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Abstract: To address the performance degradation of rolling bearing fault diagnosis under
varying operating conditions, where data from unseen conditions are unavailable during training,
a contrastive regularization-based domain generalization method is proposed. First, omni-
dimensional dynamic convolution is employed to adaptively characterize vibration-feature
variations across multiple source domains and extract discriminative fault representations.
Second, class-specific feature perturbation is introduced to enrich intra-class variations, and a
class-conditional domain-discrepancy-aware interpolation mechanism is developed to quantify
the feature shifts of different fault classes across source domains and adaptively regulate the Beta
interpolation distribution, thereby expanding the class-conditional feature space according to
actual cross-condition variations. Subsequently, self-supervised contrastive regularization is
imposed at both the feature and classifier-output levels to enhance the consistency of same-class
representations and classification responses, while the classification objective preserves inter-
class discriminability. Finally, experiments on rolling bearing domain generalization tasks
demonstrate that the proposed method achieves an average diagnostic accuracy of 97.53%,
indicating its effectiveness for fault diagnosis under unseen rotational-speed conditions.
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Contrastive regularization

With the increasing application of
I. Introduction artificial intelligence technologies,
manufacturing  industry is  gradually



advancing toward intelligent manufacturing
(1. As critical components in manufacturing
equipment, the operational reliability of
rolling bearings is essential to the overall
performance of mechanical systems.
Artificial intelligence-based fault diagnosis
of rolling bearings can reduce the risk of
catastrophic accidents 2. The application of
such technologies not only accelerates the
intelligent transformation of manufacturing
but also promotes advances in equipment
management and maintenance practices,
thereby further enhancing the international
competitiveness of manufacturing industry.
In recent years, deep learning has
achieved remarkable progress in rolling
bearing fault diagnosis owing to its automatic
feature extraction capability and excellent
performance in processing complex high-
dimensional data [°. However, under
complex and varying operating conditions,
the dynamic response characteristics of
rolling bearing vibration signals vary
significantly across different operating
conditions, resulting in degraded diagnostic
performance of deep learning models [,
Domain adaptation can effectively align
feature spaces across different operating
domains and  substantially alleviate
distribution discrepancies among operating
conditions, making it a mainstream approach
for cross-condition fault diagnosis. Li et al. ]
jointly constrained the marginal and
conditional distributions to enhance feature
transfer across different operating conditions.
Huang et al. P developed a multi-stage
transfer framework that sequentially employs
feature disentanglement, adversarial
adaptation, and pseudo-label distillation to
reduce distribution discrepancies under large
domain shifts. Jin et al. '% introduced multi-
channel multi-scale feature extraction and
domain-adversarial learning to improve
model adaptability across varying operating
conditions. Sun et al. 'l designed a universal
domain adaptation strategy for noisy cross-

domain scenarios, improving transfer
performance by identifying and suppressing
the interference of noisy samples. Bai et al.
[12] extended single-target domain adaptation
to multiple target domains, thereby
enhancing diagnostic performance across
diverse unseen rotational-speed conditions.
Wang et al. [3] employed a domain-adaptive
meta-learning mechanism to enable rapid
adaptation to new operating conditions with
limited samples. Fang et al. !4 leveraged
digital twins to facilitate knowledge transfer
between virtual and physical domains,
enabling cross-space fault diagnosis of roller
bearings. Zeng et al. ['] further reduced the
feature distribution discrepancy between the
source and target domains through pseudo-
label refinement and maximum mean
discrepancy constraints. However, the
substantial potential of domain adaptation for
addressing variable operating conditions
relies on the assumption that target-domain
data are accessible for distribution alignment.
This assumption is difficult to satisfy in
practical engineering applications, because
domain adaptation typically requires a new
model to be trained separately for each newly
encountered operating condition, resulting in
considerable time costs and limited
adaptability to dynamically changing
operating environments [, Therefore, an
intelligent diagnostic method capable of
generalizing to unseen domains without
access to prior target-domain data is urgently
needed.

