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Abstract—Intelligent fault diagnosis methods have become essential for ensuring the secure and dependable functioning
of modern railway systems. In particular, digital twin technology offers a highly promising approach to overcome the
challenge of limited fault data availability. However, current digital-twin-based fault diagnosis approaches for axle box
bearings still exhibit several limitations. 1) They rely on a single digital twin model, which limits the coverage of fault types
and working conditions of axle box bearings, reducing the generalization ability of the diagnostic model. 2) They rely on
cross-entropy and domain adversarial training without explicitly constraining the feature space, resulting in insufficient inter-
class feature discriminability and poor generalization across domains. To address the above limitations, a digital-twin-
enhanced adversarial transfer learning framework is proposed for fault diagnosis in axle box bearings. First, a unified feature
extractor captures shared feature representations from multiple digital twin models, while class classifiers and domain

discriminators are adversarially trained to obtain domain-invariant features. Then, a contrastive learning strategy is applied
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to explicitly structure the representation space, enhancing inter-class separability and intra-class compactness. Finally, hard
example sampling prioritizes the most confusing positive and negative pairs near decision boundaries, further improving the
discriminability of the learned features. Ablation and comparison experiments are conducted using fault simulation data from
train axle box bearings, and experimental results show the effectiveness and advantages in leveraging multiple digital twins
and improving diagnostic accuracy.

Keywords—axle box bearings; fault diagnosis; digital twin; contrastive learning; hard example sampling.

1. Introduction

As a primary mode of modern transportation, railway transit has made significant advancements in recent
years [1]. The increasing velocity and extended service distances of trains introduce mounting complexities
in operation and maintenance management [2][3]. By supporting the train's running gear, axle box bearings
critically enable smooth wheel-rail interaction and guarantee stable vehicular performance [4]. Even minor
defects in the bearing components pose a severe risk of major incidents, which could result in significant
monetary setbacks and fatal injuries [5][6]. To maximize the safety and trustworthiness of rail transportation,
it is therefore crucial to establish effective fault diagnostic procedures for these bearings. Driven by rapid
progress in computing power, deep learning-driven diagnostic techniques have emerged as crucial
instruments for defect identification, owing to their robust end-to-end processing strengths [7][8]. For
instance, a novel approach presented by Wang et al. [9] utilizes a transferable deep Q-network to achieve
intelligent fault detection in planetary gearboxes, effectively overcoming the limitations of variable operating
scenarios and sparse datasets by fusing deep reinforcement and transfer learning techniques. Zhangetal. [10]
constructed a cross-domain, multi-modal fusion architecture leveraging both thermal images and vibration
signals to facilitate gearbox fault diagnosis across varying conditions, thereby bypassing the limitations
inherent to single-modal approaches. Li et al. [ 11] introduced a multi-view graph neural network architecture
intended for rotating machine fault detection, which synthesizes multi-sensor data by extracting and
combining features from both the time and frequency domains. Huang et al. [12] developed an autoencoder

based on interactive generative feature space oversampling to create a wide array of fault samples, thereby
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mitigating dataset imbalance issues and boosting the robustness of bearing fault diagnosis.

Conventional deep neural networks inherently rely on extensive datasets of fault examples to accurately
establish the complicated mapping functions that link raw input signals to distinct failure modes [13].
However, in practice, the axle box bearing is a complex assembly subjected to coupled dynamic loads and
environmental influences, and its intricate structural characteristics can give rise to diverse fault patterns.
This diversity of fault types, together with the complex and variable working conditions of high-speed trains,
makes it challenging to obtain sufficient fault samples. Digital twin is an effective solution for sample
augmentation, enabling the generation of labeled fault samples in a virtual environment [ 14]. In recent years,
numerous research endeavors have integrated digital twin technologies into the realm of intelligent fault
detection. For example, Qin et al. [15] used a dynamics-based digital twin model with a frequency-domain
CycleGAN to generate realistic fault samples, thereby enabling effective bearing fault diagnosis. Feng et al.
[16] formulated a graph transfer learning approach utilizing digital twins to identify faults in key components,
ensuring efficient domain adaptation from synthetic datasets to empirical records when real -world samples
are restricted. Pan et al. [17] introduced a diagnostic approach for key components that integrates
experimental measurements with dynamic modeling, utilizing domain-adversarial learning and source
domain expansion to enhance feature adaptability and overcome the shortage of physical vehicle fault data.
Ming et al. [ 18] developed a framework augmented by digital twins that executes feature and data transfer to
synchronize digitally generated and empirical signals, thereby accomplishing robust fault detection within
skewed datasets. While the aforementioned digital twin-based methods have fully utilized twin data to
augment datasets and achieved improved diagnostic results, they still face a critical bottleneck. Typically,
there is a wealth of unlabeled measurement data, yet labeled samples are scarce due to the labor-intensive
nature of tearing down and maintaining key components, coupled with the high financial and temporal costs
associated with physical fault testing. Consequently, there remains a lack of approaches capable of effectively
leveraging existing limited data through digital twin models to perform reliable fault diagnosis. To solve

these problems, the Domain-Adversarial Neural Network (DANN) provides a feasible solution, as it enables
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the extraction of discriminative fault features from unlabeled data via domain-invariant learning. However,

existing studies based on this paradigm still suffer from several limitations.

