj: Conv 1× 1,
residual, BN, ReLU, MaxPool 2× 2

Fig. 3. Visualization of the UniDA scenario on the CWRU dataset

Fig. 4. Comparison of different methods on the CWRU and PU datasets

C. Results of Comparative Experiments

Fig. 3 visualizes the eight universal adaptation tasks on
the CWRU dataset. Combined with the results in Table V
and Fig. 4, the average performance shows that our method
consistently outperforms the best competing approach. On
CWRU, it improves the average accuracy by 1.17% and the
average H-score by 5.57%. On PU, it increases the average
accuracy by 2.26% and the average H-score by 2.64%. These
gains mainly come from the OSDA and OPDA scenarios that
involve unknown classes, which aligns with our design: we
first assess whether unknown classes truly exist in the target
domain, and then perform cluster-level exclusion and instance-
level filtering when unknowns are present. This strategy effec-
tively reduces the risk that unknown samples contaminate Top-
K prototypes, improves pseudo-label quality, and ultimately
yields a substantial increase in H-score.

D. Ablation Study

From the ablation results in Table VI, M1 yields the weakest
performance. This is mainly because when the target domain
contains unknown-class samples, they may be mistakenly
absorbed into the Top-K set of known classes, thereby con-
taminating the corresponding known-class prototypes. After

TABLE V
THE AVERAGE CLASS ACCURACY AND H-SCORE(%) ON THE CWRU

DATASET.

Task DANN WATN UAN THC-DAN HCS ours
Acc Acc Acc H-Score Acc H-Score Acc H-Score Acc H-Score

T1 95.90 96.60 97.20 — 98.23 — 98.35 — 99.03 —
T2 95.31 95.54 98.70 — 98.90 — 98.56 — 98.90 —
T3 91.21 98.65 91.21 — 98.82 — 99.03 — 99.90 —
T4 91.50 97.54 93.25 — 99.48 — 98.56 — 98.82 —
T5 73.80 70.74 72.11 50.70 95.39 83.63 90.68 90.78 89.30 92.10
T6 71.76 87.13 82.36 70.40 94.42 85.56 93.76 89.54 98.10 94.60
T7 56.75 62.68 76.11 62.81 93.55 91.30 92.67 90.45 99.30 99.60
T8 57.08 80.74 79.60 65.81 93.00 90.95 94.87 91.87 97.80 98.60

Average 79.16 86.20 86.32 62.43 96.47 87.86 95.81 90.66 97.64 96.23



TABLE VI
ABLATION STUDY RESULTS ON THE CWRU DATASET.

Method Randmix
Contrastive

disentanglement
module

Unknown
detection

cluster pse-label

Instance
pse-
label

Acc H-score

M1 7 7 7 3 83.34 80.91
M2 7 7 3 3 86.37 85.04
M3 3 7 7 3 90.21 88.51
M4 3 7 3 3 95.45 94.72
M5 3 3 7 3 95.23 94.57
M6 3 3 3 3 97.64 96.23

incorporating unknown-class existence detection and cluster-
level unknown pseudo-label construction in M2, the prototype
contamination issue is significantly alleviated, leading to im-
proved accuracy and H-score. With RandMix augmentation
introduced in M3, both accuracy and H-score are further
improved, indicating that the style-perturbed second view is
beneficial for feature transfer. Comparing M4 and M5 shows
that adding either the contrastive disentanglement module or
the unknown-class detection mechanism consistently improves
model performance: the former emphasizes cross-view consis-
tency for samples of the same class, while the latter enhances
the reliability of pseudo-labels. Finally, M6 further boosts the
accuracy by 2.19% and the H-score by 1.51% compared with
M4. Overall, these components jointly contribute to the overall
performance gain.

V. CONCLUSION

This paper addresses cross-condition fault diagnosis in
real industrial scenarios, where the source–target label-space
relationship is unknown and industrial data are constrained
by privacy requirements. We propose a two-stage target-
domain adaptation framework. A dual-view contrastive disen-
tanglement module is introduced at shallow feature layers to
learn robust domain-invariant features. During target-domain
adaptation, we first detect the existence of unknown classes
based on three evidence signals, and then construct high-
quality pseudo-labels by combining DBSCAN-based cluster-
level exclusion with orthogonal-decomposition-based instance-
level filtering. Experimental results show that the proposed
method achieves clear improvements in accuracy and H-score
under the universal adaptation setting. Future work will focus
on more adaptive unknown-class decision criteria and more
stable pseudo-label calibration mechanisms to further improve
generalization when classes are highly overlapped.
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