Recent studies have begun to explore
domain generalization to address the scarcity
of prior knowledge about the marginal
distributions of target-domain operating
conditions. Domain generalization aims to
train models that can generalize across
different domains without direct access to
target-domain data. Existing methods can be
broadly categorized into three types: domain-
invariant feature learning, causal
disentanglement learning, and meta-learning.



For domain-invariant feature learning, Huang
et al. [ constrained feature representations
from the perspectives of class-level
invariance and cross-domain invariance to
enhance the learning of common fault
features across different source domains. Li
et al. ['8 employed MixStyle to diversify
feature styles and dynamically weighted
invariant risk minimization to reduce
distribution discrepancies among source
domains. Song et al. [ utilized multi-
Gaussian attention and covariance constraints
to extract fault features with cross-condition
stability from a single source domain. Huo et
al. (291 constrained the feature space in terms
of feature invariance and intra-class
compactness, thereby improving fault
discrimination under unseen rotational-speed
conditions. For causal disentanglement
learning, Guo et al. !l separated fault-related
causal features from domain-related non-
causal features according to the fault signal
generation  mechanism, reducing the
influence of operating-condition variations
on diagnostic results. Sun et al. (22l introduced
causal gating and causal intervention
mechanisms into a capsule network to
strengthen stable causal fault representations
across domains. For domain augmentation
and meta-learning, Chen et al. >/ generated
diverse training tasks through data
augmentation and employed a gradient-
alignment-based meta-learning strategy to
improve model adaptability to distribution
shifts. Xing et al. 2 developed a meta-
learning-based speed-invariant prototypical
network that learns stable class prototypes
across rotational speeds, enabling rolling
bearing fault diagnosis under unseen speed
conditions. The key to domain generalization
lies in sufficiently exploiting discriminative
features with cross-domain stability from
limited source domains. Although the
aforementioned methods have improved
model generalization to unseen rotational-
speed conditions to some extent, several

limitations remain. (1) The feature extraction
processes of some methods lack the ability to
dynamically respond to variations in input
features, making it difficult to adaptively
adjust feature extraction according to
changes in the dynamic response
characteristics of vibration signals under
different operating conditions, thereby
limiting the effective representation of cross-
condition discriminative  features. (2)
Although existing methods have improved
cross-condition  generalization  through
invariance  constraints  and  feature
augmentation, some methods use the same
interpolation distribution for all fault classes
without considering their different cross-
domain feature variations. As a result, the
augmented features may not adequately
reflect the differences in feature distributions
among fault classes across operating
conditions.

Based on the above analysis, this study
proposes a contrastive regularization-based
domain generalization method for rolling
bearing fault diagnosis under unseen
rotational-speed conditions. The main
contributions are as follows:

(1) A contrastive-regularized domain
generalization framework is developed for
rolling bearing fault diagnosis under unseen
rotational-speed conditions, in which omni-
dimensional dynamic  convolution is
employed to adaptively capture vibration
features across different source rotational-
speed conditions.

(2) A class-conditional domain-
discrepancy-aware interpolation mechanism
is proposed. By quantifying the cross-domain
shift of each fault class and adaptively
regulating the Beta interpolation distribution,
the method performs class-dependent
feature-space expansion according to actual
operating-condition sensitivity, instead of
applying uniform interpolation to all classes.

(3) A dual-level self-supervised
contrastive  regularization  strategy is



constructed by jointly imposing consistency I1. Methodology

constraints in the feature and classifier-output To address the insufficient diagnostic
spaces. Combined with the classification performance caused by complex and varying
objective, it enhances the stability of same- operating conditions in practical engineering,
class representations and classification where prior knowledge of unseen rotational-
responses  while preserving  inter-class speed conditions is difficult to obtain, this
discriminability, thereby improving study proposes a contrastive regularization-
generalization to unseen rotational-speed based domain generalization method for
conditions. rolling bearing fault diagnosis. The network
architecture of the proposed method is shown
in Fig. 1.
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Fig. 1. Architecture of the proposed method

attention mechanism, as illustrated in Fig. 2.