1)

2)

Existing methods typically rely on a single digital twin model as the source domain, which limits the
coverage of fault types and working conditions of axle box bearings. The learned diagnostic model
often struggles to generalize to bearings under different working conditions. In practice, leveraging
multiple digital twin models corresponding to various working scenarios enables the extraction of
complementary fault information across domains. Therefore, a comprehensive domain adaptation
strategy that explicitly accounts for inter-domain relationships among multiple digital twin models is
required to guide intelligent diagnostic networks, thereby improving fault diagnosis performance
under varying working condition scenarios.

Existing methods typically rely on cross-entropy loss and domain adversarial training to learn feature
representations from digital-twin data and measured data, but the structure of the feature space is not
explicitly constrained. As a result, class-related features remain insufficiently discriminative, with
features of different fault types often overlapping and those of the same fault type dispersing due to
domain discrepancies. This weakens the class separability in the source domain and directly hinders
the model’s generalization to the target domain, ultimately reducing diagnostic accuracy. Therefore,
an effective learning mechanism is needed to enhance the inter-class discriminability of features
through contrastive learning, ensuring more compact intra-class representations and better-separated

inter-class boundaries.

To address these existing constraints, a novel transfer learning framework is developed for intelligent fault

diagnosis of train axle box bearings, which leverages multi-digital twin models and domain adaptation. In

the digital-twin-enhanced framework, features are extracted via a unified feature extractor, and the class

classifier and domain discriminator are pitted against each other to extract domain-invariant features. Next,

a distinct contrastive learning mechanism is introduced to precisely regulate the feature representation space,

effectively clarifying cross-domain classification boundaries by clustering intra-class data and maximizing
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inter-class separation. Within this contrastive process, hard example sampling is introduced to prioritize the
most confusing positive and negative pairs near the boundary, forcing the model to resolve subtle distinctions
and further strengthening the robustness of contrastive alignment. Using axle box bearings of subway trains
as a case study for fault diagnosis, the proposed framework demonstrates strong capability in accurately
learning and identifying faults under varying working conditions, even when the available condition types
are limited. Moreover, comparative results indicate that the proposed framework surpasses existing state-of-
the-art methods under such conditions. The main contributions of this work are summarized as follows.

1) A digital-twin-enhanced multi-source domain adversarial network is proposed to align feature
representations across multiple digital twin domains and measured data. On one hand, multiple digital
twins are treated as complementary source domains, providing richer and more diverse fault
information that bridges gaps in the distribution of measured samples. On the other hand, the
framework incorporates a gradient reversal layer that forges an adversarial link between the label
classifier and domain discriminator, prompting the feature extractor to learn domain-invariant fault
features under the guidance of multiple digital twins. Consequently, the diagnostic network is better
equipped to generalize, achieving enhanced performance in fault diagnosis under unseen working
conditions.

2) Anovel contrastive learning strategy is designed to explicitly regularize the feature space by enhancing
class-level compactness and separability, which improves feature discriminability and transferability
across multiple digital twin source domains. Positive and negative sample pairs are formed by
selecting instances of the same and different classes, respectively, within each source domain and
among the partially labeled target samples. These pairs are used to compute a contrastive loss, which
pulls together representations of the same class and pushes apart representations of different classes.
Therefore, this mechanism enhances feature separability, sharpens decision boundaries, and improves
cross-domain generalization by jointly leveraging multi-source digital twin labels and partial target

supervision.
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3) A targeted hard example sampling method is introduced to selectively emphasize highly confusing

positive and negative pairs across multiple digital twin source domains during contrastive learning.

By focusing on these informative examples from differentdigital twin sources and the measured target

data, the network is encouraged to resolve fine-grained distinctions between similar fault patterns,

capturing subtle differences in their feature distributions. Thus, the framework strengthens the

robustness and effectiveness of the learned feature representations for fault diagnosis across diverse

working conditions and domains, fully exploiting the complementary information provided by
multiple digital twin sources.

The rest of this article is formulated as follows. Section 2 introduces the preliminary work, including

problem description and transfer learning. Section 3 presents the proposed framework along with the main

techniques employed. Section 4 shows the experimental results. Finally, Section 5 concludes this article.
2. Preliminaries

2.1. Problem description

This paper addresses weakly supervised multi-source domain adaptation. The source domains consist of
labeled measured data from selected working conditions and labeled digital twin data, whereas measured
data from the remaining working conditions constitute the target domain. Only a small subset of the target -
domain training data is weakly labeled, while the remaining target samples are unlabeled.

The labeled source datasets are defined as

D ={(x", y" ), m=12,...M (1)

N

where the 7 -th source domain contains 7" labeled samples generated by the digital twin model of the m

-th component.

The partially labeled dataset is given by

Dz[ = {(xzk 7yzk )}Z’:l’ ntl < nt (2)
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where n, denotes the number of measured samples. In the weakly supervised setting, only a small subset of

target samples is labeled, i.e., nf < n, . Due to factors such as structural variations, parameter configurations,

working conditions, and modeling assumptions, the datasets collected from different digital twins exhibit

distinct distributional characteristics. The label space of each dataset is defined as
y=4{2,....L} (3)

which represents the total number of health states in the dataset.

2.2. Theoretical Foundations of Transfer Learning

Let H denote the hypothesis space, i.e., the set of all classifiers under consideration,and he H a
particular hypothesis mapping inputs X to predicted labels . The objectiveis to analyze the target-domain
error 0,(h) forany he H andderiveanupperbound based on the labeled source datasets and the partially
labeled target dataset.

