
Int. J. Metrol. Qual. Eng. 17, 11 (2026)
© Z. Wu et al., Published by EDP Sciences, 2026
https://doi.org/10.1051/ijmqe/2026009

International Journal of
Metrology and Quality Engineering

Available online at:
www.metrology-journal.org
RESEARCH ARTICLE
A graph-aware meta network for domain generalization in cross-
condition bearing RUL prediction
Zhaohui Wu1, Qiang Chen2, Zexian Wei2, Yehua Ling2,*, Guoxi Hou2, Pinjie Zhao2, and Yong Zhou2

1 Guangxi Zhuang Autonomous Region Toll Highway Network Toll Collection Clearing and Settlement Center, PR China
2 Guangxi Transportation Science and Technology Group CO., LTD., PR China
* Correspo

This is anO
Received: 7 March 2026 / Accepted: 19 May 2026

Abstract. Driven by advances in sensor technology, data-driven remaining useful life (RUL) prediction has
become an important tool for bearing predictive maintenance. However, variations in operating conditions in
industrial applications can cause feature distribution shifts, thereby reducing the accuracy and robustness of
prediction models. To address feature distribution shifts across operating conditions, this paper proposes a
graph-aware meta network based on domain generalization for bearing RUL prediction across conditions. The
proposed method converts monitoring sequences into graph structured inputs and employs a temporal encoder
to learn node-level degradation representations. It further integrates prior structural knowledge, globally shared
structure, and task-adaptive structure to build multi-level dynamic adjacency relationships, and introduces an
attention pooling mechanism to obtain graph-level degradation representations. During training, a meta-
learning strategy with inner and outer loop updates is designed to dynamically adapt the graph generation
parameters, enabling task-specific topology to adjust automatically with changing operating conditions and
thereby improving model generalization. Cross-condition experiments on a public bearing accelerated life
dataset demonstrate that the proposed method achieves superior prediction error metrics across multiple
transfer tasks and delivers stable performance under varying operating conditions.

Keywords: Remaining useful life prediction / bearing / domain generalization / meta-learning /
graph neural network
1 Introduction

With the advancement of high-end equipmentmanufactur-
ing and intelligent operation and maintenance (O&M),
sensor-based condition monitoring and health manage-
ment have become a critical technical approach to ensuring
the safe and reliable operation of key rotating machinery
[1–4]. Bearings, as one of the most essential and failure-
prone components in rotating systems, are widely used in
computer numerical control machine tools, rail transit,
aero-engines, and other equipment, and they often operate
under complex working conditions for extended periods [5–
7]. If bearing faults are not handled in a timely manner,
they may lead to performance degradation of the
equipment in mild cases, and in severe cases can trigger
cascading shutdowns or even safety accidents, resulting in
substantial maintenance costs and production losses.
Compared with corrective maintenance or fixed-interval
overhaul, evaluating degradation states using online
nding author: zexianwei2020@126.com
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monitoring data and predicting the remaining useful life
(RUL) allow maintenance and replacement strategies to be
scheduled within a more appropriate time window, thereby
optimizing maintenance resource allocation and reducing
life-cycle costs [8–10].

However, during service, bearings are subject to
coupled mechanisms involving wear, fatigue, and material
degradation, and their degradation often exhibits strong
nonlinearity and stage-wise characteristics. In the early
stage, degradation typically manifests as weak and
intermittent vibration variations, which then gradually
evolve into more pronounced impulsive signatures and
energy-concentration phenomena [11,12]. Owing to the
pronounced nonlinearity and individual variability of the
degradation process, even bearings of the same type may
present different degradation trajectories under varying
rotational speeds, loads, and lubrication conditions. In
addition, practical engineering environments commonly
involve noise interference and differences in sensor
installation, which alter the statistical properties of the
monitored signals. As a result, RUL prediction must not
only accurately characterize degradation trends but also
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remain robust to noise perturbations and changes in
operating conditions. Meanwhile, in real industrial scenar-
ios, acquiring life-cycle labels is time-consuming and costly,
which further increases the difficulty of RUL modeling and
evaluation [13,14]. Therefore, highly reliable RUL predic-
tion under complex operating conditions is a key enabling
component for predictive maintenance and optimized
O&M decision-making.

Although predictive maintenance research has made
substantial progress in recent years, bearing RUL predic-
tion still faces multiple challenges in engineering applica-
tions [15–17]. Conventional physics-based modeling
approaches rely on an accurate characterization of material
properties, loading conditions, and degradation mecha-
nisms; they typically require extensive prior knowledge and
are built upon restrictive assumptions, and thus often
struggle to remain reliable under complex and partially
unobservable real-world operating conditions [18,19]. With
the continuous improvement of sensor technologies and
data acquisition systems, data-driven methods have
gradually become the mainstream for bearing RUL
prediction. Such methods can learn degradation patterns
directly from monitoring data, reducing reliance on
mechanistic modeling and demonstrating strong predictive
potential. In particular, deep learning models have
attracted widespread attention in recent years due to
their end-to-end representation learning capability. For
example, Jin et al. [20] proposed a dual-channel spline
graph convolutional network that captures spatial corre-
lations among features through global topological aggre-
gation, thereby enhancing the modeling of continuous local
feature variations. Yin et al. [21] developed an RUL
prediction framework based on deep ensemble learning and
error correction, and validated its performance advantages
experimentally. To address the weak early-stage degrada-
tion trend, Pan et al. [22] constructed a cumulative feature
model to improve life prediction accuracy. However, these
approaches typically rest on a key implicit assumption: the
training and test data are identically distributed. Once
operating conditions change, the learned representations
often fail to maintain stable performance in practical
deployment [23,24]. In real industrial settings, factors such
as rotational speed, load, and environmental disturbances
inevitably fluctuate, substantially altering the statistical
characteristics of vibration signals and the evolution law of
degradation, thereby inducing a shift between the feature
distribution learned during training and that encountered
at deployment [25]. Existing studies have shown that even
for the same type of bearing, changes in operating
conditions alone can significantly increase prediction
errors. The distribution mismatch caused by operating-
condition variations has therefore become a critical
bottleneck that hinders the engineering application of
data-driven RUL prediction methods [26].