ODConv learns distinct attention weights

across all dimensions of the feature space,
Omni-dimensional Dynamic Convolution enabling dynamic weighting of different

(ODCOI’IV) [25] {5 a variant of the convolutional components of the input Signa]s.

architecture that significantly enhances feature

representation through a multi-dimensional

2.1 Omni-dimensional dynamic feature
extraction
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Fig. 2.  Omni-dimensional
convolution.

This mechanism allows more effective
extraction and representation of discriminative
features
from multiple source domains. ODConv is
defined as follows:

[aw, |_ozf1 |_acl |_oz_y1 |_Wl +J
: *x (1)

+awn |—ajn |—az?n |—asn |—VVn

Where a.,; denotes the attention scalar assigned
to the convolution kernel W; , which is
consistent with the attention scalar in Eq. (1).
0si, Oci, and a5 denote three newly introduced
attention terms, which are computed along the
spatial, input-channel, and output-channel
dimensions of Wi, respectively. @ represents
the multiplication operation across different
dimensions of the kernel space. The attention
weights o, ac , and as are calculated by the
attention module m.i(x) . For the convolution
kernel W, ay assigns different attention scalars
to different spatial positions of the kernel; a.i
assigns different attention scalars to the input
features of each Wi kernel; oz assigns different
attention scalars to the output features of each
Wi kernel; and o, assigns an attention scalar
to the entire convolution kernel.

dynamic

2.2 Self-supervised contrastive

regularization

Variations in operating conditions can
alter the dynamic responses of rolling bearing
vibration signals and induce feature
distribution shifts for the same fault class.
When only the classification loss is used for
supervised training, the model may capture
source-domain-specific information, resulting
in insufficient intra-class consistency across
operating conditions. To address this issue,

self-supervised contrastive regularization is
introduced by integrating class-specific feature
perturbation,  class-conditional ~ domain-
discrepancy-aware interpolation, and feature-
and output-level consistency constraints to
enhance the cross-condition stability of fault
representations.
2.2.1 Class-specific feature perturbation

Samples belonging to the same fault class
share consistent fault semantics, whereas their
feature representations may vary with
operating conditions. Directly enforcing the
similarity of the original same-class features
may cause the model to overfit the limited
feature patterns observed in the source
domains. Therefore, feature perturbation is
introduced while preserving class semantics,
enabling the model to learn stable
representations from more diverse intra-class
variations.

For an input sample x , its latent

representation is extracted by the feature
extractor f,(-):

2= fy(x) @

The features within a mini-batch are
grouped according to their class labels and
randomly shuffled within each class to
construct positive pairs. Let z.(-) denote a

random permutation within class c¢. A class-
specific domain perturbation layer (CDPL) is
then employed to asymmetrically transform
the paired feature:

Z = feorL (Z;(.(i)) 3)
Where z; denotes the perturbed same-class
feature. The individualized dissimilarity loss is
further constructed using the Euclidean
distance between the original and perturbed
features:
2
2

c ~C
Z; =z

1 N
L. =— 4
ind N ZZ:I: ( )

By minimizing L ,, same-class features

are encouraged to maintain consistent
representations under feature perturbations,



thereby reducing the sensitivity of the model to
condition-dependent local variations.

2.2.2 Class-Conditional Domain-
Discrepancy-Aware Same-Class Feature
Interpolation

Different from conventional feature

interpolation or Mixup-like augmentation
strategies using a fixed sampling distribution,
the proposed DDA Interpolation explicitly
estimates  class-conditional  cross-domain
discrepancies and uses them to adaptively
regulate the Beta interpolation distribution.
Since different fault classes may exhibit
different degrees of cross-domain feature
variation, this mechanism adjusts the
interpolation proportions according to the
observed discrepancy of each class, rather than
applying the same interpolation distribution to
all fault categories.

