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Abstract—Bearing fault diagnosis is essential for indus-
trial machinery reliability, but domain shifts from varying
operational conditions often degrade model performance.
While domain adaptation techniques mitigate this issue,
challenges like unreliable pseudo-labels and lack of sam-
ple evaluation mechanisms remain critical bottlenecks.
This paper proposes UTC-DA, a novel approach leveraging
uncertainty and temporal consistency for domain-adaptive
bearing fault diagnosis. UTC-DAintegrates two key mod-
ules: (1) a data augmentation-based pseudo-label voting
strategy, enhancing robustness through majority voting
on perturbed samples; (2) an uncertainty-aware sample
selection mechanism, balancing sample discriminability
and diversity by dynamically weighting predictions based
on entropy and neighborhood consistency; and filtering
high-confidence samples by tracking temporal stability.
Experiments on PU and JNU bearing datasets show that
UTC-DA outperforms existing state-of-the-art methods in
diverse cross-domain tasks, validating UTC-DA’s gener-
alization capabilities and practical utility in real-world
industrial applications.
Index Terms—Bearing Fault Diagnosis, Domain Adap-

tation, Pseudo-label Reliability, Uncertainty Estimation,
Historical Prediction Consistency.

I. Introduction
Intelligent fault diagnosis of mechanical equipment,

particularly rolling bearings, plays a crucial role in en-
suring industrial safety and operational efficiency [1],
[2]. Bearing fault diagnosis aims to identify bearing
health conditions using sensing signals such as vibration
and acoustic emission. In recent years, data-driven diag-
nostic methods have garnered significant attention. This
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is particularly true in cross-domain scenarios, where
variations in operational conditions induce substantial
distribution shifts between source and target data.

Traditional fault diagnosis methods [3] typically rely
on large amounts of labeled data and assume consis-
tent data distributions between training and deployment
stages, which limits their applicability in real industrial
environments. To alleviate this issue, domain adaptation
techniques have been introduced to extract transfer-
able features through feature alignment and adversar-
ial learning. Related studies have explored strategies
such as feature alignment [4], weight redistribution [5],
and pre-training followed by fine-tuning [6] to improve
cross-domain diagnostic performance.

However, collecting labeled data from target domains
is often impractical in industrial scenarios. Domain gen-
eralization and source-free domain adaptation (SFDA)
therefore aim to enable model deployment without ac-
cess to target-domain labels by learning generalized
representations across domains [7]. To address issues
such as data imbalance [8] and negative transfer [9],
SFDA-based strategies including label voting mecha-
nisms [10] have been proposed to improve robust-
ness under cross-domain shifts. However, most-existing
SFDA-based methods still lack mechanisms to evaluate
the reliability of pseudo-labeled target samples, leading
to performance degradation under severe domain shifts.

In this paper, we present UTC-DA, an Uncertainty
and Temporal Consistency for Domain-Adaptive Bear-
ing Fault Diagnosis. The proposed approach focuses
on improving the reliability of pseudo labels during
target-domain adaptation by progressively refining them
through multiple complementary mechanisms. Specifi-
cally, an uncertainty-aware learning strategy is designed



to regulate the relationship between feature represen-
tations and pseudo labels, thereby fostering discrimi-
native and stable cluster formation in the presence of
noisy target-domain annotations. In addition, a data
augmentation-based voting mechanism is incorporated
to evaluate label reliability by aggregating predictions
from multiple perturbed views, thereby enhancing ro-
bustness against complex operating conditions. Further-
more, historical prediction consistency is incorporated
to continuously assess pseudo-label stability over train-
ing iterations, which helps suppress the influence of
unreliable high-confidence samples.

Experiments conducted on the PU [11] and JNU
[12] bearing datasets reveal that UTC-DA outperforms
state-of-the-art methods across a variety of cross-
domain tasks, achieving average accuracies of 99.19%
and 97.52%, respectively. These results significantly ex-
ceed those of existing methodologies, thereby validating
their robust generalization capability and practical ap-
plicability in real-world industrial settings.

