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Abstract
Reliable fault detection in train transmission systems is essential for safe and efficient railway operation, yet it is chal-
lenged by variable operating conditions and scarce fault samples. To address these issues, a novel unified health domain
relation learning (UHDRL) framework is proposed. Specifically, a pseudofault sample library is constructed to generate
diverse synthetic fault examples, reducing UHDRL’s reliance on healthy samples. A unified health domain mechanism is
designed to map the different operating conditions into a common feature space, thereby reducing distribution shifts
caused by operating variations. Additionally, a health relation learning mechanism is proposed to construct feature pairs
between healthy representations and pseudo-faults to uncover intrinsic and discriminative attributes of health states.
Experiments on three train transmission systems, conducted under both deterministic and non-deterministic operating
condition changes, demonstrate that UHDRL is highly adaptable and robust in zero-fault-sample settings, improving
detection accuracy by over 12% compared with existing methods.
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Introduction

The reliability of train transmission systems (TTS) is
vital for the safety and efficiency of railway networks.
These systems operate under varying operating condi-
tions, including fluctuating speeds, load variations,
temperature extremes, and wear, which contribute to
component degradation and increase the risk of fail-
ures.1–4 Timely and accurate fault detection is essential
for predictive maintenance and smooth operations.5–7

Machine learning and deep learning (DL) approaches
have recently shown promising results for train trans-
mission systems fault detection by analyzing monitor-
ing data.8–11 Nevertheless, such methods typically
require large labeled fault datasets and assume that
training and test distributions match.12–15 In practice,
fault samples are often scarce or absent, and distribu-
tion shifts induced by varying operating conditions,
environmental factors, or train configurations under-
mine model generalization and increase misclassifica-
tion rates under unseen conditions.

Transfer learning (TL) has been widely explored to
mitigate these issues by transferring diagnostic

knowledge from a source condition to a target condi-
tion via domain adaptation techniques.16–18 While TL
reduces dependence on labeled target data, it still relies
on fault samples from source domains and its success
depends strongly on the similarity between source and
target distributions.19–21 In train transmissions, sub-
stantial heterogeneity across train types, operating
regimes, and environments often leads to distributional
discrepancies that hinder effective knowledge transfer.
Moreover, identifying suitable source domains and
coping with complex interactions among operating
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factors increase the difficulty and computational cost
of deploying TL in diverse real-world settings.

Prior work has therefore focused on disentangling
health-state representations from operating parameters
to improve robustness. For instance, Sun et al.22

employed contrastive learning methods to explore the
representation of health samples across varying envir-
onments. Zhou et al.23 proposed a conditional varia-
tional autoencoder to separate operating conditions
from health state, extracting statistical features from
the reduced-dimensional latent variables as fault indi-
cators. Hu et al.24 examined the causal relationships
between observed signals, operating conditions, and
health state, developing a decoupling objective
grounded in mutual information theory, and using var-
iational inference and self-supervised learning to
extract abnormal indicators independent of operating
conditions for fault detection. Wu et al.25 introduced a
domain-adversarial regression strategy to steer the
training of decoupled autoencoders under changing
operating conditions.

Although these methods improve robustness to
some operating variations, they have notable limita-
tions. First, they rely heavily on healthy-state samples
and thus are overly sensitive to changes in operating
conditions. In train systems, the same condition can
exhibit markedly different features under high versus
low speed or full versus light load, and a single training
set rarely captures this variability, which leads to over-
fitting and degraded real-world detection performance.
Second, many approaches assume deterministic varia-
tions and neglect complex interactions among tempera-
ture, terrain, and track conditions. Real-world
operating environments are more dynamic and uncer-
tain, and the distributions of faulty and healthy states
may differ substantially across conditions. As a result,
methods that depend mainly on healthy samples strug-
gle to establish clear decision boundaries, causing over-
lap between healthy and faulty classes, limiting cross-
condition generalization, and increasing false alarm
rates.

To address the fault detection challenges in train
transmission systems under zero-fault samples and
varying operating conditions, an innovative unified
health domain relation learning (UHDRL) framework
is proposed. The proposed UHDRL framework incor-
porates several key components. First, a pseudo-fault
sample library (PFSL) is established to increase the
diversity of training samples, reducing the UHDRL’s
over-sensitivity to health state and markedly improving
its ability to detect fault state. Second, a unified health
domain mechanism (UHDM) is designed to map
health samples from diverse operating conditions into
a unified feature space, effectively minimizing the dis-
ruption caused by fluctuations in operating conditions

to the consistency of the health sample distribution.
Building on this, a health relation learning mechanism
(HRLM) is proposed, which creates feature pairs by
combining health features from different operating
conditions with PFSL, facilitating a deeper extraction
of the intrinsic features of the health state. Finally, by
forming feature pairs between target and health sam-
ples and assessing their similarity, the system accurately
determines the state types of the train transmission
system.

The primary contributions of this article are (1) The
UHDRL is proposed to address the challenge of accu-
rately detecting faults in train transmission system
under varying operating conditions and zero-faulty
samples. Experimental results demonstrate its effective-
ness in detecting faults across three high-speed train
transmission systems, achieving over 12% improve-
ment in detection accuracy compared to existing meth-
ods. (2) The UHDM is designed to integrate health
samples from different operating conditions into a
shared boundary space. By minimizing the distribution
differences caused by operating condition variations, it
establishes consistent detection boundaries, signifi-
cantly enhancing the UHDRL’s adaptability under
diverse conditions. (3) An innovative feature concate-
nation mechanism in HRLM is designed, which con-
structs feature pairs between health state samples and
PFSL under different operating conditions, revealing
the unique and inherent attributes of the health state.
This mechanism greatly enhances the precision of fault
identification in the UHDRL by refining its capability
to detect minor variations between fault and health
states.

The article is structured in the following manner.
Section ‘‘Methodology’’ offers a detailed explanation
of methodology. Section ‘‘The fault detection frame-
work base on UHDRL’’ outlines the fault detection
framework. Section ‘‘Case study’’ includes a thorough
assessment of the experimental outcomes, and Section
‘‘Conclusion’’ wraps up the research with concluding
remarks.

Methodology

UHDRL structure

Figure 1 illustrates the UHDRL structure, which pri-
marily consists of the PFSL, feature extractor, the
UHDM, and the HRLM.

Assume that the train transmission system operates
under n distinct operating conditions, with health state
samples DH (D1

H , � � � ,Dn
H ) representing the health states

across these conditions Ci, where Dn
H corresponds to

the health state sample for the operating condition Cn.
When fault samples are unavailable, constructing a
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fault detection model solely using health state samples
may result in over-sensitivity to variations in health
states. In the context of train transmission systems,
health states can differ significantly across different
operating conditions, and relying directly on health
state samples may fail to capture the true characteris-
tics of faults. To enhance the robustness of the fault
detection model, a PFSL DF is constructed, incorporat-
ing out-of-distribution samples and fault samples from
other devices. This broadens the diversity of the sam-
ples and strengthens the model’s fault detection capa-
bility. The health state samples DH and PFSL DF are
then input into the feature extractor, which extracts
corresponding health state features gH (g1

H , g2
H , � � � , gn

H )
PFSL features gF.

To effectively mitigate the impact of fluctuations in
operating conditions on the sample distribution of
health state, the UHDM is designed to consolidate all
health samples from different operating conditions
within a unified spatial boundary. As illustrated in
Figure 1, the anchor-based alignment strategy begins
by randomly selecting a health feature from one oper-
ating condition as the anchor point. Next, a health fea-
ture from different operating condition is chosen as the
positive sample, while the PFSL serves as the negative
sample. The positive sample is drawn toward the
anchor point, whereas the negative sample is repelled,
creating a boundary reconstruction loss, denoted as L1.
This process ensures that health state features from dif-
ferent conditions are unified in the same spatial bound-
ary, while PFSL is excluded from this boundary,
effectively eliminating the distribution differences
caused by fluctuations in operating conditions.