To address the distribution shift in cross-condition
RUL prediction, researchers have proposed various
transfer learning and domain adaptation methods that
improve cross-domain predictive performance by reducing
representation discrepancies among different operating
conditions. For instance, Tian et al. [27] developed a
gradient-based uncertainty-weighting strategy to enable
RUL prediction under unseen operating conditions.
Focusing on offline distribution drift, Mao et al. [28]
introduced a Wiener-process-assisted incremental updat-
ing mechanism to enhance prediction capability across
varying conditions. Liu et al. [29] proposed a few-shot
transfer enhancement method with interpretable contri-
butions to improve prediction performance when target-
domain samples are limited. In recent years, related studies
on bearing fault diagnosis have also increasingly focused on
cross-operating-condition adaptation, limited-sample
learning, confidence-aware decision making, and imbal-
anced-data modeling. For example, Men et al. [30]
investigated unsupervised domain adaptation for bearing
fault diagnosis under extremely sparse sample conditions
based on twin data, while Men et al. [31] addressed railway
freight car bearing fault diagnosis on imbalanced datasets
using an improved ACWGAN. These studies indicate that
improvingmodel robustness under sparse, imbalanced, and
distribution-shifted data has become an important re-
search direction in intelligent bearing health monitoring.

Although these methods alleviate the performance
degradation caused by operating-condition changes to some
extent, several issues remain. Most existing studies mainly
focus on fault classification, sample enhancement, or
distribution alignment, whereas cross-condition RUL pre-
diction requires continuous degradation trajectorymodeling
and stable regression generalization under unseen operating
conditions. On the one hand, beyond temporal and spectral
information, bearing vibration signals also contain structur-
al relationshipsacrossdifferentdimensions,whicharecrucial
for modeling degradation evolution [32]. On the other hand,
under cross-condition scenarios, the coupling relationships
among monitoring variables may drift as operating con-
ditionsvary. If suchchangesare capturedonly throughstatic
information, the model’s ability to characterize structural
variationswill be constrained, thereby affecting the stability
and reliability of cross-domain prediction.

To address the above issues, this paper proposes a
domain-generalized graph-aware meta network (DG-
MGNet) for cross-condition bearing RUL prediction. First,
temporal monitoring samples are reconstructed into graph
structured inputs, and node-level degradation representa-
tions are learned via a temporal encoder. At the structural
level, prior structure, globally shared structure, and task-
adaptive structure are integrated to construct multi-level
dynamic adjacency relationships. Graph convolutions and
attention pooling are then employed to obtain graph-level
degradation representations for RUL regression. Further-
more, we introduce a meta-learning strategy during
training that updates the model in an inner loop and an
outer loop. This allows the task-specific topology to adapt
quickly to changes in operating conditions, improving
prediction stability and overall accuracy in cross-condition
transfer. Themain contributions of this work are as follows:

–
 A multi-scale graph structure modeling approach is
proposed. By jointly modeling and fusing prior structure,
globally shared structure, and task-adaptive structure,
the method captures inter-node correlations and multi-
scale relational information, enhancing the model’s
capability to represent complex degradation dependency
patterns.



Fig. 1. Different types of monitoring data.
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–
 A meta-learning-based task topology update mechanism
is designed. Through joint optimization in the inner and
outer loops, task-relevant topology is dynamically
updated in response to operating-condition variations,
which improves transfer performance and stability in
cross-condition prediction.

In what follows, Section II introduces the cross-
condition task setting and the graph-based RUL prediction
pipeline. Section III details the proposed DG-MGNet.
Section IV reports experimental results, while Section V
provides ablation and visualization analyses. Section VI
concludes the paper and discusses future work.
2 Theoretical foundation

2.1 Cross-domain prediction

In cross-condition bearing RUL prediction, the source
domain and the target domain usually correspond to
different operating conditions, under which the vibration-
signal distribution and degradation evolution can differ
substantially. Let the source-domain vibration time-series
dataset be xs ¼ fxs

ig; i ¼ 1; 2; :::;Ns, where each sample
xs
i∈R

T is a vibration segment composed of T consecutive
time points, and the corresponding RUL label set is denoted
as g ¼ fysig. The target-domain vibration dataset is denoted
as xt ¼ fxt

ig; i ¼ 1; 2; :::;Nt, whose data distribution differs
from that of the source domain, as expressed in equation (1):

psðxÞ≠ ptðxÞ ð1Þ
where ps(x) denotes the feature distribution of the source
domain, and pt(x) denotes the feature distribution of the
target domain.

The distribution discrepancy mainly arises from
variations in operating conditions, such as differences in
rotational speed, load, or environmental factors. In
practical scenarios, target-domain samples often lack life
labels or contain only a small amount of labeled data,
making it difficult to perform supervised learning directly
on the target domain. Under this setting, the goal of cross-
condition bearing RUL prediction is to learn a prediction
model from labeled source-domain data that can generalize
to the target operating condition. Specifically, this
objective can be formulated as a regularized optimization
problem, as shown in equation (2):

minu;f
1

Ns

XNs

i¼1

‖fuðfðxs
i ÞÞ � ysi‖

2
2 þ ldD

�
fðxsÞ;fðxtÞ

�
ð2Þ

where f(·) denotes the learnable feature mapping; fu(·)
is the RUL prediction function; D ð⋅; ⋅Þ represents the
distribution discrepancy between source- and target-
domain representations, and ld is the corresponding
regularization weight.