Define the weighted mixture of source distributions as

M M
D, =>aD;, 2a,=1, a 20 4)
i=1 i=1

where D}’ is the distribution of the m-th source domain. Then, the expected target-domain error o, (/)

can be bounded by:
M 1 M
H(h) < Z::lam s, (W)+ 5 m%amd i (Ds, s D)+ 4, (5)

Here, A, stands for the ideal joint error shared by the target domain and the weighted source mixture.

Furthermore, Og (%) indicates the actual classification error of % within the m -th source, while the
distribution discrepancy between the m-th source and the target is quantified by the HAH -divergence,
denoted as dpy (Ds ,Dy).

This mathematical bound illustrates that the error within the target domain is governed by two optimizable

factors: the misclassification rates across the source domains and the distributional discrepancy between the
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source and target data. Simultaneously minimizing both in the feature space is therefore essential to

improving generalization on the target domain. In practice, each source domain contains n labeled
samples, and the target domain provides 7, measured samples, among which only n are labeled. Let

J; (h) denote the empirical error on the m -th source, and D, ,D, the corresponding empirical

distributions. Then, with probability at least 1—¢, the finite-sample bound can be expressed as:

M
In(1/6)+vIn(X n" /v)
m=1

<] Sa, 0] +B f_lamdm(ﬁsm,ﬁ»} +[2,],+ 0 (©)

M
2 mz=1n:1

4
Here, v denotes the Vapnik-Chervonenkis (VC) dimension of the hypothesis class # , while the final
component accounts for the statistical bias introduced by limited sample sizes. Within this upper bound, the
first term aggregates the classification risks across all source domains, whereas the second measures the
distribution discrepancy between individual sources and the target; notably, both of these factors can be
minimized during training. Conversely, the third term signifies the ideal combined error shared by the target
and the mixed source distributions, remaining constant as long as the hypothesis space A is unchanged.
Similarly, term (4) captures the effect of limited sample sizes across all domains, which depends solely on
data availability and cannot be reduced for a fixed dataset. To address these terms in the present study, a task
classifier is trained to correctly predict labeled data from the source domains, thereby minimizing term (1).
Domain alignment is further enhanced to reduce term (2) through adversarial learning combined with
contrastive learning, promoting feature-level invariance between source and target domains. For term (3), the

approach employs a sufficiently large hypothesis space, realized through an adequately sized neural network

and an architecture specifically designed for processing vibration signals.

3. Proposed transfer learning network based on multi-digital twin models

The framework of the proposed Digital-Twin-Enhanced Domain Adaptation Network (DT-DAN) is shown

in Fig. 1. At the core, a unified feature extraction subnetwork is designed to capture discriminative
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Digital-Twin-Enhanced Transfer Learning Framework.

representations from multiple digital twin data, which provide complementary fault information across

different working conditions. On top of this shared representation space, a class classifier and a domain

discriminator are employed to implement adversarial training for extracting domain-invariant features across

both digital twin data and measured data. To make full use of the existing supervised information, contrastive

learning is introduced to gather intra-class features and separate inter-class features explicitly. In this

contrastive learning process, a hard example sampling strategy is adopted to improve the feature

distinguishability between different classes further. By jointly reducing classification error, diminishing

source—target distribution gaps, and suppressing domain-specific variations, DT-DAN strengthens

representation robustness and enhances cross-domain generalization.

3.1. Adversarial Network for Aligning Digital Twin and Measured Data

The foundational architecture of this methodology builds upon Domain-Adversarial Neural Networks

(DANN), incorporating a feature extraction module, a label predictor, and a domain discriminator. To reduce

the empirical risk across the source data, the encoded representations from the feature extractor E(-|60,) are
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routed through a category predictor C(-|6,) equipped with a softmax activation. Subsequently, the weights

of both modules are jointly optimized to suppress the categorical cross-entropy loss, which is evaluated

between the ground-truth one-hot vectors and the corresponding softmax probability distributions. For

multiple source domains, this loss Ly (y,p) is calculated over mini-batches of examples drawn from each

source domain distribution Dy ,i€{l,2,...m}.

1N _ _
argminy — Z::ILclS (y_g.’), C(E(xo); 0,):0. )) 7

0,6 i:INi Jj J
The feature representations selected by the extractor E(-|6,) may differ significantly between the source

and target domains. Minimizing source-domain error alone typically yields a classifier that generalizes poorly
to the measured target domain. To mitigate this discrepancy, a domain-adversarial mechanism is employed
to enforce feature-level domain invariance by aligning the outputs of the feature extractor across domains.
Specifically, a domain classifier is trained to correctly predict the domain label of each example, while the
feature extractor is simultaneously optimized to generate domain-invariant features that confuse the domain
classifier, effectively aligning source and target feature distributions. This adversarial interaction encourages
the network to learn representations that are discriminative for the task while being agnostic to domain-
specific variations.