In summary, the main contributions of this work are
as follows:

• We propose an uncertainty-aware source-free do-
main adaptation framework for bearing fault di-
agnosis, which explicitly models the reliability of
pseudo labels and enables robust cross-domain
adaptation without access to source-domain data.

• Within this framework, a high-confidence
pseudo-label refinement strategy is developed
by jointly considering uncertainty estimation,
data augmentation-based voting, neighborhood
consistency, and historical prediction consistency,
which effectively mitigates the negative impact
of unreliable pseudo-labeled samples during
target-domain adaptation.

• Thorough evaluations on two public datasets show
that our method achieves competitive performance
against state-of-the-art methods, demonstrating its
effectiveness and superiority.

II. Related Works
A. Unsupervised Domain Adaptation-based Diagnosis

Unsupervised domain adaptation (UDA) aims to
achieve accurate predictions on unlabeled target data
by leveraging labeled source data while reducing cross-
domain distribution discrepancies [13]. Grounded in sta-
tistical learning theory [14], UDA methods have been
widely applied across various fields. Existing studies can
be broadly categorized into metric-based, adversarial-
based, and hybrid approaches.

Metric-based methods mitigate domain shift by align-
ing statistical distributions between domains, with
representative techniques including Maximum Mean
Discrepancy (MMD) [15] and Correlation Alignment
(CORAL) [16]. Adversarial-based approaches employ ad-
versarial learning to automate feature alignment, such

as gradient reversal mechanisms used in DANN [17] and
separate domain encoders in ADDA [18]. Hybrid methods
combine metric learning and adversarial objectives to
enhance transferability, including multi-fault networks
and attention-enhanced alignment strategies.

B. Source-Free Domain Adaptation-based Diagnosis

Source-free domain adaptation focuses on adapting
pre-trained models to unlabeled target domains without
access to source data, which is particularly important
under data privacy constraints [19]. SHOT established
a foundational SFDA framework by integrating pseudo-
labeling with information maximization [20]. Subse-
quent studies extended SFDA to rotating machinery fault
diagnosis through information-theoretic optimization
and self-training strategies [21].

Recent SFDA research has explored contrastive learn-
ing frameworks [22], self-distillation mechanisms [23],
and data augmentation techniques such as mani-
fold mixup [24]. Uncertainty-aware methods [25] and
clustering-based approaches [26] have also been inves-
tigated to improve feature discrimination and pseudo-
label reliability under complex operating conditions.

III. Methodology

A. Model Overview

Figure 1 illustrates the overall workflow of the pro-
posed UTC-DA framework, which follows a unified
source-free domain adaptation paradigm for bearing
fault diagnosis. The framework consists of two stages:
supervised model pre-training in the source domain
and uncertainty-aware model adaptation in the target
domain.

In the pre-training stage, the model is trained in a
supervised manner using labeled source domain sam-
ples. Specifically, the model is optimized by minimizing
the cross-entropy loss LCE computed over the source
domain dataset Ds. The cross-entropy loss LCE is

LCE = −E(xs
i , y

s
i ) ∈ Ds

∑
c = 1Cqc log σc (g (f(x

s
i )))

(1)
Here, C is the total number of classes, q denotes the

one-hot encoded label where qc = 1 for the ground-truth
class and 0 otherwise, and σc(g(f(x

s
i ))) is the predicted

probability of xs
i belonging to class c. Minimizing LCE

encourages the model to assign higher probabilities to
correct classes, thereby learning discriminative features.
The resulting parameters of f and g are transferred to
the target domain.

In the target-domain adaptation stage, UTC-DA fo-
cuses on progressively improving pseudo-label reliabil-
ity through several complementary functional modules.
First, a multi-view data augmentation and pseudo-label
voting module generates diverse target-domain samples
via Gaussian noise injection and random scaling, and



Fig. 1: UTC-DA Framework Overview

assigns initial pseudo labels based on voting consen-
sus. Then, an uncertainty estimation module evaluates
pseudo-label reliability by jointly modeling prediction
uncertainty and neighborhood consistency in the feature
space. In addition, a historical prediction consistency
module tracks temporal stability across training itera-
tions to suppress unreliable samples and dynamically
adjust their contributions during optimization.