2.2 Graph-based bearing RUL prediction

The graph convolutional neural network (GCN) can
perform representation learning on non-Euclidean struc-
tured data and achieve information fusion by modeling the
relationships between nodes. In GCN-based bearing RUL
prediction methods, raw monitoring data must be
preprocessed and converted into graph structured data
as the network input to perform the RUL prediction task.

As shown inFigure 1c, a graph structured sampleG=(V,
E, X) consists of three core components: a node set
V ¼ ðv1; v2; :::; vNÞ representing data entities, an edge set
E ¼ ðvi; vjÞ describing the relationships among nodes, and a
node featurematrixX∈RN � d encoding the attributes of each
entity. A GCN iteratively updates node features via
neighborhood aggregation, which can be written as equation
(3):

Hðlþ1Þ ¼ s
�
ÂHðlÞW ðlÞ

�
ð3Þ

where Â ¼ D�1
2ðAþ IÞD�1

2 is the normalized adjacency
matrix, W(l) is a learnable parameter matrix, and sð·Þ
denotes the activation function. Here,HðlÞ∈RN �F denotes
the node feature matrix at the l th graph convolution layer,
where N is the number of graph nodes and F is the feature
dimension.

Compared with conventional time-series and sequence
data, graph structured data are not restricted to Euclidean
space and can flexibly represent topological relationships
among nodes through the adjacency matrix Â∈RN �N .
This non-Euclidean property enables graphs to effectively



Fig. 2. Degradation feature extraction based on multi-scale graph.
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uncover implicit coupling relationships among multi-scale
monitoring signals. In the bearing RUL prediction task, the
graph representation can be understood as an organized
description of degradation-related monitoring information.
For each sample window, degradation features extracted
from vibration signals are arranged as graph nodes, and the
adjacency matrix describes the relationships among these
nodes. If two feature channels show correlated changes
during degradation, the corresponding edge weight tends
to be larger, allowing stronger information interaction
during graph propagation.

The GCN operation therefore does not simply replace
temporal modeling. Instead, it complements temporal
feature extraction by modeling the coupling structure
among different degradation descriptors. Through neigh-
borhood aggregation, each node updates its representation
using both its own degradation information and the
information from related nodes. After several graph
convolution layers, the updated node representations
contain both local degradation trends and cross-feature
dependency information, which can then be further pooled
and mapped to the RUL output. Under this formulation,
bearing RUL prediction can be expressed as learning a
mapping function f : ½G ¼ ðV ;E;X;AÞ� ! RUL, i.e., from
graph data to the RUL space.

3 Proposed method

To fully capture the multi-scale structural dependencies in
bearing monitoring signals and to mitigate feature
distribution shifts under cross-condition scenarios, we
propose DG-MGNet. The key design motivations and
implementation details of each module are presented in the
following.

3.1 Multi-level graph structured degradation
representation

Bearing monitoring signals often contain coupled degrada-
tion information, and the correlations among different
feature dimensions may change as degradation progresses.
By leveraging graph propagation, the proposed model
enables cross-dimensional information interaction while
preserving temporal characteristics, thereby improving the
capability of modeling complex degradation behaviors.

From the physical perspective, the graph nodes in this
study are not regarded as arbitrary mathematical
variables. Instead, they are constructed from degrada-
tion-related vibration feature channels extracted from the
horizontal and vertical acceleration signals. These features
can be roughly associated with three types of degradation
information: amplitude-energy features, such as standard
deviation, RMS, peak-to-peak value, and band power,
which reflect the increase of vibration intensity during
bearing degradation; impact-sensitive statistical features,
such as skewness and kurtosis, which are related to
intermittent shocks caused by local defects; and frequency-
domain features, such as median frequency, average
frequency,maximumspectral amplitude, dominant frequen-
cy, andmaximumpower spectral density,whichdescribe the
redistribution and concentration of vibration energy in the
frequency domain. Therefore, each node represents a local
degradationdescriptor or a physically related feature subset,
while thegraphtopologydescribes thecoupling relationships
among these degradation descriptors.

Motivated by these advantages, we reconstruct the
temporal vibration samples into graph data G ¼ ðV ;E;XÞ
and perform multi-scale graph-based degradation feature
extraction, as illustrated in Figure 2. Specifically, the
monitoring information is partitioned into F nodes, where
each node corresponds to a subset of features. In this study,
thenodepartitioning isperformedaccording to theextracted
feature channels and sensor directions. For each vibration
segment, 14 time-domainand frequency-domain featuresare
extracted from the horizontal acceleration signal, and the
same 14 features are extracted from the vertical acceleration
signal. Therefore, the graph contains F=28 nodes in total,
and each node represents the temporal evolution of one
specificdegradation feature fromone sensordirection. In this
way, degradation information is decomposed into two parts:
(i) the temporal degradation pattern within each node and
(ii) the coupling structure among nodes.
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The edge weight between two nodes characterizes the
strength of degradation-related correlation between the
corresponding feature channels. This correlation has a clear
time-frequency interpretation. For example, when a local
bearing defect gradually develops, impulsive responses in
the time domain may become stronger, leading to
simultaneous changes in RMS, peak-to-peak value, kurto-
sis, and spectral energy. Similarly, the propagation of
defect-induced impacts through the rolling element-
raceway-housing-sensor path may cause correlated
responses between horizontal and vertical vibration
features. Therefore, a large edge weight indicates that
two feature channels jointly participate in describing the
same degradation evolution or fault-propagation process.

For the local sequence xi of the i th node, a temporal
encoder is used to extract the node embedding hi. Stacking
the embeddings yields the node representation matrix
H ¼ ½h1;h2; :::;hF �, which can be expressed as equation (4):

hi ¼ ftðxi; utÞ ð4Þ
where ftð⋅Þ denotes the temporal encoder composed of
multiple 1D convolutional blocks to extract multi-scale
degradation information within each node, and ut repre-
sents all learnable parameters of the temporal encoder.