Class-specific ~ feature  perturbation
enriches intra-class variations; however, the
limited source conditions may still cause the
model to rely on source-specific feature
patterns. Interpolating perturbed same-class
features across different source domains
generates additional representations that
combine feature characteristics from different
operating conditions, while the discrepancy-
aware interpolation strategy adjusts these
combinations according to class-dependent
cross-domain variations. Combined with
subsequent  feature- and  output-level
consistency regularization, these augmented
representations encourage the model to
maintain stable fault features and classification
responses under different feature variations,
thereby reducing its dependence on specific

source conditions and improving
generalization to wunseen rotational-speed
conditions.

For class c in source domains D, and D, ,

the class-conditional domain discrepancy is
defined as the Euclidean distance between
their class centers u” and uf:

A, =

! — ! )

2

indicates that the

corresponding fault class is more sensitive to

operating-condition variations. The

discrepancy is normalized to obtain the

domain-discrepancy-aware coefficient
A

C

r,=—<—— . The parameters of the Beta
max, A, +&

A larger A,

distribution are then adaptively adjusted
according to 7, :

o, =a,+«kr, B.=p +«kr., y.~Beta(er,, 5.) (6)
Where «,=p, denote the basic distribution

parameters, x controls the influence of the
domain discrepancy, and y, is the class-

specific  interpolation  coefficient. Two
perturbed features «; and ¢ with the same

class label but from different source domains
are then selected and interpolated as
u; =yu; +(1_7L»)u;a Yi=r; =6 d, idl/ (7)
As the cross-domain discrepancy
increases, the symmetric Beta distribution
becomes more concentrated around 0.5,
encouraging the generated features to cover the
intermediate region between the two source-
domain distributions. For classes with
relatively small domain shifts, greater
interpolation diversity is retained. In this
manner, the feature expansion process is
adaptively matched to the actual -cross-
condition shift of each fault class. The
heterogeneous dissimilarity loss is further
defined between the original and interpolated
representations:
1 N
Lyy _ﬁzl z

i=

2
c —c
—U.

i i

®)
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By minimizing L, , the generated
intermediate representations are encouraged to
preserve the original class semantics while
enriching the class-conditional feature
distribution, thereby improving the coverage
of potential feature variations under unseen
conditions.
2.2.3 Feature-
Regularization

and Output-Level Dual



The class-specific
domain-discrepancy-aware interpolation
generate  feature  representations  with
unchanged class semantics but different
distribution characteristics. However,
consistency in the intermediate feature space
alone cannot guarantee stable classification
responses. Therefore, consistency constraints
are imposed simultaneously in both the feature
space and the classifier-output space. At the
feature level, the individualized dissimilarity
loss constrains the consistency between the
original and perturbed features, while the
heterogeneous dissimilarity loss constrains the
consistency between the original and
interpolated  features. The feature-level
regularization is defined as

Lecuure = Lij;d + L}fdl )
Where L/, constrains the consistency between

perturbation and

the original and perturbed features, while L/,

constrains the consistency between the original
and interpolated features. This regularization
reduces intra-class feature variations caused by
operating-condition changes.

The original, perturbed, and interpolated
features are further fed into the shared
classifier, and the corresponding consistency
constraints are imposed in the classifier-output
space:

Llogit = L?nd + Lﬁidl (10)
Where [/, constrains the classification
responses of the original and perturbed

features, while L?, constrains those of the

hdl
original and interpolated features. Hence,
feature-level regularization stabilizes the latent
representations, whereas output-level
regularization  further stabilizes  the
corresponding classification decisions. Finally,
the classification loss and the two
regularization terms are jointly optimized:

Ltotal = Lc + ﬂ’featureLfearure + /llogitl‘logit (1 1)
Where L. preserves inter-class discriminability,
while 4, and 4, control the contributions

feature ogit

of the feature- and output-level regularization

terms, respectively. Their joint optimization
encourages the model to maintain fault
discriminability while enhancing cross-
condition consistency, thereby improving its
generalization  capability under unseen
rotational-speed conditions.