In the absence of fault samples and amidst fluctua-
tions in operating conditions, extracting the intrinsic
features of health states across diverse conditions
becomes particularly critical. To address this, the

HRLM is designed to connect the health state features
from different operating conditions with those from the
PFSL, forming feature pairs that reveal the intrinsic
attributes of health states. This mechanism’s innova-
tion lies in its ability to concatenate feature pairs from
different state types, enabling the HRLM to effectively
capture the core features of health states under varying
operating conditions, rather than depending on health
samples from specific conditions. These concatenated
feature pairs are input into Kolmogorov–Arnold net-
work relation evaluator (KANRE) to uncover the
underlying relationships between the health state and
PFSL features. The KANRE computes the corre-
sponding relation scores, forming a loss function L2.
Ultimately, by combining the losses L1 and L2, the total
loss function L is formed, which is iteratively optimized
to improve the UHDRL’s fault detection accuracy and
robustness under varying operating conditions.

PFSL construction

As depicted in Figure 2, the PFSL DF is constructed by
integrating two distinct data sources: external equip-
ment fault samples DE and generated out-of-
distribution samples DO(D

1
O,D

2
O, � � � ,Dn

O). The external
equipment fault samples DE are compiled by transfer-
ring historical fault data from similar devices (e.g.,
gearboxes of different models). These samples encom-
pass common fault modes in transmission systems,
such as gear breakage and bearing wear. While device-
to-device physical differences exist, DE serves to pro-
vide the model with diverse, generic fault patterns that
act as broad ‘‘negative’’ constraints.

To explicitly address the device-specific characteris-
tics and bridge potential domain gaps caused by exter-
nal data, the out-of-distribution samples DO are
generated based on health state samples Di

H from

Figure 1. UHDRL structure.
UHDRL: Unified health domain relation learning.
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different operating conditions Ci. Specifically, for each
operating condition Ci, multiple out-of-distribution
samples Di

O are synthesized from the corresponding
health samples Di

H using the modified Soft Brownian
Offset method.26 This ensures that the generated pseu-
dofaults are tailored to the specific feature distribution
of the target device. The generation mechanism is out-
lined as follows:

Di
O = G Di

H ,N
� �

=
XN

j = 1

xi
H + aj �

Sj

Sj

�� �� + snj

 !
ð1Þ

where aj(0, ID) denotes the disturbance radius, Sj rep-
resents the normalized random direction vector, and
snj indicates condition-related noise. This method
dynamically adjusts the offset boundaries to account
for changes in the feature distribution across different
operating conditions. To adapt to the feature distribu-
tion of health state samples under diverse operating
conditions, a condition-adaptive rejection probability p
is employed to modify the offset boundaries enabling
the generation of condition-specific out-of-distribution
samples. The formula for the rejection probability is
presented as follows:

p d�, d�,sð Þ= 1 + exp
d� + d�

sd�k

� �� ��1

ð2Þ

where d� represents the current offset distance and d�

denotes the historical minimum offset distance. As
both d� and d� increase, the rejection probability p
decreases along an S-shaped curve, ensuring a high

probability when d� = 0. Recommended parameters are
k= 7 and s 2 0, 1½ �, which control the softness of the
boundary to ensure that the generated out-of-
distribution samples form condition-adaptive pseudo-
fault clusters along the outer edge of the health mani-
fold. These samples, derived from an external
distribution, are positioned in close proximity to the
feature space occupied by health state samples, making
them well suited for representing fault conditions. This
nearness significantly boosts the accuracy of fault
detection, particularly in cases where the model relies
solely on health state data for training. By employing
this technique, the samples produced within the exter-
nal distribution samples DO(D

1
O,D

2
O, � � � ,Dn

O) are
placed beyond the boundaries of the health state fea-
ture space.

Finally, PFSL DF is constructed by integrating the
generic external samples DE with the device-specific
synthetic samples DO. This hybrid composition is criti-
cal for generalization: while DE introduces fault diver-
sity, DO compensates for device-to-device differences
by anchoring the pseudo-faults to the target device’s
specific health distribution. This approach significantly
boosts the model’s fault detection capability and
robustness, particularly in scenarios where training
relies solely on health state samples.

Feature extractor

The residual shrinkage network (RSN) is pivotal in
feature extraction, notably by reducing noise and
improving the representativeness of the features. In
contrast to traditional residual networks, RSN

Figure 2. PFSL construction.
PFSL: Pseudo-fault sample library.
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incorporates a soft thresholding function as a key ele-
ment for filtering out irrelevant features.27 This func-
tion is defined as follows:

Y =
x� t if x.t

0 if � t<x ø t

x + t if x\� t

8<
: ð3Þ

where x represents the input features, and Y denotes
the output features. The soft thresholding mechanism
selectively suppresses negative values, preserving only
the most significant features, which are then passed for-
ward for further processing. This approach also allevi-
ates the issues of vanishing and exploding gradients—
issues frequently encountered in deep networks—by
ensuring gradient stability during backpropagation.
The derivative of this soft thresholding function is
expressed as follows:

∂Y

∂x
=

1 if x.t

0 if � t<x ø t

1 if x\� t

8<
: ð4Þ

The RSN structure is designed with four units dedi-
cated to residual shrinkage, each followed by a layer
performing average pooling. Within every residual
shrinkage unit, there exists a distinct component tasked
with calculating the soft threshold. This component
leverages global average pooling to assess the absolute
values of the features, subsequently converting them
into one-dimensional vectors. These vectors are then
fed into a fully connected layer to derive scaling fac-
tors. To ensure these factors fall within the range [0,1],
a sigmoid function is applied, defined as follows:

a =
1

1 + e�z
ð5Þ

where z represents the output from the fully connected
layer. The threshold t is calculated using the formula:

t = a � average xi, j, c

�� �� ð6Þ

Here, xi, j, c indicates the feature at spatial position (i, j)
and channel c. This threshold is fine-tuned to suppress
noise effectively while safeguarding critical features.
This configuration empowers the RSN to adeptly man-
age noisy data, ensuring dependable feature extraction.
Consequently, the RSN can successfully derive feature
sets (g1

H , g
2
H , � � � , gn

H ) and (g1
F , g

2
F , � � � , gn

F) for the
DH (D1

H , � � � ,Dn
H ) and DF, respectively.

Unified health domain mechanisms

The UHDM is designed to minimize the distributional
discrepancies of health states caused by varying operat-
ing conditions. The central concept involves introdu-
cing topological constraints based on the triplet loss
function.28 As depicted in Figure 3, raw health features
under different operating conditions naturally reside in
disparate domains, exhibiting significant distribution
shift. To explicitly model cross-condition relationships
and eliminate this bias, a specific triplet mining strat-
egy is proposed, denoted as fAci

H ,P
cj

H ,NFg. In this con-
figuration, the anchor A

ci

H is a health sample randomly
selected from a specific operating condition ci, whereas
the positive sample P

cj

H is deliberately drawn from a dif-
ferent operating condition cj (where i 6¼ j). The

Figure 3. Schematic diagram of optimization with the UHDM.
UHDM: Unified health domain mechanism.
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negative sample NF corresponds to a generated fault
feature from the PFSL.