To capture the drift of feature coupling relationships
under varying operating conditions, a fused adjacency
matrix is constructed by combining prior, global, and task-
adaptive adjacency components, as shown in equation (5):

Am ¼ sðA0 þ Ag þ AtÞ ð5Þ
where A0 is the prior adjacency matrix, which alleviates
noise propagation caused by structural uncertainty in the
early training stage; Ag is the global adjacency matrix that
captures condition-invariant average coupling patterns
across domains; Au is the task adjacency matrix that
models structural drift for a specific source-to-target
transfer task; and sð⋅Þ denotes the Sigmoid activation
function.

Considering that labeled data under the target
condition are often scarce, the task structure At should
be inferred quickly from a small number of samples. To this
end, we introduce a node-prototype-driven attention graph
generation mechanism. Specifically, node prototypes H

u

are obtained by mean aggregation over node embeddings,
and the task adjacency matrix At is then constructed by
computing pairwise similarities among prototypes. The
procedure is given in equations (6) and (7):

Q ¼ H
u
Wq; K ¼ H

u
Wk ð6Þ

At ¼ softmax
QK⊤ffiffiffi

d
p

� �
ð7Þ

whereWq andWk are learnable projection matrices; Q and
K denote the query and key mappings, respectively; andp
d is the scaling term.
Given the fused adjacency matrix Am, degradation
propagation is modeled via graph message passing, as in
equation (3). The graph convolution layer aggregates
degradation representations from neighboring nodes
according to the learned structure, thereby capturing the
diffusion and transmission of degradation information over
the coupled system.

To emphasize the contributions of informative nodes,
an attention pooling module is employed to generate a
graph-level representation, as expressed in equation (8):

ai ¼ expðq⊤hiÞXF

k¼1
expðq⊤hkÞ

; z ¼
XN
i¼1

aihi ð8Þ

where ai denotes the importance weight of the i th node for
prediction, hi is the final-layer node representation, q is a
learnable attention query vector, and z denotes the graph-
level embedding.

Finally, a regression head outputs the RUL prediction.
The overall prediction function can be written as equation
(9):

ŷ ¼ fgðz; urÞ ¼ fðX; u;AmÞ ð9Þ

where fgð⋅Þ denotes the regression head consisting of two
MLP layers, ur are its parameters, u denotes the set of all
learnable parameters in the network, and Am is the fused
adjacency matrix.

3.2 Meta-learning optimization strategy

A model trained under a conventional single-condition
paradigm may suffer from reduced accuracy and robust-
ness when applied to unseen operating conditions. To
enable fast adaptation across operating conditions, we
introduce a meta-learning strategy so that the model can
acquire transferable knowledge. Specifically, the inner and
outer loops simulate the adaptation process across different
condition-specific tasks, allowing the model to rapidly
adjust both the graph structure and the prediction function
using only a small number of support samples. For each
meta-training iteration, we construct a task t consisting of
source-domain data St and target-domain data Qt. The
source-domain loss is defined as the mean squared error, as
in equation (10):

LࡀSðuÞ ¼ 1

jStj
X

ðX;yÞ∈St
‖fu

�
X;AmðStÞ

�
� yS‖22 ð10Þ

where yS denotes the source-domain labels of task t.
Since cross-condition discrepancies are primarily

reflected in differences in information structure, only the
parameters of the graph module are updated in the inner
loop. The reason is that changes in operating conditions,
such as speed and load variations, mainly alter the coupling
relationships among degradation-related feature channels
rather than completely changing the basic temporal
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degradation representation. Therefore, the temporal
encoder and regression head are expected to learn relatively
stable degradation representations and RUL mapping
rules, whereas the graph module is responsible for adapting
the inter-node dependency structure to a specific transfer
task. Updating the whole network in the inner loop may
easily lead to overfitting when only a limited number of
support samples are available. In contrast, updating only
the graph-related parameters provides a more targeted and
lightweight adaptation mechanism for task-specific topol-
ogy correction. Let the subset of parameters to be quickly
adapted be denoted as uin ⊂ u. The inner-loop gradient
update is given by equation (11):

u0in ¼ uin � a∇uinLࡀSðuÞ; ð11Þ
where u0in denotes the updated parameter subset after the
inner-loop step, uin is the parameter subset to be updated,
and a is the inner-loop learning rate. Through this update,
the graph module is optimized on the support samples of
the current task, so that the generated task topology can
quickly move toward the degradation-coupling pattern of
the current operating condition.

The outer loop takes the target-domain performance as
the meta-objective. To stay consistent with training, the
query stage does not recompute the task graph; instead, it
reuses the task adjacency matrix AtðStÞ inferred from the
source domain, and computes the query loss accordingly, as
shown in equation (12):

LࡀQðu0inÞ ¼ 1

jQtj
X

ðx;yÞ∈Qt

‖fu0in
�
X;AtðStÞ

�
� yQ‖22 ð12Þ

where AtðStÞ denotes the task adjacency matrix after the
inner-loop update, and yQ denotes the target-domain labels
of task t. The outer loop evaluates whether the topology
adapted from the support set can reduce the prediction
error on the query set. Therefore, the outer-loop optimi-
zation does not merely minimize the training error of a
single task; instead, it learns a shared initialization that can
produce effective task-specific graph structures after a
small number of inner-loop updates.

To further suppress cross-domain representation drift
and to avoid overly dense graph structures, we introduce a
graph-embedding alignment term and a sparsity regulari-
zation term. The meta-loss can be written as equation (13):

Lࡀmeta ¼ LࡀQðu0inÞ þ lLࡀCðzS; zQÞ þ g‖Ag‖1 ð13Þ
where l and g are the alignment and sparsity weights,
respectively; ZS and ZQ denote the graph-level embeddings
of the source and target domains; LࡀCð⋅Þ is a covariance
alignment loss; and ‖Ag‖1 is the L1 regularization on the
global adjacency matrix.