The adversarial dynamic within this network is driven by a softmax-based, multi-class domain
discriminator D(:|6,), which processes the representations generated by the feature extractor E . To

facilitate adversarial optimization, a gradient reversal layer R(") is interposed between the extractor and the

discriminator, functionally multiplying the backpropagated gradients by a predefined negative scalar —ﬂd .
In terms of category assignment, target instances receive a domain label of d; =0, whereas instances
originating from the i-th source are designated as d s, =i for i€{l,2,...,n}. Consequently, the variables

98 and t9d are trained to optimize the following target function:
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(k1N 1Y
5131@11( Elﬁk szlLdom (dsk ,D(R(E(xj’”)))) + v 2L, (dT,D(R(E)))j (8)

To achieve this optimization, the network utilizes a categorical cross-entropy function L, , which structurally

mirrors the primary classification loss Ly but operates on domain identifiers rather than specific task

categories. Defining d as the actual one-hot encoded domain vector and 2 as the predicted probability

distribution yielded by the domain discriminator's softmax layer, this loss is formulated as follows

Ld(d,p) z_édi logpi (9)

3.2. Leveraging label information more efficiently via contrastive learning

The adversarial loss introduced primarily enforces domain invariance but does not explicitly exploit
labeled information from the source domains. The DANN that jointly optimizes the adversarial loss and the
task loss makes the features discriminative within each source domain but does not guarantee that same-class
samples from different source domains are mapped close to one another. To better leverage source labels, a
supervised contrastive loss is introduced to encourage representations of examples sharing the same class
label to be pulled closer in the embedding space, while pushing apart those with different labels. The principle
of this supervised contrastive learning process is illustrated in Fig. 2. This loss thereby utilizes both positive
and negative cross-source label information, complementing the adversarial alignment. Formally, this process
operates on pairs of projected representations z derived from inputs, where each anchor ae€ A4 1is paired
with a positive p € P having the same label and a negative n e N with a different label. DT-DAN
extends this formulation by allowing additional constraints on pair selection, such as restricting examples to
come from the same domain, different domains, or any domain, and whether to incorporate pseudo-labeled
target instances. One anchor—positive pair (a, p) and one anchor—negative pair (a,n) can be formed for
both within-source and cross-source cases, with multiple pairs being constructed analogously.

The objective for supervised contrastive learning utilizes a multi-positive variant of the InfoNCE

Page 11 of 31



10

12

13

10.37965/jdmd.2026.1471
framework. For a specific anchor embedding z, accompanied by its corresponding positive subset P and

negative subset N , a temperature scaling factor 7, and the cosine similarity metric denoted as

) z, 2,
sim(z,,z,)=———3*— 10
(21,2,) Pz PPz, P (10)
The loss is expressed as
sim(z, z i
LEPN) = 3|iog] 3 exp| THED) || simCE.2) (1
|P |z,e ZeN Uiz} T T

For each anchor, the numerator encourages similarity with its positives, while the denominator
simultaneously contrasts against positives and negatives. This formulation is mathematically equivalent to a
log-softmax classifier distinguishing positives from negatives, with the averaging over multiple positives
placed outside the logarithm for improved performance. The overall objective then aggregates over all

anchors from source domains and, in some instantiations, pseudo-labeled target anchors:

________
R,

N,

1Y

Same-class Classc &
1 \
\ 4 H \
Convergence | 4 A
| ]
\ I
\ A

\\ 4

W An II& y

. 4

~ &
~~~~~~~~

*~,_Different-class
% Repulsion

(@) (b)

Fig. 2. Schematic Diagram of Contrastive Learning. (a) Before Implementing Contrastive Learning. (b) After
Implementing Contrastive Learning.

oo 1 1
argmin| —— X Lc(zaanSi,yaangi,y,,) +1PL:True|A_ 2 Lc(Za’Pdr,y“u’Ndr,ﬁa) (12)

6,,0. =] |AS,' (24:Y4)€4s, T (2,,7,)€A4;

To formalize pair construction under different DT-DAN instantiations, an auxiliary set V is defined,
containing each example’s input X, its class label V (or pseudo-label 3 for target instances), and its
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domain label J . Given labeled source samples &, ~Dsi for ief{l,...,n} , unlabeled target samples

T . ~D,,and projected representations z = Z(E(x);8.), the following sets are defined:
V. =03, d)l(x, ) €S, ie{l,2,...,n},d =d } (13)
Vo ={(x, $0d) x€T,,,,, Yo=argmax C(E(x)),d =d,} (14)
Vi = Ve Y Vg (15)

Using V, anchor sets for each source domain and the target domain are defined as:
A = {(Z(E(x)), V) y.dy) € V} (16)

A ={(Z(E), })(x,,d;) e V| (17)

Positive and negative sets are instantiated according to the specific framework configuration, including
within-source, cross-source, or any-source sampling. For instance, in the cross-source label-contrastive
learning configuration, contrastive pairs are constructed across different source domains to exploit inter-
domain supervision. Positives are selected from other domains that share the same label as the anchor, while
negatives are sampled from different domains with different labels. This setup explicitly encourages
alignment of class-consistent representations across domains while maintaining inter-class separability. In
the context of multi-digital twin models, the label spaces of the digital twin domains and real measurement
domains are complementary rather than completely disjoint. Therefore, cross-source label-contrastive
learning can be effectively applied by forming positive pairs between the digital twin data and the real
measurement data with the same label, while negatives are drawn from samples of different labels across any

domain.

P, ={Z(E®)(x,y,.d)eV,d#d,| (18)
N, ={Z(E@)Nx,y,d)eV,d#d,,y+y,} (19)

Furthermore, weakly supervised labels from the measured target data can also be incorporated by including
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target instances (x, $pd;) with weak label P into the auxiliary set V . To account for label uncertainty,

each weakly labeled instance is assigned a confidence weight w, €[0,1], and the supervised contrastive loss

for an anchor @ becomes

exp(sim(z,,z,)/7)

L (a) 1 2w -log

FAYCA Y exp(sim(z,,z,)/7) (20)
beP,UN

By weighting weakly supervised samples in this way, the framework benefits from partial target-domain

supervision while maintaining robust intra-domain contrastive alignment.

3.3. Hard example sampling for contrastive learning

To improve the effectiveness of contrastive learning, a hard example sampling strategy is introduced. In
contrastive learning, not all positive and negative pairs contribute equally to feature learning; examples near
the decision boundary are more informative for distinguishing classes. Therefore, focusing on these “hard”

examples can accelerate training and enhance feature discriminability. The effect of the pair construction is
illustrated in Fig. 3. For each anchor of domain d, and label y, hard positives are defined as examples

from the same domain with the same label but currently associated with a high task classification loss,
indicating they are close to being misclassified. Hard negatives are examples from the same domain with a

different label but predicted with a low task loss for the anchor’s class, indicating they are likely to be

confused with the anchor. Formally, the hard positive and negative sets P~ and N L, are defined as:

hard
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Pl = Z(E()N(x,y,,d)eV,d #d,, 5+, 1)

Hard Sample Easy Sample
Parameter update Parameter update

Optimizing space

Fig. 3. Schematic Diagram of Hard example sampling.

N &) <{Z(E()x,y,d)eV,d £d,,y £y, 5=, (22)

However, in practice, it is not guaranteed that truly misclassified positive and negative examples will
always exist, as the task classifier may eventually make correct predictions during later training stages. To

address this, a relaxed hard example selection strategy is proposed. Specifically, based on the softmax cross -

entropy loss, the top- k, hardest positives and top-k, hardest negatives are selected. For an anchor with

domain d, andlabel Yy, ,hard positivesare defined as samples from the same domain with the same label

that currently have a high task classification loss, indicating that they lie near or beyond the decision boundary

and are close to being misclassified. Conversely, hard negatives are defined as samples from the same domain
but with a different true label, whose predicted loss with respect to the anchor’s label y, issmall, indicating

that they are likely to be confused with the anchor and to lie near the decision boundary on the wrong side.

P ={Z(E(x)|(x.7,.d,) € V,L,, (v,.C(E(x) > h, | (23)
N = {Z (E)(x,y,d,) €V, y# y,, Ly (v, C(E(x))) < h} (24)

where £ , and h, are thresholds selected to obtain a predefined number of hard positives and negatives.
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By concentrating on these challenging examples, the contrastive learning loss can more effectively pull
together representations of the same class and push apart representations of different classes within each

domain, improving intra-domain feature alignment and overall transfer performance.

4. Experimental verification

In this section, train axle box bearing fault simulation experiments are conducted under various working
conditions to verify the effectiveness of the proposed transfer learning framework. Furthermore, the proposed

framework is also compared with several state-of-the-art methods.

4.1 Experiment introduction

To verify the proposed digital-twin-enhanced transfer learning framework for train axle box bearing fault
diagnosis across different working conditions, three complementary digital twins and measured data are
employed for model training and evaluation. The three digital twins are developed from different modeling
perspectives to provide a comprehensive representation of bearing behavior: (DT1) a finite element (FE)
model, (DT2) a dynamics-based mechanistic model (DMM), and (DT3) a deep-learning-based generative
model (DGM).

To clarify the domain assignment and the relationship among the datasets, the measured data are divided

according to their working conditions. Measured data collected under a subset of known working conditions

Ne

Bearing inner Bearing outer
ring fault ring fault
Bearing rolling Bearing cage
element fault fault
(a) (b)

Fig. 4. Axle box bearing model and its fault simulations. (a) model after meshing. (b) summary of fault types.
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are selected as the measured source domain. These source-condition measured data are used to calibrate and