This cross-condition selection strategy is pivotal for
reducing distribution shift. By enforcing the minimiza-
tion of the distance between the anchor and the posi-
tive sample from disparate domains, the network is
effectively penalized for retaining condition-specific
information, such as features sensitive to speed or load
variations. Instead, the model is compelled to extract
condition-invariant health features that are shared
across different operating conditions. Simultaneously,
the negative sample ensures a clear separation from
the fault boundary. Consequently, the anchor and
positive samples—despite originating from different
distributions—are drawn closer together. This process
progressively merges the scattered health distributions into
a compact, unified hypersphere, thereby effectively miti-
gating the distributional disparities and enhancing the
model’s robustness to unseen conditions. The triplet loss
function is formally computed as follows:

L1 = L A,P,Nð Þ=max(0, d A
ci

H ,P
cj

H

� �
� d A

ci

H ,NFð Þ+ a)

ð7Þ

where d( � , � ) denotes the calculation of the distance
between two features. The loss function stipulates that
the distance between the anchor and the positive sam-
ple must be smaller than the distance between the
anchor and the negative sample, and that this

difference must exceed the margin parameter a. The
margin parameter plays a crucial role in defining the
minimum separation between positive and negative
samples. This prevents the model from converging to a
trivial local optimum (where the positive sample is only
marginally closer than the negative one) and
encourages the learning of highly discriminative fea-
tures, ensuring a robust separation between the unified
health domain and the fault domain.

Health relation learning mechanism

The HRLM is designed to thoroughly explore the
underlying relationships between health states across
various operating conditions, thereby improving the
model’s robustness and adaptability in complex envir-
onments. Through the integration of feature pair con-
catenation and relation learning, HRLM effectively
captures both the uniqueness and intrinsic nature of in
health states, particularly under multiple operating
conditions.

In the pair concatenation phase, HRLM introduces
two innovative concatenation mechanisms that extract
both unique and inherent features of health states. As
shown in Figure 4, the first mechanism, health-fault
feature concatenation, focuses on revealing the unique
attribute of health states. By concatenating health fea-
tures with PFSL features, the UHDRL is able to high-
light the subtle differences between health state and

Figure 4. Feature concatenation mechanism.
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PFSL, providing a strong foundation for further analy-
sis. The concatenated feature pairs are represented as
follows:

gH ,F =

g1
H ,F = � g1

H , g
1
F

� �
..
.

gn
H ,F = � gn

H , g
n
F

� �
8><
>: ð8Þ

where gn
H represents the health features for the n-th

condition, and gn
F denotes the corresponding pseudo-

fault features. This concatenation enables the model to
effectively distinguish between health and fault states.

The second concatenation mechanism, health-health
feature concatenation, aims to capture the inherent
consistency within the health state, independent of spe-
cific fault scenarios. By concatenating each health fea-
ture with itself, this operation ensures that the
UHDRL identifies the fundamental patterns of health
states across conditions, unaffected by fault patterns.
The concatenated mechanism is defined as follows:

gH ,H =

g1
H ,H = � g1

H , g1
H

� �
..
.

gn
H ,H = � gn

H , gn
H

� �
8><
>: ð9Þ

This operation preserves the consistency of health
states and helps the UHDRL maintain a stable under-
standing of health patterns.

In the relation learning phase, the HRLM uses the
KANRE to uncover the intricate relationships between
feature pairs. The KANRE progressively extracts these
relationships through several layers of nonlinear

transformations, as illustrated in Figure 5. Each layer
propagates information by applying activation func-
tions, which can be mathematically described as
follows:

g(l + 1, j) =
Xnl

i = 1

u(l, j, i)(g(l, i)) ð10Þ

where g(l, i) represents an iterative process where the
output of each unit in a specific layer for the i-th unit
in layer l, is processed using a tailored activation func-
tion u(l, j, i). Through this iterative process, KANRE
uncovers the complex relations between feature pairs,
revealing both commonalities within health states and
distinguishing features between health and pseudo-
fault states. In KANRE, the activation function is a
composite, blending a base function with a spline-
based function, expressed mathematically as follows:

f gð Þ= vb gð Þ+ vs � spline(g) ð11Þ

where vb and vs are the weights for the basis and spline
functions, respectively. The basis function b(g) is repre-
sented using the SiLU activation function:

SiLU gð Þ =
g

1 + e�g
ð12Þ

The spline function spline (g), on the other hand, is formu-
lated as a linear combination of B-spline basis functions:

spline gð Þ=
X

i

ciBi(g) ð13Þ

Figure 5. Kolmogorov–Arnold Network relation evaluator structure.
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where ci are trainable coefficients, and Bi(g) represents
the i-th B-spline basis function. This dual-function
approach allows KANRE to flexibly adjust its non-
linear responses according to the input features, boost-
ing its adaptability and precision.

In the final relation score calculation, KANRE
aggregates the information from previous layers
through weighted summation, producing the final out-
put. The relation score is computed as follows:

r = GELU BN Concat
XN

i = 1

Fi � g

 ! ! !
ð14Þ

where GELU is the activation function, BN represents
batch normalization, Concat denotes the concatenation
operation, and � indicates the interaction between
features. The resulting score r, which falls between 0
and 1, reflects the probability that the feature pair
belongs to the same category. For each operating con-
dition, a relation score matrix is generated, and these
matrixes are subsequently merged into a comprehen-
sive relation score matrix:

RP =

r1
P =

r1
H ,F � � � r1

H ,F

r1
H ,H � � � r1

H ,H

..

.
� � � ..

.

r1
F,F � � � r1

F,F

2
6664

3
7775

..

.

rn
P =

rn
H ,F � � � rn

H ,F

rn
H ,H � � � rn

H ,H

..

.
� � � ..

.

rn
F,F � � � rn

F,F

2
6664

3
7775

8>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>:

ð15Þ

where ri
P refers to predicted relation score correspond-

ing to operating condition Ci. The loss in the HRLM is
determined by measuring the error between the actual
relation score RT and the predicted relation score RP.
The matrix structure that represents the actual relation
score RT is presented below:

RT =

r1
T =

0 � � � 0

1 � � � 1

..

.
� � � ..

.

1 � � � 1

2
664

3
775

..

.

rn
T =

0 � � � 0

1 � � � 1

..

.
� � � ..

.

1 � � � 1

2
664

3
775

8>>>>>>>>>>>>><
>>>>>>>>>>>>>:

ð16Þ

Subsequently, the error is then quantified via the mean
squared error:

L2 =
X

(RP � RT )2 =
XK

i = 1

Lossi = (ri
P � ri

T )2 ð17Þ

Here, ri
P denotes the predicted relation score and ri

T the
corresponding true score for the i� th feature pair. The
overall objective is obtained by summing these squared
discrepancies over all K pairs.

Through this feature pair concatenation and relation
learning strategy, HRLM effectively captures the deep
relationships between health state and PFSL. This, in
turn, enhances HRLM’s capacity to identify and differ-
entiate between various fault scenarios. This mechan-
ism significantly enhances the HRLM’s adaptability
and robustness in dealing with complex data and vary-
ing operational conditions.

The fault detection framework base on UHDRL

A typical train transmission system comprises a traction
motor, a driving gearbox, and two axle boxes. The limited
availability of fault-related data, combined with the intri-
cate mechanical couplings between these components, often
hinders standalone systems from delivering precise fault
detection and localization. To address this, a targeted fault
detection strategy for each key component (traction motor,
driving gearbox, and axle boxes) is proposed. Figure 6 illus-
trates the fault detection strategy based on UHDRL
S DH ,DM ; uð Þ. Sensors are strategically deployed on each
crucial component to consistently track operational states.
Real-time monitoring signals are collected from the K com-
ponent and represented as DM (D1

M ,D2
M , � � � ,DK

M ), where
DK

M corresponds to the K-th component’s measurements.
These monitoring signals are inherently uncertain and must
undergo detection to identify potential faults. At the same
time, historical health state samples, denoted as
DH (D1

H ,D2
H , � � � ,DK

H ), is utilized. Crucially, for each com-
ponent K, the reference set DK

H is constructed by random
sampling from historical health data covering a wide spec-
trum of operating conditions.