Finally, the outer loop updates the shared initialization
parameters via the meta-loss, as in equation (14):

u← u � h∇uLࡀmeta ð14Þ
where h is the outer-loop learning rate, and ∇u denotes the
gradient of the meta-loss with respect to the shared
initialization parameters.

3.3 RUL prediction procedure

Based on the proposed DG-MGNet framework, the overall
workflow of cross-domain bearing RUL prediction is
illustrated in Figure 3 and can be summarized in three
steps:

–
 Multi-level graph structured degradation encoding:
First, features are extracted from raw bearing vibration
signals and the data are divided by operating condition
into a source condition and a target condition. Each
temporal sample is then converted into a graph input by
partitioning the monitoring information into multiple
nodes, where each node corresponds to a subset of
features, and node-wise degradation embeddings are
obtained using the temporal encoder. At the structural
level, a prior structure and a globally shared structure are
introduced to provide stable constraints, while a node-
prototype-driven task adjacency generation mechanism
infers task-relevant coupling structure. These compo-
nents are finally fused to form a multi-level graph
representation.
–
 Meta-learning-based task topology update: During
training, a cross-condition task is constructed at each
iteration using both source-condition and target-condi-
tion samples. In the inner loop, the task graph topology is
rapidly updated for the current task to characterize the
drift of coupling relationships as operating conditions
vary. In the outer loop, model parameters are optimized
with the target-domain loss as the meta-objective,
thereby improving cross-condition generalization. To
further enhance robustness, a graph-level embedding
alignment term and a structural sparsity constraint are
incorporated into the meta-objective to suppress cross-
domain representation drift and noise propagation.
–
 Cross-domain RUL test: After training, target-condition
samples are fed into the model at test time. The model
first infers the task-relevant graph structure and
performs graph message passing under the fused
adjacency constraint, propagating and aggregating
node-wise degradation representations along the cou-
pling structure. An attention pooling module then
produces a graph-level degradation embedding, which
is finally mapped to the corresponding RUL prediction.

4 Experimental validation

4.1 Dataset description

To evaluate the proposed approach, we conduct experi-
ments on the XJTU-SY rolling bearing accelerated
degradation dataset released by Xi’an Jiaotong University
[33]. The test rig is illustrated in Figure 4. The dataset is
collected from accelerated life tests under three operating
conditions, each containing five bearings. Two orthogonal-



Fig. 3. RUL prediction process of the DG-MGNet.
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ly mounted accelerometers on the bearing housing record
vibration signals in the horizontal and vertical directions
simultaneously. Signals are sampled at 25.6 kHz every 1
min; each acquisition lasts 1.28 s, yielding 32,768 points per
segment. Table 1 summarizes the detailed information of
the 15 tested bearings, including the operating condition
settings and the corresponding sample sizes.

On the XJTU-SY dataset, this paper constructs six
cross-domain RUL prediction experimental schemes, as
shown in Table 2. In the experiments, the leave-one-out
method is used to divide the target domain data.
Specifically, in each experimental setup, one bearing was
employed to partition the target domain data. Specifically,
one bearing was selected as the test subject in each
experimental group, while the remaining bearing samples
were used for model training.

4.2 Evaluation metrics

We adopt standard evaluation metrics commonly used in
PHM studies: root mean squared error (RMSE) and mean
absolute error (MAE). Among these, smaller values of
RMSE and MAE indicate lower prediction errors and
higher accuracy. Furthermore, to better align with the
preference for “conservative predictions” in engineering
applications, this paper introduces a scoring function to
comprehensively evaluate the prediction results. When the
model underestimates the RUL, the scoring function
applies a higher penalty. The calculation formulas for
these metrics and the scoring function are as follows:

MAE ¼ 1

N

XN
i¼1

jŷi � yij ð15Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

XN
i¼1

ðŷi � yiÞ2
vuut ð16Þ

Score ¼
XN
i¼1

exp
yi � ŷi
13

� �
; ifyi > ŷi

(

XN
i¼1

exp
ŷi � yi
10

� �
; if yi � ŷi ð17Þ

where N is the number of test samples, yi denotes the
ground-truth value of the i th sample, and ŷi denotes the
corresponding predicted value. It should be noted that the
RUL label used in this study is a relative remaining-life
indicator constructed according to the full degradation
sequence of each bearing, rather than an absolute physical



Table 1. The specific information of the bearing in the XJTU-SY dataset.

Condition Dataset Samples

Condition 1(2100 r/min, 12 kN) Br1_1 123
Br1_2 161
Br1_3 158
Br1_4 122
Br1_5 52

Condition 2(2250 r/min, 11 kN) Br2_1 491
Br2_2 161
Br2_3 533
Br2_4 42
Br2_5 339

Condition 3(2400 r/min, 10 kN) Br3_1 2538
Br3_2 2496
Br3_3 371
Br3_4 1515
Br3_5 114

Table 2. Cross-domain task configuration.

Task Training set Test set

Source domain Target domain Target domain

Task 1 (Condition 1!2) Br1_1-Br1_5 Br2_k, k=1,2, . . .,5 and k≠i Br2_i
Task 2 (Condition 1!3) Br1_1-Br1_5 Br3_k, k=1,2, . . .,5 and k≠i Br3_i
Task 3 (Condition 2!1) Br2_1-Br2_5 Br1_k, k=1,2, . . .,5 and k≠i Br1_i
Task 4 (Condition 2!3) Br2_1-Br2_5 Br3_k, k=1,2, . . .,5 and k≠i Br3_i
Task 5 (Condition 3!1) Br3_1-Br3_5 Br1_k, k=1,2, . . .,5 and k≠i Br1_i
Task 6 (Condition 3!2) Br3_1-Br3_5 Br2_k, k=1,2, . . .,5 and k≠i Br2_i
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quantity. Therefore, the vertical axis in the RUL prediction
curves represents the relative RUL value used for model
training and evaluation.
4.3 Feature extraction

The quality of feature extraction directly affects the
effectiveness of subsequent multi-branch encoding and
feature map structure modeling. In this paper, comple-
mentary information is extracted from both the time
domain and frequency domain perspectives. A total of 14
features are extracted for each directional signal. To avoid
instability in training due to differences in units and scales,
the features are normalized. Detailed information about all
the features is presented in Table 3.