validate the physics-based digital twins, including DT1 and DT2, and to train the data-driven generative
digital twin, DT3. The three digital twins then generate additional labeled fault samples from complementary
modeling perspectives, and the resulting datasets are treated as three digital -twin source domains. Therefore,
the collection of source domains consists of both labeled measured data under the selected source conditions
and labeled samples generated by DT1, DT2, and DT3.

Measured data collected under the remaining working conditions are assigned to the target domain and are
not used to construct, calibrate, or train the digital twin models. The target-domain data are further divided
into a training set and an independent test set. The target-domain training set contains a small number of
weakly labeled samples and a larger number of unlabeled samples, both of which participate in model training,
while the independent test set is used solely for final performance evaluation. Under this setting, the proposed

framework transfers diagnostic knowledge learned from the measured and digital -twin source domains to

Page 17 of 31



[\

W

10.37965/jdmd.2026.1471

(a) (b)

Fig. 5. Sample Generation Method. (a) Dynamics-based Mechanistic Model [19]. (b) Deep learning-based Model [20]
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Fig. 6. Time-domain signals generated by the twin models: (a) DT1; (b) DT2; and (c) DT3.

target working conditions that are not included in source-domain training. The detailed configurations of the

three digital twin models are introduced below.

1) DTI:

As 1illustrated in Fig. 4, FE analysis is conducted on a single-row SKF32213 bearing. The

bearing’s dimensional parameters are obtained from official SKF documentation. To ensure
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computational efficiency without compromising accuracy, geometric features with negligible
influence such as chamfers, lubrication holes, and the complex cage structure are omitted during
modeling. The bearing material is defined with standard steel properties, including Young’s modulus,
Poisson’s ratio, and density. The model is discretized using 8-node hexahedral elements (SOLID164),
and locally refined meshes are applied at the contact interfaces between rolling elements and raceways
to capture stress concentrations. Rigid—flexible contact pairs are defined to permit free rolling motion
under a specified friction coefficient. Five health states are simulated: normal, outer ring fault, rolling
element fault, inner ring fault, and cage fault.

2) DT2: As shown in Fig. 5(a), the DMM is a multi-body coupled dynamic model that comprehensively
accounts for the multi-directional contact stiffness and damping between rollers and raceways. It
captures nonlinear contact dynamics and boundary interactions under varying operating conditions,
generating response data that bridge the gap between FE simulations and physical experiments.

3) DT3: Depicted in Fig. 5(b), the DGM adopts a conditional diffusion-based generative framework that
incorporates prior information such as working conditions and fault types to synthesize diverse and
realistic fault samples. This model enhances the variability of fault patterns and improves the
generalization capability of the diagnostic framework. These three digital twins collectively provide
comprehensive coverage of fault types and working conditions, enabling the learning of robust and
domain-invariant representations within the proposed transfer learning framework.

Fig. 6 compares representative normalized time-domain signals generated by the three digital twin models.
As shown in Fig. 6(a), the FE-based digital twin produces intermittent impact-dominated responses
characterized by localized high-amplitude bursts and oscillatory wave packets. These characteristics reflect
the transient structural responses caused by local defect contact, stress redistribution, and vibration

propagation within the bearing structure. In contrast, the dynamics-based mechanistic digital twin in Fig. 6(b)
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Bearing inner Bearing outer Bearing rolling Bearing cage
ring fault ring fault element fault fault

Fig. 8. Faults of axle box bearings.

generates densely repeated and strongly periodic oscillations with a relatively stable envelope. Such signals
primarily represent the deterministic kinematic excitation, periodic roller—raceway interactions, and
nonlinear stiffness—damping coupling of the bearing system. The diffusion-based generative digital twin
shown in Fig. 6(c) produces more irregular and nonstationary waveforms, with pronounced variations in
amplitude, envelope, and local temporal morphology, thereby increasing the stochastic diversity of the
generated fault samples.

The three types of digital twin data therefore provide complementary source-domain information. The FE-
based digital twin emphasizes physically interpretable local structural responses and transient impact
characteristics, while the dynamics-based digital twin describes periodic fault excitation and system-level

nonlinear dynamic behavior. The diffusion-based digital twin further enriches the source domain by
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introducing variations in signal morphology and sample distribution that cannot be fully represented by
deterministic physical models. Combining these datasets broadens the coverage of fault patterns and
working-condition variations in the source-domain feature space. This complementary information prevents
the diagnostic model from overfitting to the specific characteristics of a single digital twin and facilitates the
learning of more robust and transferable fault representations, thereby improving generalization to measured
data under unseen working conditions.

By integrating DT1, DT2, and DT3, a multi-digital twin dataset is constructed. Together with measured
samples under known working conditions, this dataset constitutes the source domain for model training. The
measured data are further described as follows. As shown in Fig. 7, they are collected from fault simulation
experiments conducted on a 1:2 scaled physical prototype of a real metro bogie, which is equipped with a
frequency converter to regulate motor rotational speeds and an electro-hydraulic loading device to apply
different lateral loads. The fault types of axle box bearings are illustrated in Fig. 8. During the experiments,

Table 1

Overview of working conditions.

Serial Number Load/Speed Serial Number Load/Speed
Al 0 kN/20 Hz B3 -10 kN/40 Hz
A2 10 kN/20 Hz C1 0 kN/60 Hz
A3 -10 kN/20 Hz C2 10 kN/60 Hz
B1 0 kN/40 Hz C3 -10 kN/60 Hz
B2 10 kN/40 Hz - -
Table 2

Overview of the dataset.

Data Source Working condition Number of Fault Types Number of Samples

Al, A2, A3

DTl B1, B2, B3 5 1800
Cl, C2,C3
Al, A2, A3

DT2 B1, B2, B3 5 1800
C1,C2,C3
Al, A2, A3

DT3 B1, B2, B3 5 1800
C1,C2,C3
Al, A2, A3

Measured Data BI1, B2, B3 5 1800
Cl, C2,C3
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Fig. 9. Network configuration.

three-axis vibration signals of the axle box bearings are recorded at a sampling rate of 64 kHz, and the