Next, the feature extractor processes both the reference
health samples DK

H and the incoming monitoring signals
DK

M . The resulting feature sets, denoted as gK
H and gK

M , rep-
resent the health and monitoring traits of the K-th compo-
nent, respectively. These are combined into feature pairs
gK

H ,M , which are evaluated by the KANRE to compute
the relation scores rK

DK
H ,DK

M

. This score quantifies the simi-
larity between the monitoring features and the unified
health domain. The scoring function for the UHDRL-
based strategy is expressed as follows:

S DH ,DM ; uð Þ=S(DK
H ,DK

M )! rK
DK

H ,DK
M

ð18Þ

Finally, the health status of each key component in the
TTS is determined by comparing the relation score

8 Structural Health Monitoring 00(0)



against a unified threshold. Since the domain shift
caused by operating conditions has been mitigated, a
single health baseline (HB) is sufficient for decision-
making:

Health, r1
D1

H ,D1
M

ø HB

..

.

Fault, rK
DK

H ,DK
M

\HB

8>><
>>: ð19Þ

where HB signifies the health baseline. Any rK
DK

H ,DK
M

meeting or exceeding HB indicates that the component
resides within the unified health domain (Normal),
whereas a score below HB flags a deviation, identifying
a potential fault in the K-th key component.

Case study

To comprehensively evaluate the generalization perfor-
mance and robustness of the proposed UHDRL

Figure 6. Train transmission systems fault detection framework base on UHDRL.
UHDRL: Unified health domain relation learning.
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framework, experiments are conducted on three dis-
tinct datasets. These experiments are categorized based
on the nature of their operating conditions: determinis-
tic and stochastic.

Deterministic operating conditions (cases 1 and 2)
refer to scenarios where operating parameters are dis-
crete, predefined, and consistent across both health and
fault states. The distribution of operating conditions
for fault samples aligns strictly with that of the health
samples. Stochastic operating conditions (Case 3) refer
to more complex scenarios characterized by random
variations and structural discrepancies. In this setting,
not only do the operating parameters differ between
health and fault states but different axle system models
are also employed for different fault modes. This intro-
duces a compound domain shift caused by both para-
meter mismatch and hardware variation.

Case 1: Metro train bogie transmission system under
deterministic operating conditions

Dataset description. To validate the proposed UHDRL’s
effectiveness, a metro train bogie transmission system
(MTBTS) operating under deterministically varying
operating conditions is utilized.1 As depicted in Figure
7(a), the fault simulation test bench for the MTBTS is
a scaled-down and simplified version of a real metro
bogie at a 1:2 ratio. The test bench features a single-
power transmission chain consisting of a motor, a
reduction gearbox, and an axle box. This transmission
chain is driven by a three-phase asynchronous AC
motor, with its speed controllable via a frequency con-
verter. The load is applied using a hydraulic device. In
this system, the motor bearing model is SKF 6205-
2RSH; the reduction gearbox employs helical gears,
featuring 16 teeth on the driving component and 107
on the driven one; the support bearing supporting the
driving gear is designated as HRB 32305, and the bear-
ing within the axle box is identified as HRB 352213.

Table 1 illustrates that the dataset for the MTBTS
encompasses samples under nine different operating
conditions for each state type, simulating a range of
train operating scenarios. All nine operating conditions
involve deterministic variations, aligning with the oper-
ating conditions corresponding to the health state
types. Variations in motor speeds represent different
train speeds, while varying lateral loads simulate both
straight and curved train movements. A positive lateral
load indicates that the loading direction points toward
the motor side of the transmission chain, whereas a
negative load points toward the gearbox side. To inves-
tigate different fault conditions, three experimental
modes are conducted: single fault mode, component-
level compound fault mode, and system-level

compound fault mode. As outlined in Table 2, a total
of 50 fault modes are simulated, including 16 single
faults, 10 compound faults at the component level, and
24 compound faults at the system level. Each fault
mode is tested under 9 operating conditions, resulting
in 459 fault experiments. Vibration sensors recorded
data at a sampling rate of 64 kHz, with each run last-
ing 120 s. In every experiment, 1000 fault samples and
2000 health samples are captured, with each sample
consisting of 2048 time-domain points. For model
development, 800 health samples are utilized for train-
ing and 200 for validation. The test set contains 1000
samples encompassing both health and fault states.

The PFSL comprises external equipment fault sam-
ples and out-of-distribution samples. The external
equipment fault samples, serving as pseudo-fault sam-
ples, are sourced from the gearbox test bench and
Paderborn University,29 totaling 48 fault states. The
gearbox test rig, shown in Figure 8, can simulate 14
different fault scenarios, including 6 single faults and 8
compound faults. The single faults include broken
teeth, missing teeth, cracked teeth, coupling looseness,
bearing roller wear, and bearing outer ring wear.
Additionally, the test rig can replicate compound
faults, such as combinations of broken teeth with miss-
ing teeth, cracked teeth, coupling looseness, bearing
roller wear, or bearing outer ring wear. It also supports
scenarios where missing teeth occur alongside coupling
looseness, bearing roller wear, or bearing outer ring
wear. The fault types in the Paderborn University data-
set include man-made faults and naturally occurring
faults. It includes faults in the inner and outer rings,
with both artificial and real defects, resulting in a total
of 32 distinct fault types. Additionally, 15 out-of-
distribution samples are generated. All PFSL are used
exclusively as training samples.

Detection results under single-fault mode. The UHDRL is
trained with a learning rate set at 0.001, data processed
in batches size of 8, and Adam optimization. Prior to
employing UHDRL for identifying faults within the
transmission system of a metro train bogie, it is essen-
tial to establish the HB value. The HB values are con-
sidered within the interval of 0.9 to 0.99, and the most
suitable value for each critical component is deter-
mined through analysis of the validation data. Figure 9
presents the mean accuracy of fault detection across
various HB settings using the validation data, where
each HB value undergoes ten evaluation trials. The
findings demonstrate that UHDRL maintains an accu-
racy exceeding 90% across the entire range of HB val-
ues. Notably, at an HB value of 0.95, the accuracy in
detecting faults is uniformly high across all critical
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components, thus establishing 0.95 as the most effec-
tive HB value.

First, the capability of UHDRL in detecting single-
fault modes under varying operating conditions is

Figure 7. (a) Experimental platform of MTBTS (b) Motor fault types (c) Gearbox fault types (d) Axlebox fault types.
MTBTS: Metro train bogie transmission system.

Table 1. Deterministic operating condition setting.

Operating condition Motor speed/transverse load Operating condition Motor speed/transverse load

WC1 20 Hz/0 kN WC6 60 Hz/ + 10 kN
WC2 40 Hz/0 kN WC7 20 Hz/210 kN
WC3 60 Hz/0 kN WC8 40 Hz/210 kN
WC4 20 Hz/ + 10 kN WC9 60 Hz/210 kN
WC5 40 Hz/ + 10 kN

Chen et al. 11



Table 2. State type for MTBTS.