It should be noted that, during the early healthy stage
of bearing operation, vibration signals may be relatively
stable and contain only weak degradation information.
Therefore, the proposed model does not identify early
degradation based on a single instantaneous amplitude
variation. Instead, it distinguishes early weak degradation
from normal operating noise by using temporal continuity
and multi-feature consistency. Random operating noise is
usually transient and isolated, whereas early degradation
tends to cause slight but persistent co-variation among
amplitude-energy features, impact-sensitive statistical
features, and frequency-domain features. In DG-MGNet,
the temporal encoder captures the evolution trend within
each feature node, the graph topology models the coupling
relationships among different feature channels and sensor
directions, and attention pooling emphasizes more infor-
mative degradation descriptors.

4.4 Model configuration

This section describes the network architecture and
training configuration of the proposed DG-MGNet. The
settings of the key modules are summarized in Table 4.

Toobtainbetterpredictiveperformancewhilekeeping the
computational costmanageable, cross-validation is employed
to select key hyperparameters of DG-MGNet. After deter-
mining the optimal configuration, the model is trained on the
training set and then used to output RUL predictions on the
test set. To reduce variability caused by random initialization
and mini-batch sampling, all experiments are repeated 25
times, and the reported results are averaged over these runs.
The training hyperparameters are summarized in Table 5.
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Table 4. Detailed structure of DG-MGNet.

Module Information on the structure

Temporal encoder Conv1D(1!64, k=9, s=2) - Conv1D(64!128, k=9, s=2) - Conv1D(128!128,
k=9, s=2) + {GroupNorm(8) + ReLU}; AdaptiveAvgPool1D(1); Linear
(128!128)

Graph generator Prior graph as an identity matrix; global residual graph as a learnable matrix;
task graph generated via linear projections Wq/Wk: Linear(128!128,
bias=False) �2

GraphConv Two GCN layers: Linear(128!128, bias=False)
AttnPool A learnable query vectorq (dim = 128); softmax-weighted summation over

node outputs
Regression head Linear (128,64), ReLU, Dropout (0.3), Linear (64,1)

Table 5. The hyperparameters of DG-MGNet.

Parameters Value

Epoch 300
Batch size 64
Outer-loop learning rate 0.001
Inner-loop learning rate 0.01
Graph sparsity regularization weight 1e-4
Optimizer Adam
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For the two learning rates in the meta-learning
framework, the inner-loop learning rate controls the rapid
adaptation of the graph module, while the outer-loop
learning rate controls the stable update of the shared
initialization. Therefore, the inner-loop learning rate is set
larger than the outer-loop learning rate. A relatively larger
inner-loop learning rate helps the task graph respond
quickly to condition-specific topology changes, whereas a
smaller outer-loop learning rate avoids unstable oscilla-
tions in the shared parameters during meta-optimization.
Based on cross-validation, the inner-loop learning rate and
outer-loop learning rate are set to 0.01 and 0.001,
respectively.

4.5 Experimental results and analysis

Figure 5 presents the RUL prediction results of several test
bearings under six cross-condition transfer tasks, including
the ground-truth RUL curves, the predicted curves, the
corresponding 95% confidence intervals, and the distribu-
tion of prediction errors. It can be observed that, across
different condition-transfer scenarios, the proposed
DG-MGNet closely follows the true degradation trajecto-
ries. The predicted curves exhibit an overall trend
consistent with the ground truth, indicating that the
model can capture degradation dynamics in a stable
manner. From the prediction process, as the bearings
gradually enter the late degradation stage, fluctuations or
local deviations appear for some cases. For example, in
Task 2-Br3_2 and Task 4-Br3_4, the magnitude of
prediction errors increases. This suggests that, under
severe degradation, bearing conditions are more strongly
affected by random shocks and non-stationary noise, and
the degradation rate becomes highly nonlinear, which
makes accurate prediction more challenging. Notably,
although short-term oscillations may occur in the late stage
for a few bearings, the model still tracks the overall life-
decay path effectively, demonstrating the robustness and
generalization capability of the proposed framework.

Table 6 reports the detailed RUL prediction results.
Overall, the cross-condition training configuration has a
noticeable influence on prediction performance. Under the
same target condition, models trained with different source
conditions can differ in both accuracy and stability, mainly
because the match between source and target conditions
varies in terms of load level, rotational speed, and
degradation patterns. Nevertheless, even for tasks with
large domain gaps, DG-MGNet maintains strong predic-
tive performance, further validating its effectiveness for
complex cross-condition bearing RUL prediction.

The accuracy of the RUL predictions in Table 6 is
validated based on the known run-to-failure records of the
XJTU-SY dataset. Since each tested bearing is operated
until failure, the complete degradation sequence length and
final failure point are available. For a test bearing with a
full-life sequence length Lb, the ground-truth RUL label of
the k-th sample is constructed according to its remaining
position in the degradation sequence. Themodel prediction
ŷ̂k is then compared with the corresponding ground-truth
label yk over the entire test trajectory. RMSE, MAE, and



Fig. 4. XJTU-SY test bench.

Fig. 5. RUL prediction curves for partial bearings.
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Score are calculated from these point-wise prediction
errors, as defined in equations (15)–(17). Therefore, Table 6
provides a quantitative validation of RUL prediction
accuracy for each left-out test bearing under the six cross-
condition tasks.