To further alleviate domain shift and enhance dis-
criminative ability, multiple loss functions are collab-
oratively optimized during adaptation. Specifically, ad-
versarial loss Ladv aligns feature distributions between
domains, uncertainty-aware loss Lunc suppresses unre-
liable pseudo labels while preserving feature diversity,
and feature discrimination loss Larc enhances class sep-
arability by enforcing clear decision boundaries in the
target domain.

B. Pseudo-Label Reliability Enhancement Modules

1) Robust Pseudo-Label Generation: Following the
overall framework, robust pseudo-label generation
serves as the first step to initialize supervision signals
for target-domain adaptation. Multiple augmented views
are generated for each target sample, and prediction
consensus across views is exploited to reduce the in-
fluence of domain shift.

Majority voting is adopted to aggregate predictions
from augmented samples. The final pseudo label is

determined by:

ŷj = argmax
c

K∑
k=1

I(argmax p
(k)
j = c) (2)

where K denotes the number of augmentations.
2) Uncertainty-Aware Sample Selection Mechanism:

Building upon the generated pseudo labels, an
uncertainty-aware weighting mechanism is introduced
to evaluate their reliability and adjust sample
contributions during optimization. This module jointly
considers prediction confidence and neighborhood
consistency to quantify pseudo-label uncertainty.

Based on the estimated uncertainty uj , each target
sample is assigned a weight ωj = exp(−λuj), and the
uncertainty-aware loss is formulated as:

Lunc =

Nt∑
j=1

ωj

[
λ1LCE(p

t
j , y

t
j) + λ2Ldiv(p

t
j)
]

(3)

where λ, λ1, and λ2 are weighting coefficients.
Although uncertainty-aware weighting improves

pseudo-label utilization, temporal instability may
still exist. To further refine sample reliability, a
hard sample filtering mechanism based on historical
prediction consistency is introduced as a complementary
component of the framework.



Prediction stability is quantified by measuring the
divergence between consecutive predictions:

Cons(t)j =
1

C

C∑
c=1

∣∣∣p(t)jc − p
(t−1)
jc

∣∣∣ (4)

The corresponding sample weight is dynamically ad-
justed as:

w
(t)
j =

1

1 + β · Cons(t)j

(5)

where β controls the influence of temporal consistency.

C. Optimization Strategy
1) Domain Alignment Loss: To address the challenge

of domain shift in unsupervised domain adaptation,
this work integrates an adversarial domain alignment
loss. It employs an adversarial training strategy to learn
domain-invariant feature representations. Let F denote
the feature extractor and D the domain classifier. The
adversarial objective is formulated as:

Ladv = Ez∼Zs
[log(1−D(z))] + Ez∼Zt

[log(D(z))] (6)

where Zs and Zt represent the source and target
domain feature distributions, respectively. This formu-
lation promotes feature distribution alignment by opti-
mizing F to generate features that confuse the domain
discriminator D.

2) Feature Discrimination Enhancement Loss: Al-
though domain alignment reduces cross-domain dis-
crepancies, it may weaken class discrimination in the
target domain. To compensate for this effect, a feature
discrimination enhancement loss is incorporated to ex-
plicitly improve class separability.

Specifically, the ArcFace loss introduces an angu-
lar margin in the feature space, enlarging inter-class
distances while compacting intra-class variations. This
property is particularly beneficial under severe domain
shifts, where decision boundaries are prone to ambigu-
ity.

The ArcFace loss is defined as:

Larc = − 1

Nt

Nt∑
j=1

log

 e
s cos(θyt

j
+m)

e
s cos(θyt

j
+m)

+
∑

c̸=yt
j
es cos θc


(7)

where s denotes the feature scaling factor and m con-
trols the angular margin.