From the perspective of rotational-speed
generalization, the  above  procedure
progressively reduces the dependence of fault
representations on speed-specific variations.
CDPL introduces class-preserving
perturbations to enrich the intra-class
variations observed under the source-speed
conditions, while DDA Interpolation further
expands the class-conditional feature space
according to the actual cross-speed
discrepancy of each fault class. The feature-
and output-level regularization then constrains
these expanded representations to maintain
consistent feature structures and classification
responses, while the classification objective
preserves inter-class discriminability.
Consequently, the model is encouraged to
learn fault-related representations and decision
boundaries that are less dependent on the
discrete source-speed distributions, thereby
improving its ability to accommodate new
feature shifts under unseen rotational-speed
conditions.

II1. Experimental analysis
3.1 Experimental data

The experimental data were collected
from a rolling bearing fault simulation test rig
developed by our research group, as shown in
Fig. 3. The test rig mainly consists of a
frequency converter, a motor, a faulty bearing,
a coupling, and a load. An acceleration sensor
was used to collect rolling bearing vibration
data under three operating conditions at a
sampling frequency of 25.6 kHz. The three
operating conditions, denoted as A, B, and C,
correspond to rotational speeds of 1600 rpm,
1800 rpm, and 2000 rpm, respectively. The
dataset contains five health states, including
inner race fault, combined inner and outer race



fault, outer race fault, rolling element fault, and
normal condition, corresponding to labels 0, 1,
2, 3, and 4, respectively. Each sample contains
2048 data points, and the dataset was divided
into training and test sets at a ratio of 8:2

Fig . 3. Beaing fault test rig

3.2 Parameter settings

The parameters of the proposed method
are set as follows. The initial learning rate is
0.0001, and a StepLR learning-rate scheduling
strategy with a step size of 10 is adopted. The
Adam optimizer is wused for model
optimization. The number of training epochs

and batch size are set to 50 and 64, respectively.

For the self-supervised contrastive
regularization, the feature-level and output-
level loss weights 4, and 4, are setto 0.3

eature
and 1.0, respectively. The base parameters of
the Beta distribution are setto ¢, =4, =0.5. All

experiments are implemented using PyTorch
1.10 and conducted on a computer equipped
with an Intel Core i7-11800H CPU and an
NVIDIA RTX 3060 Ti GPU. The detailed
model parameters of the proposed method are
listed in Table 1.

Table 1. Model Parameter

Layers Operation Size/Stride
Layer 1 ODConv-BN-ReLU 32x7x1/1
Layer 2 MaxPool 2/2
Layer 3 ODConv-BN-ReLU 64x3x1/1
Layer 4 MaxPool 2/2
Layer 5 ODConv-BN-ReLU  128x3x1/1
Layer 6 MaxPool 2/2
Layer 7 ODConv-BN-ReLU  256x3x1/1
Layer 8 AvgPool -

Layer 9 Fully-connected layer 5

Table 2. Domain generalization diagnostic
task

Training Test Training Test
Task o .
conditions condition samples samples
R1 A+B C 400X5  100X5
R2 A+C B 400X5  100X5
R3 B+C A 400X5 100X5

To ensure a fair comparison, all baseline
methods were evaluated under the same
domain generalization protocol. For each task,
only the two source operating conditions were
used for training, while the remaining
condition was completely excluded from
training and used only as the unseen target
domain for testing.

(1) AGFCN™: Samples from the two
source operating conditions were jointly used
for supervised training, and the trained model
was directly evaluated on the unseen target
condition.

(2) MKWIJDANE:  The two source
operating conditions were used as the two
domains for joint distribution alignment, while
the unseen target condition was excluded from
both distribution alignment and pseudo-label
generation.

(3) OSSMCLE”:  The momentum
contrastive encoder was trained using only
source-domain samples, and the support set for
similarity-based classification was constructed
from labeled source-domain data. The unseen
target-domain samples were used only for final
evaluation.

(4) DANN8: The domain discriminator
was used to distinguish the two source
operating conditions, and adversarial training
was performed between these source domains
to learn condition-invariant features. No
target-domain samples were involved in
training.

Based on the three operating conditions of
the  rolling  bearing, three  domain
generalization fault diagnosis tasks were
designed, as shown in Table 2.