To further validate the performance of the proposed
method, we conducted a comparative analysis with several
state-of-the-art transfer learning methods, including
DCDAN [34], TCNN [35], DFDTLN [36], CADA [37],
and TACNN [38]. The original data were normalized to
facilitate comparative observation. Figure 6 compares the
RMSE and MAE achieved by different methods across the
six prediction tasks.

As can be seen, the proposed DG-MGNet obtains the
lowest or near-lowest RMSE and MAE in all tasks,
demonstrating stable and consistent advantages. This



Table 6. Detailed results of RUL prediction.

Task Bearing BrT_1 BrT_2 BrT_3 BrT_4 BrT_5

Task 1 RMSE 97.15 15.98 56.02 7.31 40.88
MAE 83.42 12.41 44.15 6.09 32.10
Score 4.71 1.02 3.89 0.54 2.96

Task 2 RMSE 365.90 332.45 52.10 194.22 24.86
MAE 302.40 273.95 44.05 165.30 18.92
Score 25.88 24.76 3.91 15.10 1.41

Task 3 RMSE 20.68 17.95 21.44 13.28 7.39
MAE 16.40 13.72 16.98 11.34 5.88
Score 1.46 1.09 1.64 1.06 0.50

Task 4 RMSE 478.30 346.12 46.05 231.10 18.42
MAE 404.90 298.70 37.15 196.40 15.02
Score 34.05 24.98 2.45 17.40 1.22

Task 5 RMSE 19.66 23.05 18.85 13.52 8.74
MAE 15.30 18.56 17.20 11.08 7.02
Score 1.35 1.60 1.24 1.02 0.62

Task 6 RMSE 71.80 21.65 64.20 8.05 36.44
MAE 58.90 16.92 51.10 6.55 28.70
Score 5.63 1.43 4.21 0.56 2.51

Fig. 6. Comparison results of different models.

Table 7. Comparison of computational efficiency for different models.

Method Training time per epoch (ms) Inference time per sample (ms)

DCDAN 148.9 2.74
TCNN 121.6 1.91
DFDTLN 143.5 2.58
CADA 112.8 1.76
TACNN 165.4 3.12
Proposed DG-MGNet 132.7 2.36

12 Z. Wu et al.: Int. J. Metrol. Qual. Eng. 17, 11 (2026)



Fig. 7. Results of ablation experiment.
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indicates that DG-MGNet delivers higher overall predic-
tion accuracy under various cross-condition transfer
scenarios. In more challenging settings, DG-MGNet shows
particularly strong performance. For Task 2, DG-MGNet
achieves an RMSE of 0.1528, which is 2.9% lower than
DCDAN and 12.9% lower than CADA. For Task 4, DG-
MGNet attains an RMSE of 0.1531, outperforming TCNN
by 13.5% and DFDTLN by 15.2%, highlighting its stronger
robustness when the domain gap between operating
conditions is large. In addition, CADA exhibits relatively
large error fluctuations across several tasks, suggesting
limited stability in cross-domain prediction. Notably, DG-
MGNet shows highly consistent trends on RMSE and
MAE, with smaller cross-task variations, implying a more
stable overall distribution of prediction errors. The
improved performance of DG-MGNet can be mainly
attributed to two aspects: (i) the multi-level dynamic
graphs capture richer structural dependencies, and (ii) the
meta-learning mechanism enables the task-graph topology
to adapt to changing operating conditions, enhancing
generalization and allowing the model to maintain reliable
prediction performance under cross-condition transfer.

It should also be noted that the experimental signals in
the XJTU-SY dataset are real vibration measurements,
and therefore inevitably contain measurement noise caused
by sensor acquisition, installation conditions, and environ-
mental disturbances. In the proposed DG-MGNet, the
influence of ordinary measurement noise is reduced mainly
through multi-feature representation, temporal encoding,
graph-based coupling modeling, and attention pooling.
Random measurement noise is usually transient and
weakly correlated across multiple feature channels,
whereas bearing degradation tends to produce more
persistent and coupled changes among time-domain energy
features, impact-sensitive statistical features, and frequen-
cy-domain features. Therefore, the model can suppress
isolated fluctuations to some extent and focus on
degradation-related consistent patterns. However, under
extremely strong noise conditions, degradation informa-
tion may be severely masked, and the prediction accuracy
may decrease. In such cases, additional denoising prepro-
cessing or noise-adaptive training would be required, which
will be further investigated in future work.

4.6 Computational efficiency analysis

To further evaluate the engineering practicality of DG-
MGNet, we compare the computational efficiency of
different models under the same hardware and software
configurations. Table 7 reports the average training time
per epoch and inference time per sample.

As shown in Table 7, DG-MGNet requires 132.7 ms per
training epoch and 2.36 ms per test sample. Although the
proposed model introduces multi-level graph construction,
task-adaptive graph generation, and meta-learning opti-
mization, its computational overhead remains moderate.
Compared with the fastest baseline, CADA, DG-MGNet
increases the training time by 17.6%, but it is still more
efficient than DCDAN, DFDTLN, and TACNN. More-
over, the inference time remains at the millisecond level
because the inner–outer loop optimization is only used
during training. Therefore, DG-MGNet achieves improved
prediction performance with acceptable computational
cost and is feasible for periodic online RUL updating in
practical condition-monitoring systems.

5 Discussion

This section investigates the key mechanisms and perfor-
mance drivers of DG-MGNet, focusing on ablation studies,
adjacency-matrix visualization, and feature-space visuali-
zation before and after graph modeling. These analyses



Fig. 8. Visualization of adjacency matrices.

Fig. 9. Visualization of the features: (a) bearing1_2, (b) bearing2_3, (c) bearing3_3.
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provide further insight into the internal workings of the
proposed method and its role in cross-condition RUL
prediction.