corresponding working conditions are summarized in Table 1. In Table 1, A, B, and C denote the three
rotational-speed conditions, whereas 1, 2, and 3 denote the three load conditions. To provide a comprehensive
overview, Table 2 summarizes all datasets used in the experiments, including the data generated by the three
digital twin models and the measured samples collected under different working conditions. Based on these
datasets, the proposed network is subsequently trained and optimized. All experiments are conducted on a
workstation equipped with an Intel Core 17-14700KF CPU and an NVIDIA GeForce RTX 4070 Ti GPU. The
diagnostic model is implemented in Python using the PyTorch deep learning framework. The network
parameters are optimized using the Adam optimizer for 500 epochs, and the input sequence length of each
training sample is set to 3200 sampling points. The weights of the classification loss, domain-adversarial loss,
and contrastive loss are set to 1:0.5:0.1. The hyperparameter tuning results obtained through cross-validation

are presented in Fig. 9. For the hard example sampling strategy, the sample-wise classification losses are first

calculated within each mini-batch. The 90th percentile of these losses is used as an adaptive threshold T},

and samples satisfying L >T,, corresponding to the top 10% hardest samples, are selected for subsequent

contrastive learning. The temperature parameter in the contrastive loss is set to 7=0.1. These

hyperparameters are determined through cross-validation.

Page 22 of 31



10.37965/jdmd.2026.1471

4.2 Benefits of Multi-Digital-Twin Augmentation

An ablation study is conducted to evaluate the effectiveness of multi-digital-twin augmentation. In this
study, a series of transfer learning networks is constructed, with the number of source domains progressively
increased. Specifically, three source-domain configurations are compared: measured source data combined
with one digital twin, two digital twins, and three digital twins. For each transfer task, the labeled measured
data collected under the selected known working conditions and the labeled samples generated by the digital

twins are treated as the source domains. The measured source-domain data and digital-twin data are jointly

Table 3
Diagnostic Results for Varying Numbers of Digital Twins under Rotational Speed Transfer

Task DT1(FE) DT2(DMM) DT3(DGM) Diagnosis accuracy
N X X 92.81%+0.4%
A, B—C N N, X 93.57%+0.5%
N N, N, 94.28%=+0.3%
N, X X 94.19%=+0.5%
A, C—B N, N, X 95.74%+0.3%
N N, N, 96.76%=+0.3%
N, X X 94.31%+0.3%
B, C—A N N, X 94.76%+0.4%

J J J 95.41%=0.3%

Note: In each task, the working conditions on the left side of “— are used as the source conditions, and the condition on
theright side is used as the target condition. The reported accuracy is calculated using the independent target-domain test
set.

Table 4

Diagnostic Results for Varying Numbers of Digital Twins under Load Transfer

Task DTI1(FE) DT2(DMM) DT3(DGM) Diagnosis accuracy
N, X X 93.34%+0.4%
1,253 N, N X 94.16%+0.3%
N, N, N, 95.28%=+0.4%
N, X X 93.51%=+0.4%
1,32 N, N, X 94.98%=+0.2%
J N, N, 96.39%=+0.3%
N, X X 93.75%=0.3%
2,3—1 N N X 94.64%+0.4%

v ~ v 95.77%+0.4%

Note: The load conditions on the left side of “— are used as the source conditions, and the load condition on the right side
is used as the target condition. The reported accuracy is calculated using the independent target-domain test set.
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used for task classification, supervised contrastive learning, and domain-adversarial training. Measured data
collected under the held-out working conditions constitute the target domain and are further divided into a
target-domain training set and an independent target-domain test set. For each transfer task, 5% of the target-
domain training samples are randomly selected without replacement as weakly supervised samples, while the
remaining 95% are treated as unlabeled samples. After training, all models are evaluated on the same
independent target-domain test set, which consists of measured samples from the held-out working conditions
and is used solely for final performance evaluation. To ensure reliability, the network training and testing
procedures are repeated ten times in total. Tables 3 and 4 report the average accuracy and standard deviation
of the networks in fault diagnosis tasks. As shown by the results, the diagnostic performance of the models
gradually improves as the number of twins increases. Under both rotational speed transfer and load transfer
scenarios, the inclusion of digital twin-generated data effectively enhances the generalization capability of
the diagnostic networks. This is because the digital twins generate supplementary samples that occupy
regions of the feature space underrepresented by experimental data alone, thereby narrowing the distribution
gap between the source and target domains. Specifically, the FE and dynamic model-based twins capture
physically accurate fault dynamics under different working conditions. Meanwhile, the deep learning-
generated twins enrich the variability of the signal patterns. In conclusion, the ablation experiments
demonstrate that leveraging multiple source domains significantly improves the diagnostic accuracy and

robustness of axle box bearings under unseen working conditions.

4.3 Effects of contrastive learning and the hard example sampling strategy

To evaluate the contribution of the proposed contrastive learning module and the hard example sampling
strategy, an ablation study is conducted for axle box bearing fault diagnosis. For each transfer task, the labeled
measured data collected under the selected known working conditions and the labeled samples generated by
the digital twins are treated as the source-domain data. The measured data collected under the held-out

working conditions constitute the target domain and are divided into an unlabeled target-domain training set
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~®- Proposed method
Without hard example sampling
Without contrastive learning
A,B—C A,B—C A,B—C

1,23 1,23 1,253

Fig. 10. Diagnostic performance of different sampling methods.

and an independent target-domain test set. Three strategies are compared: conventional training without
contrastive regularization, contrastive learning with randomly constructed positive and negative pairs, and
contrastive learning combined with the proposed hard example sampling strategy.

During training, the supervised contrastive loss is constructed only from labeled measured and digital -twin
source-domain samples, whereas the unlabeled target-domain samples participate only in domain-adversarial
alignment. After training, all models are evaluated on the same independent target-domain test set, which
does not overlap with the target-domain samples used for domain-adaptation training. Fig. 10 presents the
diagnostic results under the three strategies. As shown in Fig. 10, conventional training without contrastive
learning achieves the lowest diagnostic accuracy. Although the task classification loss enables the model to