3.3 Experimental analysis

3.3.1 Comparison with existing methods

To wverify the effectiveness of the
proposed method in domain generalization
fault diagnosis tasks, comparative experiments
were conducted against the selected baseline
methods. Owing to the characteristics of
domain generalization, target-domain data are
unavailable during model training. Therefore,
to ensure a fair comparison, all transfer
strategies were applied only between the two
source domains, while data from the unseen
target operating condition were used
exclusively for testing. All experiments were
independently repeated five times, and the
reported results are presented as the mean +
standard deviation. The results are presented in
Table 3 and Fig. 4. Table 3 reports the

diagnostic accuracies of different methods on
the three domain generalization tasks, while
Fig. 4 shows the accuracy curves of different
methods over the training epochs for task R2.
The target-domain test set was evaluated after
each training epoch only to visualize the
evolution of generalization performance.
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Fig . 4. Accuracy iteration curves of various
methods for R2 diagnostic task

Table 3. Domain generalization fault diagnosis results

Task
Methods R1 R2 R3 Average
AGFCN 71.44+0.48 78.56 +0.57 66.16 +0.57 72.05+0.54
MKWIDAN 94.20+0.32 89.04 +0.48 93.56 £ 0.38 92.27+0.39
OSSMCL 95.72 +£0.23 93.32+0.23 94.80 +0.32 94.61 £0.26
DANN 80.40+0.32 79.00 + 0.63 82.72 +0.23 80.71 £ 0.39
CRDG-Net 97.76 £ 0.26 96.52 + 0.27 98.32 +0.23 97.53 + (.24

As shown in Table 3 and Fig. 4 the
diagnostic performance of different methods
varies significantly under unseen rotational-
speed conditions. AGFCN, which does not
introduce  any  cross-domain  transfer
mechanism, achieves an average diagnostic
accuracy of only 72.05%, indicating that
distribution discrepancies among different
operating conditions can substantially degrade
the generalization performance of
conventional feature extraction models. By
introducing cross-domain adaptation, DANN
and MKWIJIDAN improve the average
accuracy to 80.71% and 92.27%, respectively,
demonstrating that cross-domain distribution
constraints can alleviate feature shifts caused
by operating-condition variations to some
extent. OSSMCL further enhances feature
consistency through contrastive learning and

achieves an average accuracy of 94.61%. In
comparison, CRDG-Net obtains the highest
accuracies of 97.76%, 96.52%, and 98.32% on
tasks R1, R2, and R3, respectively, with an
average accuracy of 97.53%, outperforming
the second-best OSSMCL by 2.92 percentage
points. Meanwhile, Fig. 4 shows that all
methods exhibit certain fluctuations during the
accuracy improvement stage and gradually
stabilize as training proceeds, whereas CRDG-
Net maintains a higher and more stable
diagnostic accuracy during the convergence
stage. These results demonstrate that the
proposed method can more effectively learn
discriminative features with cross-condition
stability from limited source domains and
enhance the consistency of same-class samples
across different source domains, thereby
improving  diagnostic accuracy  and



generalization performance when
encountering unseen rotational-speed
conditions.

3.3.2 Feature distribution visualization

To further evaluate the feature
representation capability of different methods
under unseen rotational-speed conditions, t-
SNE is employed to project the learned high-
dimensional features into a two-dimensional
space for visualization.
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Fig . 5. Feature distribution visualization of different methods. (a) Original input features; (b)
AGFCN; (c) MKWIDAN; (d) OSSMCL; (e) DANN; (f) CRDG-Net

As shown in Fig. 5, the raw input features
exhibit substantial inter-class overlap, with no
clear clustering boundaries among different
fault categories. After feature extraction by
different models, the separability among fault
classes is improved to varying degrees.
AGFCN still shows obvious inter-class overlap,
while MKWIJDAN and OSSMCL further
improve class separability, although some
neighboring categories remain partially mixed.
DANN improves the compactness of several
fault clusters, but certain feature distributions
remain dispersed. In comparison, CRDG-Net
produces  more compact  intra-class
distributions, clearer class boundaries, and
larger inter-class margins, demonstrating its
ability to learn more domain-invariant and
discriminative fault representations under
unseen rotational-speed conditions.