Mode Fault location Fault type Fault code

Single fault Motor Health M0
Short circuit M1
Broken rotor bar M2
Bearing fault M3
Bowed axis M4

Gearboxes Health G0
Gear cracked tooth G1
Gear worn tooth G2
Gear missing tooth G3
Gear chipped tooth G4
Bearing inner race fault G5
Bearing outer race fault G6
Bearing rolling element fault G7
Bearing cage fault G8

Left axle boxes Health LA0
Bearing inner race fault LA1
Bearing outer race fault LA2
Bearing rolling element fault LA3
Bearing cage fault LA4

Right axle boxes Health RA0
Component-level
compound-fault

Gearboxes Gear cracked tooth, bearing inner race
fault

G1 + G5

Gearboxes Gear worn tooth, bearing inner race
fault

G2 + G5

Gearboxes Gear missing tooth, bearing inner race
fault

G3 + G5

Gearboxes Gear chipped tooth, bearing inner race
fault

G4 + G5

Left axle box Bearing inner race fault, bearing outer
race fault

LA1 + LA2

Left axle box Bearing outer race fault, bearing rolling
element fault

LA2 + LA3

Left axle box Bearing outer race fault, bearing cage
fault

LA2 + LA4

Left axle box Bearing inner race fault, bearing outer
race fault, bearing rolling element fault

LA1 + LA2 + LA3

Left axle box Bearing inner race fault, bearing outer
race fault, bearing cage fault

LA1 + LA2 + LA4

Left axle box Bearing inner race fault, bearing outer
race fault, bearing rolling element fault,
bearing cage fault

LA1 + LA2 + LA3
+ LA4

System-level
compound-fault

Motor, gearbox Short circuit, gear missing tooth M1 + G3

Motor, gearbox Short circuit, bearing inner race fault M1 + G5
Motor, gearbox Broken rotor bar, gear missing tooth M2 + G3
Motor, gearbox Broken rotor bar, bearing inner race

fault
M2 + G5

Motor, gearbox Bearing fault, gear missing tooth M3 + G3
Motor, gearbox Bearing fault, bearing inner race fault M3 + G5
Motor, gearbox Bowed axis, gear missing tooth M4 + G3
Motor, gearbox Bowed axis, bearing inner race fault M4 + G3
Motor, left axle box Short circuit, bearing inner race fault M1 + LA1
Motor, left axle box Broken rotor bar, bearing inner race

fault
M2 + LA1

Motor, left axle box Bearing fault, bearing inner race fault M3 + LA1
Motor, left axle box Bowed axis, bearing inner race fault M4 + LA1
Gearbox, left axle box Gear missing tooth, bearing inner race

fault
G3 + LA1

Left axle box, right
axle box

Bearing inner race fault, bearing inner
race fault

LA1, RA1

(continued)
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evaluated. The results, averaged over ten trials to
ensure statistical reliability, are summarized in Figure
10. The UHDRL achieves an impressive detection
accuracy ranging from 86.91% to 97.41% across most
of the nine operating conditions. This superior perfor-
mance validates the efficacy of the UHDM, which suc-
cessfully extracts condition-invariant health features,
enabling precise boundary alignment even in the
absence of target fault samples. For instance, the left
axle box bearing maintains over 90% accuracy across
all operating conditions. Further granular analysis
reveals that nearly all specific fault types within this
component surpass the 90% threshold. However, per-
formance fluctuations are observed in specific scenar-
ios. The fault type LA1 under condition WC1 records a

lower accuracy of 66.4%, and notably, the motor fault
type M1 under WC1 drops to 27.15%. This significant
dip suggests that under specific operating conditions
(like WC1), the feature signatures of certain faults
(M1) exhibit a high degree of overlap with the general-
ized health domain, posing a challenge for anomaly dif-
ferentiation. Despite these localized limitations, the
average detection accuracy for motor faults remains
above 75%, with the majority exceeding 90%. These
findings confirm that while extreme spectral overlap
can affect specific cases, UHDRL effectively mitigates
the global impact of distribution shifts, delivering
robust overall performance.

Figure 11 shows the feature distribution of various
state types via t-SNE. It is evident that health state

Table 2. Continued

Mode Fault location Fault type Fault code

Motor, gearbox, left axle box Short circuit, gear missing tooth,
bearing inner race fault

M1 + G3 + LA1

Motor, gearbox, left axle box Short circuit, bearing inner race fault,
bearing inner race fault

M1 + G5 + LA1

Motor, gearbox, left axle box Broken rotor bar, gear missing tooth,
bearing inner race fault

M2 + G3 + LA1

Motor, gearbox, left axle box Broken rotor bar, bearing inner race
fault, bearing inner race fault

M2 + G5 + LA1

Motor, gearbox, left axle box Bowed axis, gear missing tooth,
bearing inner race fault

M4 + G3 + LA1

Motor, gearbox, left axle box Bowed axis, bearing inner race fault,
bearing inner race fault

M4 + G5 + LA1

Motor, left axle box, right axle box Short circuit, bearing inner race fault,
bearing inner race fault

M1 + LA1 + RA1

Motor, left axle box, right axle box Broken rotor bar, bearing inner race
fault, bearing inner race fault

M2 + LA1 + RA1

Motor, gearbox, left axle box, right
axle box

Short circuit, gear missing tooth,
bearing inner race fault, bearing inner
race fault

M1 + G5 + LA1
+ RA1

MTBTS: Metro train bogie transmission system.

Figure 8. Gearbox test bench for external equipment faults as part of the generation of pseudo-fault data.
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features extracted from nine distinct operating condi-
tions are not scattered but are successfully compressed
into a single, compact region. In sharp contrast, fea-
tures from various fault types are distinctly separated
from this unified health manifold. This visualization
provides compelling evidence that the UHDM strategy
effectively aligns diverse health distributions into a con-
sistent health representation. By minimizing the intra-
class variance of health states caused by operating
condition changes, UHDRL significantly reduces the
domain shift, thereby ensuring a reliable decision
boundary for fault detection.

Figure 12 further illustrates the relation scores of
state types for each component under different operat-
ing conditions. The relation scores, spanning a range
of 0–1, are depicted via a color gradient shifting from
red to green. Red denotes a fault state, while green
indicates operational normalcy. Typically, the color
distribution exhibits a sharp contrast, leaning heavily

toward either deep red or distinct green. This clear
separation highlights the effectiveness of the HRLM in
precisely distinguishing between fault and health states.
Typically, accurate detections are represented by a
dominant color consistency (e.g., fault samples appear-
ing strictly red). However, certain scenarios reveal a
blend of red and green hues (intermediate scores), most
notably for the motor fault type M1 under operating
condition WC1. In this specific case, the predominance
of green hues—where red was expected—correlates
with a detection accuracy of only 27.31%. This indi-
cates that the model misclassified these specific fault
features as health states (high relation scores), exposing
a limitation of UHDRL’s performance under specific,
highly overlapping conditions. Despite such isolated
challenges, the approach excels in the vast majority of
cases. By leveraging its capacity to detect nuanced dif-
ferences based on the relation score intensity, UHDRL
ensures robust fault identification. Overall, the results

Figure 9. Determination of the UHDRL HB value for MTBTS.
HB: Health baseline; UHDRL: Unified health domain relation learning; MTBTS: Metro train bogie transmission system.
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demonstrate that UHDRL successfully mitigates the
impact of data distribution shifts caused by varying
operating conditions.

Detection results under compound-fault mode. To further
validate the effectiveness of the UHDRL under

different operating conditions, a variety of compound-
fault scenarios are tested. In real-world contexts,
compound-fault situations frequently arise, featuring
multiple fault types within one component, termed
component-level compound-faults, or simultaneous
faults spanning several components, identified as
system-level compound-faults. According to Table 2,

Figure 10. Detection results for single fault modes under various operating conditions of MTBTS.
MTBTS: Metro train bogie transmission system.

Figure 11. Feature distribution of state type under different operating conditions.
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these compound-faults are organized into categories
based on their occurrence at the component or system
level.