3) Total Loss: The comprehensive optimization objec-
tive function [27] with uncertainty estimation is formu-
lated as:

Ltotal = LCE + αLunc + µLadv + ζLarc (8)

Here, LCE maintains source-domain discriminability,
Lunc improves pseudo-label reliability, Ladv aligns fea-
ture distributions across domains, and Larc enhances
class separability. The hyperparameters α, µ, and ζ
control the contribution of each loss.

IV. Experiments Setup

This section provides a comprehensive evaluation of
the proposed passive domain adaptive method based
on uncertainty estimation using two publicly available
datasets: the JNU dataset and the PU dataset. The ex-
periments aim to demonstrate the advantages of the
proposed method over existing approaches in fault diag-
nosis tasks and analyze its performance under different
combinations of loss functions.

A. Datasets

University of Paderborn (PU) Dataset: The PU
dataset includes one healthy bearing (K001) and seven
faulty bearings (KA04, KA15, KA22, KA30, KI14, KI17,
KI21), covering outer-ring and inner-ring faults. It con-
sists of six healthy samples, 12 artificially damaged sam-
ples, and 14 naturally worn samples under accelerated
loading. Vibration signals were sampled at 64 kHz, with
20 measurements per condition, and truncated to 2048
points. The dataset was divided into three domains: A1
(1500 r/min, 0.1 Nm, 1000 N), A2 (1500 r/min, 0.7 Nm,
400 N), and A3 (1500 r/min, 0.7 Nm, 1000 N).

Jiangnan University (JNU) Dataset: The JNU dataset
contains four bearing conditions: healthy (NO), inner-
ring (IR), ball (B), and outer-ring (OR) faults, generated
via precision-machined micro-indentations. Each signal
was truncated to 2048 points, with 2000 samples per
category. Based on rotational speed, the dataset was
divided into three domains: B1 (600 r/min), B2 (800
r/min), and B3 (1000 r/min).

TABLE I: Details of Network Architecture.

Stage Layer Composition Output
Shape

Input Raw vibration signal [B, 1, 2048]
Conv Stage 1 Conv + BN + ReLU + MaxPool [B, 16, 1024]
Conv Stage 2 Conv + BN + ReLU + MaxPool [B, 32, 512]
Conv Stage 3 Conv + BN + ReLU + MaxPool [B, 64, 256]
Conv Stage 4 Conv + BN + ReLU + Global AvgPool [B, 128, 1]
Feature
Embedding

Flatten → FC → ReLU → Dropout [B, 64]

Classifier FC → Softmax [B, C]

B. Baselines

The comparative study includes representative trans-
fer learning and domain adaptation methods, summa-
rized as follows.

Statistical Metric-Based Methods: These methods
reduce domain discrepancy by aligning statistical dis-
tributions. Joint Adaptive Networks (JAN) [28] minimize
joint maximum mean discrepancy across layers, while
Correlation Alignment (CORAL) [29] aligns second-order
statistics between domains.

Adversarial-Based Domain Adaptation Methods:
Adversarial training is adopted to learn domain-
invariant features. Domain Adversarial Neural Networks



Fig. 2: Performance comparison of different domain adaptation methods on PU datasets

Fig. 3: Performance comparison of different domain adaptation methods on JNU datasets

(DANN) [30] employ a domain discriminator with gradi-
ent reversal, whereas Adversarial Discriminative Domain
Adaptation (ADDA) [31] performs step-wise adversarial
learning to map target features into the source space.
Label-Embedded Adversarial Domain Adaptation (LEAD)
[32] further enhances adversarial alignment by embed-
ding category-related information into the domain dis-
crimination process, thereby alleviating class confusion
during cross-domain adaptation.

Source-Free Domain Adaptation Methods: These
approaches adapt models without accessing source data.
SHOT [33] combines entropy minimization and self-
training with pseudo-labels, while SFAD [21] replaces
entropy regularization with kernel norm regularization
for fault diagnosis. SF-CA [34] enhances pseudo-label
reliability via clustering hypotheses and R-drop with
conditional autoencoders.