distinguish fault classes in the labeled source domains, and domain-adversarial learning reduces the overall
distribution discrepancy between the source and target domains, these objectives do not explicitly constrain
the class-level structure of the feature space. Consequently, features belonging to the same fault class but
originating from different measured and digital -twin source domains may remain dispersed, whereas features
from different fault classes may still overlap after domain alignment. Such a feature distribution leads to
ambiguous classification boundaries and limits the transferability of the diagnostic model. Introducing

contrastive learning significantly improves diagnostic performance. During contrastive learning, labeled
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source-domain samples with the same fault label are constructed as positive pairs, whereas samples with
different fault labels are constructed as negative pairs. Minimizing the contrastive loss pulls positive pairs
closer together and pushes negative pairs farther apart in the feature space. In this way, contrastive learning
explicitly enhances intra-class compactness, inter-class separability, and the classification margin across the
measured and digital-twin source domains. It also suppresses domain-specific variations that are unrelated to
fault categories and encourages samples with the same health state to form consistent feature clusters across
different source domains.

Building on this, the combination of contrastive learning with hard example sampling achieves the highest
accuracy, particularly under unseen working conditions. With random pair construction, a large number of
easily distinguished positive and negative pairs contribute only limited information to the optimization
process and may dominate the contrastive loss. In contrast, the proposed hard example sampling strategy
preferentially selects hard positive pairs that remain relatively far apart and hard negative pairs that are
relatively close in the feature space. By jointly leveraging these mechanisms, the network effectively learns
transferable representations and mitigates the domain shift between source and target working conditions.
Under traditional random sampling, the optimization direction of the loss function is diluted by a large
number of simple samples, making it difficult to focus on the core contradiction of class differentiation and
leading to a significant decline in diagnostic accuracy. Overall, the ablation results demonstrate that
contrastive learning provides the fundamental improvement by explicitly constructing a class-discriminative
feature space with enhanced intra-class compactness and inter-class separability, whereas hard example
sampling further refines this feature space by emphasizing informative sample pairs near the decision

boundaries.
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4.4 Comparison with state-of-the-art methods

To verify the superiority of the multi-source domain adversarial transfer learning framework based on the
digital twin model, this study conducted fault diagnosis on the axle box bearings, and compared the diagnostic
accuracy of the proposed method with four existing methods. Table 5 presents brief descriptions of each
method, and Fig. 11 reports diagnostic accuracy across different transfer learning tasks. The experimental

results demonstrate that the proposed method consistently outperforms the existing methods in all tasks.

Table 5

Descriptions of the comparative methods

Methods Descriptions

Method A is a baseline that only applies a multi-source domain adversarial network

Method A without addressing disjoint labels.

Method B (CDAN) improves class separability by conditioning domain alignment on
Method B S

label predictions.[21]

Method C (M3*SDA) enhances transfer by aligning higher-order feature moments across
Method C .

domains.[22]
Method D Method D (MDD) sharpens decision boundaries by minimizing margin disparity

discrepancy.[23]

“Proposed method = Method A ™= Method B == Method C  © Method D

1,2—-3 1,32 2,3—1

Fig. 11. Compnarison results of the proposed method and the other existing methods.
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Specifically, Method A, serving as the baseline, employs only a multi-source domain adversarial network and
does not address the issue of non-overlapping labels between domains, resulting in the poorest performance
in distinguishing complex fault categories. Method B improves class separability by conditioning domain
alignment on label predictions; however, it still depends on the quality of the predicted labels and struggles
to effectively handle difficult samples near category boundaries. Method C enhances transfer performance
by aligning cross-domain higher-order feature moments, but its ability to discriminate category boundaries
is limited, making fine-grained category differentiation insufficient. Method D sharpens decision boundaries
by minimizing margin disparity discrepancy; nevertheless, in practical multi-condition scenarios, its
adaptability to cross-domain difficult samples remains inadequate. In contrast, the proposed method
establishes a comprehensive fault diagnosis framework for train axle box bearings, integrating data generated
by digital twins with multi-source domain adversarial transfer learning. A contrastive learning mechanism is
incorporated to improve class separability by pulling similar samples closer while pushing dissimilar samples
apart. Importantly, the selection of sample pairs prioritizes difficult samples at category boundaries, allowing
the network to learn more refined and discriminative feature representations, thereby significantly enhancing
diagnostic accuracy and generalization. In conclusion, comparison with existing methods demonstrates the

superiority of the proposed method in diagnosing faults under unseen working conditions.

5. Conclusions

This article proposes a digital-twin-enhanced adversarial transfer learning framework for fault diagnosis
of train axle box bearings, which effectively learns from both multi-component digital twin models and
limited measurement data. In the proposed framework, a unified feature extraction subnetwork is designed
to capture shared representations, while a class classifier and a domain discriminator are adversarially trained
to extract domain-invariant features. To fully exploit available supervised information, contrastive learning
is incorporated to compact intra-class features and separate inter-class features explicitly. Within this process,

a hard example sampling strategy is employed to focus on learning the key features that distinguish different
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classes, further enhancing feature discriminability. By jointly minimizing classification error, reducing
source—target distribution discrepancies, and suppressing domain-specific variations, the framework
strengthens the robustness of learned representations and improves cross-domain generalization. Systematic
experiments on the subway transmission system demonstrate the feasibility and advantages of the proposed

approach.
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