Figure 13 illustrates the detection accuracy of the
UHDRL for component-level compound-faults under
different operating conditions. The results indicate that
the UHDRL successfully detects faults in two-class,
three-class, and four-class compound-fault scenarios
with high accuracy. Specifically, for left axle box under
different operating conditions, the detection accuracy
for compound-fault types exceeds 98% in most cases,
demonstrating that UHDRL can effectively handle the
combined impact of multiple fault types. However,
some lower detection accuracy is observed, such as in
the gearbox G4 + G5 compound-fault type under
operating condition WC1, where the detection accu-
racy is only 78.7%. This suggests that while UHDRL

performs excellently in most conditions, there is still
some error in specific situations. Nonetheless, overall,
UHDRL achieves a detection accuracy above 90% for
gearbox compound-faults under various operating
conditions.

Further analysis of the system-level compound-fault
detection results in Table 3 supports the effectiveness
of the UHDRL. Whether for simple component-level
compound-faults or more complex system-level com-
pound-faults, the detection accuracy of UHDRL con-
sistently exceeds 90%, with an average accuracy of
97.76% in some cases. This demonstrates that the
UHDRL is capable of effectively handling complex
fault modes under varying operating conditions, ensur-
ing high-precision fault detection. Moreover, the detec-
tion accuracy for compound-faults is generally higher
than for single faults, which is understandable. The

Figure 12. Relation scores for different states type under different operating conditions.

Figure 13. Detection results for component-level compound-fault modes under various operating conditions.
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compound-faults typically generate stronger fault sig-
nals, which more clearly differentiate the health state

from the faulty state compared to single fault modes,
thus improving detection accuracy. Overall, the experi-
mental results further confirm that the UHDRL
method can effectively detect faults in compound-fault
scenarios under different operating conditions, show-
casing its robustness and superiority in varying opera-
tional environments.

Case 2: High-speed train bogie under deterministic
operating conditions

Figure 14 shows the high-speed train bogie (HSTB)
fault simulation rig. The rig’s main components include
the frame, motor, gearbox, main shaft, wheelset, and
axlebox. The testbed allows replacement of faulty bear-
ings and gears in the driveline to reproduce a variety of
fault conditions. As summarized in Table 4, the result-
ing dataset comprises 29 state types spanning three
categories: gearbox faults, axlebox faults, and com-
pound faults. The axlebox and gearbox bearings each
contain four fault modes, namely rolling element fault,
inner-race fault, outer-race fault, and cage fault. Gear
faults include tooth missing, broken tooth, pitting, and
tooth surface wear. All faults were introduced artifi-
cially by wire-cutting and graded by damage severity.
Representative photos of the simulated faults for each
component are shown in Figure 14. The test campaign

Table 3. Detection accuracy for system-level compound-fault modes under various operating conditions.

Operating conditions WC1 WC2 WC3 WC4 WC5 WC6 WC7 WC8 WC9 Avg

Fault type M1 + G3 93.63 99.95 99.50 98.58 99.28 99.20 96.75 93.38 97.57 97.54
M1 + G5 91.50 99.55 99.18 99.15 98.63 97.83 97.53 94.35 96.45 97.13
M2 + G3 92.18 99.63 99.93 98.15 98.95 99.78 94.95 97.03 99.52 97.79
M2 + G5 95.18 99.85 99.75 98.50 98.98 99.63 93.45 98.53 99.28 98.13
M3 + G3 88.85 100.00 98.53 99.05 99.63 99.20 99.48 94.68 96.78 97.35
M3 + G5 92.60 99.95 99.78 98.60 98.90 99.38 94.98 96.68 99.38 97.80
M4 + G3 98.28 99.80 99.38 99.55 99.53 99.70 96.88 96.48 98.43 98.67
M4 + G5 90.70 96.93 98.28 95.80 96.65 98.78 94.20 95.53 99.58 96.27
M1 + LA1 91.63 96.33 99.13 96.30 97.73 98.95 97.20 99.93 99.98 97.46
M2 + LA1 92.90 98.93 99.93 99.48 99.70 99.53 96.68 99.78 99.83 98.53
M3 + LA1 98.63 97.98 99.93 97.60 99.95 99.80 98.33 99.85 99.98 99.11
M4 + LA1 93.60 97.05 99.80 99.53 99.90 99.83 97.40 99.98 100.00 98.56
G3 + LA1 90.38 99.68 99.10 96.93 98.60 99.35 95.65 94.43 97.43 96.84
LA1 + RA1 100.00 100.00 100.00 100.00 100.00 100.00 99.90 100.00 100.00 99.99
M1 + G3 + LA1 87.48 96.65 98.52 97.15 98.16 97.67 96.73 94.75 97.52 96.07
M1 + G5 + LA1 93.55 97.77 98.63 96.17 98.40 98.25 95.32 94.83 97.38 96.70
M2 + G3 + LA1 91.40 98.88 99.63 98.15 99.12 99.20 95.95 98.35 99.73 97.82
M2 + G5 + LA1 90.02 98.98 99.10 96.48 98.80 98.42 94.78 98.00 99.23 97.09
M4 + G3 + LA1 99.93 99.55 98.77 99.38 98.03 98.75 99.18 95.63 98.57 98.64
M4 + G5 + LA1 93.22 97.92 99.43 97.57 99.30 98.57 98.07 97.43 99.10 97.84
M1 + LA1 + RA1 92.85 98.23 99.80 94.25 98.88 99.70 97.60 99.45 100.00 97.86
M2 + LA1 + RA1 99.80 99.75 99.83 99.98 100.00 100.00 99.78 99.90 100.00 99.89
M1 + G5 + LA + RA1 99.70 98.05 99.88 98.98 97.27 96.98 99.92 99.05 99.45 98.81
M4 + G3 + LA1 + RA1 97.60 99.93 99.55 99.50 99.18 99.73 99.05 97.98 99.48 99.11

Avg 93.98 98.80 99.39 98.12 98.90 99.09 97.07 97.33 98.94 97.96

Figure 14. Experimental platform of HSTB.
HSTB: high-speed train bogie.
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covers three operating conditions to emulate different
train speeds. Under a constant load of 1200 kg, the
motor speed was adjusted to produce operating fre-
quencies of 30 Hz, 40 Hz, and 50 Hz, denoted V1, V2
and V3, respectively. Vibration signals were sampled at
25.6 kHz. Data construction and preprocessing follow
the same protocol as case 1.

Figure 15 presents the fault detection accuracy rates
for various single fault types of the HSTB under diverse
operating conditions. The experimental results demon-
strate that UHDRL sustains an average accuracy
exceeding 87% for both components across all tested
conditions. Notably, the detection precision for the
gearbox peaks at 98.03% under operating condition

Figure 15. Detection results for single fault modes under various operating conditions of HSTB.
HSTB: high-speed train bogie.

Table 4. State type for HSHB.

Mode Fault location Fault type Fault severity level Fault dimensions Fault code

Single fault Axleboxes Health / / H
Rolling element Level 1 4 3 0.2 3 0.7 RE1

Level 2 11 3 0.5 3 0.7 RE2
Level 3 22 3 0.8 3 0.7 RE3

Inner race Level 1 15 3 0.2 3 0.7 IR
Outer race Level 1 4 3 0.2 3 0.7 OR1

Level 2 11 3 0.5 3 0.7 OR2
Level 3 22 3 0.8 3 0.7 OR3

Cage creaking Radial notch / CC
Gearboxes Rolling element Level 1 3.5 3 0.1 3 0.5 RE1

Level 2 8.5 3 0.3 3 0.5 RE2
Level 3 17 3 0.5 3 0.5 RE3

Inner race Level 1 15 3 0.2 3 0.7 IR
Outer race Level 1 4.5 3 0.1 3 0.5 OR1

Level 2 9 3 0.3 3 0.5 OR2
Level 3 19 3 0.5 3 0.5 OR3

Cage creaking Radial notch / CC
Compound-fault Fault type Fault code

Breaking off gear tooth (BG) and gear surface wear (GW2) BG + GW2
BG and gearboxes OR3 BG + OR3
NG and GW2 NG + GW2
Gear RC and GW2 RC + GW2

HSTB: high-speed train bogie; NG: Notched gear; RC: Root ceack.
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V3. This suggests that higher operating speeds may
enhance the separability of fault features, allowing the
model to capture more distinctive impulsive signatures.
While the vast majority of single fault modes attain
high diagnostic accuracy (nearly all above 90%), a few
isolated cases exhibit suboptimal performance, likely
due to feature masking effects in specific low-severity
scenarios.