C. Implemetation Details

Experimental Setup: All methods are trained using
the same raw vibration signals to ensure fair compar-
ison. Identical training hyperparameters are adopted
across all datasets. The batch size is set to 64, and
models are trained for 100 iterations. A learning rate
of 0.0001 is used during target adaptation to alleviate

overfitting, with the Adam optimizer and a weight decay
of 0.0001.

Network Architecture: The proposed framework
adopts a lightweight one-dimensional CNN as the fea-
ture backbone to extract discriminative representations
from raw vibration signals. The backbone network fol-
lows a standard architecture consisting of a feature
extraction module and a classification module.

The feature extraction module is composed of sev-
eral stacked convolutional stages, each including a
one-dimensional convolution layer, batch normaliza-
tion, ReLU activation, and a downsampling operation.
Through progressively increasing channel dimensions
and reducing temporal resolution, the backbone cap-
tures hierarchical features that characterize bearing
fault patterns at different scales.

The classification module consists of a fully connected
layer followed by nonlinear activation and Dropout reg-
ularization, producing compact feature embeddings for
subsequent prediction. This backbone network serves as
a unified feature extractor for the proposed framework,
upon which the pseudo-label voting module (M1) and
the uncertainty-aware optimization module (M2) are
applied during target-domain adaptation.



V. Results

A. Comparison with SOTA

The proposed UTC-DA method was evaluated on the
PU and JNU datasets, with results shown in Fig. 2 and
Fig. 3. In Fig. 2, the red star-marked curve denotes UTC-
DA . Solid lines indicate source-free domain adaptation
methods, while dashed lines represent traditional UDA
methods. ”A1→A2” denotes adaptation from source do-
main A1 to target domain A2.

As a source-free method, UTC-DA does not require
access to source domain data. By incorporating uncer-
tainty estimation into pseudo-label selection, unreliable
target samples are effectively filtered during adaptation.

On the PU dataset, UTC-DA achieves the highest
average accuracy of 99.19%, outperforming all baseline
methods across different transfer tasks. On the JNU
dataset, UTC-DA also obtains the best average accuracy
of 97.52%, indicating stable performance under varying
operating conditions.

Among the compared methods, JAN, CORAL, DANN,
and ADDA rely on source-domain data for distribution
alignment, while SHOT, SFAD, SF-CA, and LEAD oper-
ate in source-free settings. Compared with these ap-
proaches, UTC-DA shows more consistent performance
across all adaptation directions.

Overall, the superior average accuracy on both
datasets demonstrates that UTC-DA exhibits strong
generalization capability in source-free cross-domain
bearing fault diagnosis.

To gain a deeper and more intuitive understanding
of the proposed UTC-DA, t-distributed stochastic neigh-
bor embedding (t-SNE) was employed to visualize and
analyze the output features from the feature extrac-
tion module. Task A1→A2, A1→A3, A2→A1, A2→A3,
A3→A1, A3→A2 applied to the PU dataset; B1→B2,
B1→B3, B2→B1, B2→B3, B3→B1, B3→B2 applied to the
JNU dataset. Fig. 4 and Fig. 5 display feature repre-
sentations extracted from the final layer of the feature
encoder, with different colors representing distinct cate-
gories. The visualization for the PU dataset encompasses
one healthy state and seven fault states, totaling eight
distinct bearing conditions; the JNU dataset displays
one healthy state and three fault states, totaling four
bearing conditions. The results demonstrate that the
features learned by UTC-DA exhibit distinct intra-class
clustering and inter-class separation within both the
source domain and the target domain.

B. Ablation Studies

Our method incorporates two key components to
improve target-domain adaptation: M1 denotes the
pseudo-label voting strategy based on data augmenta-
tion, and M2 denotes the uncertainty-aware optimiza-
tion mechanism that integrates prediction uncertainty
and historical consistency.

(a) A1 → A2 (b) A1 → A3

(c) A2 → A1 (d) A2 → A3

(e) A3 → A1 (f) A3 → A2

Fig. 4: t-SNE on PU datasets

(a) B1 → B2 (b) B1 → B3

(c) B2 → B1 (d) B2 → B3

(e) B3 → B1 (f) B3 → B2

Fig. 5: t-SNE on JNU datasets.