3.3.3 Confusion matrix analysis

As shown in Fig. 6, CRDG-Net
demonstrates high classification performance
across all three domain generalization tasks. In
R1, misclassifications mainly occur between
Classes 1 and 2, resulting in an overall
accuracy of 97.8%. In R2, noticeable
confusion appears only for Class 0, with 18
samples misclassified as Class 3, yielding an
accuracy of 96.4%. In R3, the class boundaries
are clearer, with only a small number of
misclassifications between Classes 1 and 2,
and the accuracy reaches 98.4%. Overall, the
model maintains  stable  discriminative
performance under different unseen rotational-
speed conditions, indicating that the proposed
method can  effectively learn  fault
representations with cross-condition stability.
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3.3.4 Ablation study

It should be noted that CDPL and DDA
Interpolation constitute a sequential feature-
expansion process, where CDPL first
generates class-preserving perturbed features
and DDA Interpolation subsequently performs

discrepancy-aware cross-domain interpolation.

Therefore, the perturbation pathway is kept
unchanged in the following ablation settings,
while the effects of DDA Interpolation and the
dual-level regularization are separately
evaluated. As shown in Table 4, each
component contributes to the domain
generalization  performance.  Introducing
ODConv improves the accuracies from
67.24%, 65.12%, and 69.32% to 79.96%,
77.20%, and 82.12% on R1-R3, respectively,
confirming its effectiveness in enhancing
cross-condition feature representation. When
DDA Interpolation is not employed, a fixed
Beta distribution with a = = 0.5 is used as the
baseline same-class interpolation strategy.
This setting provides a symmetric interpolation
Table 4. Results of the Ablation Study

distribution independent of class-specific
domain  discrepancies, allowing  the
contribution of the proposed discrepancy-
aware adaptive interpolation to be evaluated
separately. With fixed interpolation and dual-
level regularization, the accuracies further
increase to 94.48%, 92.56%, and 95.68%,

indicating that consistency constraints
effectively enhance cross-domain intra-class
stability.

Under DDA Interpolation, feature-level
regularization alone achieves 96.28%, 94.92%,
and 96.84%, while output-level regularization
alone achieves 95.72%, 94.36%, and 96.20%.
Their combination yields the best performance
of  97.76%, 96.52%, and  98.32%,
demonstrating the complementary effects of
feature- and output-level constraints. Overall,
the results confirm that DDA Interpolation,
combined with dual-level regularization,
enables more effective class-conditional
feature expansion and improves generalization
to unseen rotational-speed conditions.

ODConv DDA Interpolation Feature-level Reg Output-level Reg

R1 R2 R3

X X

2L 2 2 2 2 X
< 2 2 X X
< X 2 2 X

X

< 2 X =2 X

67.24 £ 0.86
79.96 + 0.89
94.48 £0.48
96.28 +0.41
95.72 £ 0.41
97.76 £ 0.26

65.12+0.95
77.20 £ 0.86
92.56 +0.57
94.92 + 0.58
94.36 + 0.46
96.52 + 0.27

69.32 +0.95
82.12+0.83
95.68 +0.48
96.84 +0.48
96.20 £ 0.58
98.32 £0.23

3.3.5 Feature distance evolution analysis



To further investigate feature evolution
during training, the R2 task is taken as an
example. The cross-domain intra-class
distance is calculated as the average Euclidean
distance between same-class feature centers
from the two source domains, while the inter-
class distance measures the average distance
between different class centers. Smaller intra-
class distance indicates stronger cross-
condition consistency, whereas larger inter-
class distance reflects better class separability.
As shown in Fig. 7, the intra-class distance
decreases from 0.73 to 0.34, while the inter-
class distance increases from 0.76 to 1.24 and
gradually stabilizes. This indicates that the
proposed method enhances cross-condition
intra-class consistency while maintaining clear
separation among different fault classes.
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Fig . 7. Evolution of cross-domain intra-class

and inter-class distances during training for
task R2

3.3.6 Grad-CAM visualization analysis
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Fig . 8. Grad-CAM visualization of vibration signals under different health conditions. (a) Inner
race fault; (b) Normal condition; (¢) Outer race fault; (d) Rolling element fault