Furthermore, the robustness of UHDRL extends to
the more challenging task of compound fault diagno-
sis. As depicted in Figure 16, the detection accuracy
for most compound fault modes surpasses 90%. This
indicates that the model is capable of effectively disen-
tangling complex coupled fault features. Collectively,
these results substantiate that UHDRL effectively miti-
gates the distribution shifts caused by varying

operating conditions. By constructing a unified and
compact representation of health states, the framework
achieves consistent and robust fault detection perfor-
mance even under complex interference.

Case 3: High-speed train axle box bearing under
nondeterministic operating conditions

To further validate the effectiveness of the proposed
UHDRL, a high-speed train axle box bearing
(HSTAB) test rig is used for testing. As shown in
Figure 17, the test rig primarily consists of a traction
motor, universal coupling, spindle, test rig frame, test
bearing, and support bearings. The rig is driven by a
variable-frequency three-phase motor, which provides
rotational power, and is connected to the entire axle

Figure 16. Detection results for c compound-fault modes under various operating conditions.

Figure 17. Experimental platform of high-speed train axle box bearing.
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box bearing system through the universal coupling.
Different static loads can be applied to the test bearing.
As shown in Table 5, the test simulates different oper-
ating conditions by adjusting the bearing’s rotational
speed, static load, shaker frequency, and bearing type,
while simulating various fault modes under these con-
ditions. A total of six single fault modes and two
compound-fault modes are tested. It is found that the
operating conditions for different fault modes are sig-
nificantly different from those under health states, and
the characteristics of the operating conditions for each
fault mode are different. This indicates that the

operating conditions of the HSTAB are nondeterminis-
tic. The setup for the PFSL, training samples and test-
ing samples is the same as in the scenario of case 1.

Experiments similarly reveal that the optimal HB
value for the HSTAB is set to 0.95. Table 6 presents the
fault detection accuracy for various fault types under
these stochastic conditions. The results reveal that
UHDRL achieves a robust detection accuracy of
90.03% for single fault modes and an average of
86.96% for compound-fault modes. For the majority
of stochastic conditions, the accuracy exceeds 90%.
This validates that UHDRL effectively reduces the

Table 5. State type for high-speed train axle box bearing.

Mode Sate type Bearing type Shaker
frequency

Static
load (kg)

Speed
(r / min)

Fault
code

Single Fault Health 1639185–24 0 100 100 H-1
Health 1639185–24 0 100 500 H-2
Health 1639185–24 0 100 800 H-3
Health 1639185–24 0 100 1100 H-4
Health 1639185–24 0 100 1400 H-5
Inner ring abrasion 0147AB 5 100 100 IA-1
Inner ring abrasion 0147AB 5 100 300 IA-2
Inner ring abrasion 0147AB 5 100 500 IA-3
Inner ring abrasion 0147AB 5 100 800 IA-4
Inner ring abrasion 0147AB 5 100 1100 IA-5
Inner ring wear 1472 5 100 100 IW-1
Inner ring wear 1472 5 100 500 IW-2
Inner ring wear 1472 5 100 800 IW-3
Inner ring wear 1472 5 100 1100 IW-4
Inner ring wear 1472 5 100 1400 IW-5
Outer ring abrasion 1296AB 10 100 100 OA-1
Outer ring abrasion 1296AB 10 100 500 OA-2
Outer ring abrasion 1296AB 10 100 800 OA-3
Outer ring abrasion 1296AB 10 100 1100 OA-4
Outer ring abrasion 1296AB 10 100 1400 OA-5
Outer ring wear 0985B 5 100 100 OW-1
Outer ring wear 0985B 5 100 500 OW-2
Outer ring wear 0985B 5 100 800 OW-3
Outer ring wear 0985B 5 100 1100 OW-4
Outer ring wear 1463A 0 0 100 OW-5
Rolling body wear 1463A 0 0 300 RW-1
Rolling body wear 1463A 0 0 500 RW-2
Rolling body wear 1463A 0 0 800 RW-3
Rolling body wear 1463A 5 0 100 RW-4
Rolling body wear 1463A 5 100 1400 RW-5
Cage fault 1296A/B 10 1000 1200 CF

Compound-fault Inner ring and outer ring faults 1472A (B) 5 100 500 IOF-1
Inner ring and outer ring faults 1472A (B) 5 100 800 IOF-2
Inner ring and outer ring faults 1472A (B) 5 100 1100 IOF-3
Inner ring and outer ring faults 1472A (B) 5 100 1400 IOF-4
Inner ring and rolling body faults 1280AB 5 500 1400 IRF-1
Inner ring and rolling body faults 1280AB 10 500 800 IRF-2
Inner ring and rolling body faults 1280AB 5 500 1100 IRF-3
Inner ring and rolling body faults 1280AB 5 500 800 IRF-4
Inner ring and rolling body faults 1280AB 5 500 500 IRF-5
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impact of severe distribution shifts caused by unaligned
operating parameters, successfully generalizing the uni-
fied health boundary to unseen domains. However,
performance variability is observed. Notably, for the
fault code IA-1, the detection accuracy drops to 58.1%.
This substantial decline suggests that for this specific
fault type and condition combination, the generated
fault features exhibit a high degree of similarity to the
unified health features, leading to feature confusion
within the decision boundary. Additionally, the slightly
lower accuracy for compound faults (86.96%) reflects
the increased difficulty in decoupling overlapping fault
signatures under stochastic interference. Overall, the
results demonstrate that while extreme feature overlap
poses challenges in isolated cases, UHDRL effectively
mitigates the global domain shift posed by varying
operating conditions, achieving robust fault detection
through the unified representation of health states.

Result discussion

Ablation analysis. To quantify the contributions of
UHDM and HRLM within the proposed UHDRL
framework, ablation experiments were performed by
removing each module in turn. Figure 18 reports detec-
tion performance on three datasets after removing
UHDM or HRLM. The results indicate that omission
of either module leads to a substantial drop in detec-
tion accuracy across all operating conditions. The

impact is most pronounced when HRLM is removed,
which suggests that the detection pipeline strongly
depends on HRLM because it plays a critical role in
assessing similarity between healthy and faulty states.
Moreover, the performance degradation under nonde-
terministic operating conditions (HSTAB) is generally
larger than that observed under deterministic condi-
tions. This difference arises because the distribution
gap between healthy and faulty samples is greater
under nondeterministic conditions; without UHDM to
map healthy samples from different conditions into a
common space, distinguishing faults becomes consider-
ably harder. These findings confirm the necessity and
complementarity of UHDM and HRLM for ensuring
UHDRL’s robustness across varying operating
conditions.

Impact of the number of PFSL types on UHDRL. This sec-
tion examines how the size of the external PFSL affects
UHDRL’s anomaly detection performance. As illu-
strated in Figure 19, there is a clear positive correlation
between detection accuracy and the diversity of PFSL
types. The results reveal a crucial insight regarding
device-to-device differences: although external samples
originate from physically distinct devices, their inclu-
sion significantly enhances the model’s performance
rather than degrading it. This suggests that the pro-
posed UHDRL framework is robust to device

Table 6. Detection accuracy for high-speed train axle box bearing under nondeterministic operating conditions.