TABLE II: Ablation study on JNU dataset

Methods B1 → B2 B1 → B3 B2 → B1 B2 → B3 B3 → B1 B3 → B2 Average

Baseline 96.51 95.84 92.38 92.12 90.1 93.81 93.46
Baseline + M1 96.28 97.93 95.13 96.9 96.24 97.5 96.67
Baseline + M1 + M2 99.62 97.92 99.23 96.73 95.16 96.43 97.52

TABLE III: Ablation study on PU dataset

Methods A1 → A2 A1 → A3 A2 → A1 A2 → A3 A3 → A1 A3 → A2 Average

Baseline 96.51 95.84 96.38 93.12 97.1 96.81 96.96
Baseline + M1 97.28 98.93 98.13 98.9 99.24 98.89 98.56
Baseline + M1 + M2 100 99.92 99.83 98.77 98.16 98.43 99.19

Ablation experiments were conducted on the JNU and
PU datasets to evaluate the contribution of each compo-
nent. The baseline corresponds to the label-reliability-
based passive domain adaptation method. On this basis,
M1 is introduced to enhance pseudo-label reliability
through multi-view majority voting. M2 is further ap-
plied to suppress unreliable and high-confidence mis-
classified samples during optimization.

As shown in Tables II and III, incorporating
M1 leads to consistent performance improvements
across all cross-domain transfer tasks, indicating that
data-augmentation-based voting effectively stabilizes
pseudo-label generation. The addition of M2 yields fur-
ther accuracy gains, demonstrating that uncertainty-
guided sample weighting and temporal prediction sta-
bility are critical for robust domain adaptation under
severe distribution shifts.

C. Hyperparamater Tuning

To assess the model’s robustness, we conducted a
systematic sensitivity analysis on the uncertainty decay
coefficient λ and the historical consistency coefficient β.

When testing the uncertainty decay coefficient, we
fixed β = 1.5 and adjusted λ between 0.3 and 1.7 with a
step size of 0.2. As shown in Figure, diagnostic accuracy
initially increases then decreases as λ rises. When λ is
too small, the model struggles to effectively suppress
noise from high-uncertainty samples. When λ is too
large, excessive attenuation of valid sample information
degrades performance. Near λ = 0.8, the model achieves
optimal robustness balance.

Subsequently, while examining the historical consis-
tency coefficient, λ was fixed at 0.8, and β was varied
from 1.1 to 2.5 in increments of 0.2. As shown in Figure,
diagnostic accuracy remains relatively insensitive to β
changes, maintaining high levels within the range [1.3,
2.1]. This indicates that model performance primarily
depends on the uncertainty assessment controlled by λ,
while its dependence on the historical prediction consis-
tency controlled by β is relatively weak, demonstrating
the model’s excellent stability.

In summary, parameter λ is key to regulating the
model’s robustness against noisy samples, while param-

eter β provides a stable and effective auxiliary regular-
ization term for the model.

(a) Hyperparameter λ for
PU and JNU datasets

(b) Parameter β for PU
and JNU

Fig. 6: Hyperharameters for PU and JNU datasets

(a) Hyperparameter λ for
PU datasets

(b) Hyperparameter β for
PU datasets

(c) Hyperparameter λ for
JNU datasets

(d) Hyperparameter β for
JNU datasets

Fig. 7: Hyperparameters for PU and JNU

VI. Conclusion

To address the degradation in model performance
caused by cumulative pseudo-label noise in source-
domain-free adaptation, the proposed UTC-DA method
systematically enhances pseudo-label quality and train-
ing robustness by integrating uncertainty estimation,
data augmentation voting, and historical consistency
tracking. Experiments demonstrate optimal performance



across multiple cross-domain diagnostic tasks. Feature
visualization results reveal clearer class separation, val-
idating the method’s effectiveness in learning discrimi-
native domain-invariant features and providing a more
reliable solution for unsupervised fault diagnosis. Future
work will target more complex open scenarios.
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