To further verify the ability of the
proposed model to focus on fault-
discriminative  features  under  unseen
rotational-speed conditions and to analyze the
interpretability of its diagnostic decisions, the
R2 domain generalization task is taken as an
example. Grad-CAM  visualization is
performed on inner race fault, normal
condition, outer race fault, and rolling element

fault samples from the unseen test condition B
(1800 rpm). As shown in Fig. 8, the model
exhibits distinct attention patterns across
different health states. For inner race and outer
race faults, high-response regions are mainly
concentrated around several pronounced local
impacts, indicating that the model can
effectively capture fault-related impulsive
characteristics. For rolling element faults, the



responses are distributed across multiple
locally enhanced segments, whereas the
normal condition shows a relatively uniform
attention pattern. These differences indicate
that the model can still preserve class-specific
fault response patterns under unseen
rotational-speed  conditions. = CRDG-Net
expands intra-class variations across different
source conditions through class-conditional
feature interpolation and suppresses excessive
shifts in feature representations and
classification responses through feature- and
output-level regularization, thereby
encouraging the model to retain fault-related
characteristics that are relatively stable across
operating conditions. Therefore, the stable
attention to locally discriminative vibration
regions in the unseen domain is consistent with
the learned cross-condition stable fault
representations.

3.3.7 Probability Density Analysis

As shown in Fig. 9, the original data
exhibit noticeable  probability  density
differences across rotational speeds, mainly
reflected in variations in distribution peaks and
curve shapes. These differences indicate that
changes in rotational speed induce distribution
shifts, making the model prone to learning
features associated with specific operating
conditions and thus limiting its generalization
to unseen conditions. After feature learning
using the proposed method, the distributions
across different rotational speeds exhibit
greater overlap, indicating that the proposed
method can  alleviate  cross-condition
distribution discrepancies. The key lies in
expanding the variations of same-class features
under the source conditions, enabling the
model to learn from diverse combinations of
features across different source conditions.
Meanwhile, consistency constraints guide the
model to  maintain  stable  feature
representations and classification responses,
reducing its reliance on speed-specific feature
patterns. Consequently, the model can extract

fault-related features that remain stable across
operating conditions, thereby improving its
domain generalization capability to unseen
r?tational speeds. o
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Fig . 9. Probability density distributions at
different rotational speeds: (a) original data; (b)
features learned by the proposed method.
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IV. CONCLUSIONS

This study proposes a contrastive
regularization-based domain generalization
method for rolling bearing fault diagnosis
under unseen rotational-speed conditions,
where  target-domain  information  is
unavailable during training. First, omni-
dimensional dynamic convolution is employed
to adaptively extract discriminative vibration
features across different source rotational-
speed conditions. Second, class-specific
feature perturbation and class-conditional
domain-discrepancy-aware interpolation are
introduced to enrich intra-class variations and
adaptively expand the class-conditional feature
distribution according to the cross-domain
shift of each fault class. Furthermore, self-
supervised contrastive regularization s
imposed at both the feature and classifier-
output levels to enhance the consistency of
same-class representations and classification
responses  while preserving inter-class
discriminability. Experimental results on three
domain generalization tasks show that the
proposed method achieves an average
diagnostic accuracy of 97.53%, outperforming
the second-best method by 2.92 percentage
points. Ablation, feature distribution, feature
distance, and Grad-CAM analyses further
demonstrate the effectiveness of the proposed
method in enhancing cross-condition intra-
class consistency, maintaining inter-class



separability, and capturing fault-discriminative
local features. The current validation mainly
considers rotational-speed variation within a
relatively limited speed range on the same
bearing test rig. Therefore, future work will
extend the rotational-speed range and span,
including lower and higher speed conditions,
to systematically evaluate the generalization
boundary of the proposed method, while also
investigating more complex variations
involving load, noise, different bearings, and
practical industrial scenarios.
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