Fault type Fault code Accuracy Avg Fault type Fault code Accuracy Avg

Single Fault: 90.03
Inner ring abrasion IA-1 58.1 81.13 Inner ring wear IW-1 97.05 98.54

IA-2 92.35 IW-2 99.3
IA-3 98.4 IW-3 99.45
IA-4 93.6 IW-4 99.9
IA-5 63.2 IW-5 97

Outer ring abrasion OA-1 93.3 89.24 Outer ring wear OW-1 93.75 96.19
OA-2 80.75 OW-2 87.3
OA-3 90.2 OW-3 100
OA-4 95.2 OW-4 99.95
OA-5 86.75 OW-5 99.95

Rolling body wear RW-1 96.8 82.45 Cage fault CF 92.61 92.61
RW-2 47.6
RW-3 82.1
RW-4 95.25
RW-5 90.5

Compound-fault: 86.96
Inner ring and outer ring faults IOF-1 60.85 82.47 Inner ring and

rolling body faults
IRF-1 59.15 90.56

IOF-2 80.11 IRF-2 96.45
IOF-3 94.7 IRF-3 99.6
IOF-4 94.2 IRF-4 98.7

IRF-5 98.9
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discrepancies. The external samples provide diverse
‘‘negative’’ constraints that force the model to learn a
more compact and discriminative representation of the
target device’s health state. Specifically, the accuracy
grows rapidly with the initial addition of PFSL types
and stabilizes after reaching a certain threshold. This
saturation indicates that the model has successfully
captured the sufficient boundary information required
to distinguish health states from anomalies.
Consequently, while device differences exist, a compre-
hensive PFSL (when computational resources permit)
is advisable, as it enriches the negative feature space
and strengthens the decision boundary without being
hindered by the domain shift of external data.

Comparison analysis. Representative DL and TL meth-
ods are selected for comparative analysis. For the DL
methods, convolutional neural network (CNN) is
employed, with training, validation, and testing data-
sets consistent with those used in the proposed
UHDRL. For TL methods, domain-adversarial neural
network26 and deep subdomain adaptation network30

are chosen, with the source domain consisting of health
samples and PFSL, and the target domain consisting
of health samples and fault state samples. Additionally,
to broaden the comparison, classic fault detection algo-
rithms such as convolutional auto-encoder (CAE)31

and deep support vector data description (DSVDD)32

are introduced. To ensure fairness in the comparison,

Figure 18. Impact of UHDM and HRLM on the proposed UHDRL (a) MTBTS (b) HSTB (c) High-speed train axlebox bearing.
UHDRL: Unified health domain relation learning; UHDM: Unified health domain mechanism; MTBTS: Metro train bogie transmission system; HSTB:

High-speed train bogie; HRLM: Health relation learning mechanism.

Figure 19. Effect of different PFSL category counts on UHDRL’s fault detection performance (a) MTBTS (b) HSTB (c) High-speed
train axlebox bearing.
UHDRL: Unified health domain relation learning; MTBTS: Metro train bogie transmission system; HSTB: High-speed train bogie; PFSL: Pseudo-fault

sample library.
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the training parameters for all models, including learn-
ing rate, batch size, and optimizer settings, are consis-
tent with those used in the proposed UHDRL.

Figure 20 presents the fault detection results across
the two datasets. It is evident that the CNN model
exhibits the poorest performance, with accuracy consis-
tently remaining below 50%. This failure stems from
the CNN’s inability to generalize: trained exclusively
on health data and the synthetic PFSL, the model over-
fits to the specific distribution of pseudo-faults and
fails to recognize the distinct feature patterns of real-
world anomalies. Conversely, TL approaches generally
demonstrate better results, yet their accuracy typically
stagnates below 70%. This performance bottleneck is
primarily attributed to negative transfer: the significant
distributional shift between the synthetic PFSL and
actual physical faults, compounded by varying operat-
ing conditions, makes it challenging for TL models to
align domains effectively without losing discriminative
fault features.

The unsupervised methods, CAE and DSVDD, also
exhibit relatively poor performance. These methods
focus on mapping health samples to a latent space or
hypersphere. However, due to varying operating condi-
tions, the health data naturally forms a multimodal
distribution (multiple scattered clusters). By failing to
align these distinct operating modes, CAE and
DSVDD serve to wrap a decision boundary around a
dispersed data space. This results in an overly loose
decision boundary that inadvertently encompasses
fault samples, leading to low detection sensitivity.

In distinct contrast, the proposed UHDRL demon-
strates superior performance, outperforming existing
methods by a margin of more than 10%. By effectively

mapping health states from diverse conditions into a
unified, compact boundary space, UHDRL eliminates
the intraclass variance that confuses other methods.
This mechanism prevents the ‘‘loose boundary’’ prob-
lem of DSVDD/CAE and avoids the negative transfer
issues of TL. These experimental results not only high-
light the superiority of UHDRL but also validate its
robustness and adaptability in handling complex, vary-
ing operating conditions.

Conclusion

This article proposes the UHDRL for fault detection
in train transmission systems when fault samples are
scarce and operating conditions vary widely. The
framework combines a PFSL, a unified health domain
mapping mechanism, and a health relation learning
module to enrich training diversity with external
pseudo faults, to align healthy-state representations
across different operating conditions into a compact
health manifold, and to strengthen discriminative
power by learning relation scores between healthy and
pseudo-fault features. The design intentionally avoids
reliance on labeled fault data from the target domain
to improve generalization to unseen fault conditions.

Extensive experiments on three testbeds under deter-
ministic and nondeterministic operating regimes show
robust quantitative performance. In the MTBTS the
single-fault detection accuracy across nine operating
conditions ranges from 86.91% to 97.41% and
component-level and system-level compound-fault
detection mostly exceed 90% with some evaluations
averaging about 97.76%. In the HSTB, the average
single-fault detection accuracy across tested conditions

Figure 20. Analysis of the varying detection capabilities among different methods (a) MTBTS (b) HSTB (c) High-speed train
axlebox bearing.
MTBTS: Metro train bogie transmission system; HSTB: High-speed train bogie.
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exceeds 87% and gearbox detection peaks at 98.03%
under the highest tested speed. In the HSTAB under
nondeterministic conditions the average single-fault
accuracy is approximately 90.03% and the average
compound-fault accuracy is approximately 86.96%,
while isolated low-performance cases occur, for exam-
ple fault IA-1 with accuracy of 58.1% and a specific
motor fault under one operating condition with accu-
racy near 27%. Comparative experiments indicate that
UHDRL outperforms representative baselines by more
than 10% points on average.

Ablation studies verify that both the unified health
domain mapping mechanism and the health relation
learning module are critical to overall performance, as
removing either component leads to a clear degrada-
tion in detection accuracy, with more pronounced
drops under nondeterministic operating conditions.
The diversity of the PFSL shows a positive correlation
with detection accuracy, with rapid improvements at
early stages followed by saturation once sufficient neg-
ative coverage is achieved. From a practical perspec-
tive, UHDRL effectively reduces false alarms induced
by operating-condition distribution shifts and exhibits
strong performance in compound-fault scenarios, while
challenges remain for extreme feature overlap and rare
or subtle fault signatures. Trade-offs between pseudo-
fault set size and computational cost are also evident,
motivating future efforts toward adaptive pseudo-fault
selection and augmentation, integration of few-shot or
semisupervised learning strategies, lightweight online
updating, and improved interpretability of relation
scores for maintenance decision support.
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