5.1 Ablation study

To further quantify the contribution of each key compo-
nent in DG-MGNet and to identify the sources of
performance improvements, we conduct ablation experi-
ments under the same six cross-condition task splits and
data preprocessing settings as in the comparative experi-
ments. Except for the removed or replaced module, the
remaining network architecture, training strategy, and
hyperparameter settings are kept unchanged. Figure 7
reports the normalized RMSE and MAE of different
ablation variants across the six tasks. Overall, the full
model achieves the lowest error in all tasks, indicating that
multi-level graph-structure modeling and the meta-learn-
ing optimization strategy jointly enhance the stability and
accuracy of cross-condition RUL prediction.
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When the meta-learning adaptation mechanism is
removed, prediction errors increase consistently, with
the average RMSE rising to 0.1580 and the average
MAE to 0.1288. The degradation is more pronounced in
tasks with larger transfer difficulty: in Task 2, RMSE
increases by 0.0190, and in Task 4 by 0.0229. These results
suggest that parameters learned via standard static
training are insufficient to accommodate distribution
changes in the target condition, whereas the inner-outer
loop updates in meta-learning facilitate task-level adjust-
ment and thus reduce performance loss during cross-
domain transfer. This result further verifies the effective-
ness of the meta-learning mechanism. Since only the inner–
outer loop adaptation is removed, the increased errors of
the w/oMeta variant indicate that static graph parameters
are insufficient to capture task-specific topology drift, while
the proposed meta-learning strategy improves rapid cross-
condition generalization. Removing the task-adaptive
graph also leads to a clear performance drop, with the
average RMSE increasing to 0.1535. This indicates that,
under cross-condition settings, the coupling relationships
among monitoring variables are not fixed, and relying
solely on shared structures is insufficient to capture task-
specific relational changes. Moreover, eliminating the
multi-level fusion structure results in a 15% increase in
the average RMSE, implying that the fused design better
balances shared stability and task adaptivity. In addition,
replacing attention pooling with simple mean pooling
increases the average RMSE to 0.1501; in particular, the
RMSE of Task 4 rises from 0.1531 to 0.1638. This
demonstrates that different nodes contribute unequally
to degradation representation, and attention aggregation
can emphasize nodes that are more informative for the
degradation process, yielding more robust graph-level
embeddings.

In summary, the effectiveness of DG-MGNet stems from
two complementary aspects. Multi-level modeling of struc-
tural dependencies provides a stable and transferable
topological prior, while meta-learning-driven rapid adapta-
tion of task topology further strengthens the model’s
generalization capability under varying operating conditions.

5.2 Adjacency matrix visualization

To further uncover the structural reasons behind the
performance gains of DG-MGNet in cross-condition RUL
prediction, and to verify whether the proposed method can
learn interpretable feature dependency patterns, we
visualize the adjacency matrices generated by the model.
By comparing the multi-level fused adjacency matrix with
the adaptively generated task-specific adjacency matrix,
we examine how the model captures correlations under
different sources of structural constraints.

The visualization results for cross-condition tasks are
shown in Figure 8. It can be observed that the fused
adjacency matrix exhibits relatively high and evenly
distributed weights along the main diagonal. This suggests
that, during information propagation, the model prioritizes
preserving each node’s own degradation representation and
uses it as a stable basis for cross-node interactions. Such a
structure helps prevent feature mixing caused by overly
strong inter-node coupling, and indicates that the multi-
level fusion mechanism provides balancing and regulariza-
tion across different structural sources, leading to a more
stable graph topology. From a physical perspective, this
diagonal-dominantpattern is consistentwith the fact that each
vibration feature first carries its own degradation information,
while the off-diagonal connections further describe correlated
changes among time-domain impact features, energy-related
features, and frequency-domain features.

In contrast, the task-specific adjacency matrix is
noticeably sparser, with several prominent vertical high-
weight bands and locally enhanced regions. This indicates
that, for the current task, a small number of key nodes
maintain strong connections with many other nodes. These
nodes act as hubs during graph propagation, enabling
condition-relevant global degradation information to be
aggregated and more effectively transmitted to other
nodes. These observations demonstrate that the task graph
can dynamically adjust inter-node coupling according to
target-domain samples, thereby characterizing changes in
correlation structures under different operating conditions.
This sparse topology also suggests that, under different
speed-load combinations, only a limited number of feature
channels may dominate the degradation representation,
which is consistent with the condition-dependent nature of
bearing fault propagation and vibration response.

5.3 Feature space visualization

To examine the degradation consistency of learned repre-
sentations under cross-condition settings,we apply t-SNEto
visualize features before and after graph-structuremodeling.
Figure 9presents three sets of visualization results.Thecolor
of each point indicates the normalized life level, where the
color gradually changes from dark to light as degradation
evolves from an early stage toward failure.

As shown in Figure 9, when structural dependencies are
not sufficiently modeled, the feature distribution tends to
appear as scattered clusters, and the colors are interleaved
in the embedding space. This indicates that samples from
different life stages cannot form a stable and continuous
transition in the feature space. In contrast, after graph
modeling, the features exhibit a much clearer low-
dimensional manifold: points are smoothly distributed
along a continuous trajectory, and the color gradient
evolves monotonically along the direction of this trajecto-
ry. In other words, life stages can be organized in the
feature space as a continuous path from healthy to
degraded conditions. Such a geometric structure suggests
that the learned representations better align with the
intrinsic evolution of the degradation process. On the one
hand, samples from different life stages present a more
stable ordering relationship in the embedding space,
improving the interpretability of the representation with
respect to degradation progression. On the other hand, the
transition from scattered clusters to a continuous trajecto-
ry implies stronger degradation-semantic alignment across
operating conditions, reducing the interference of condition
discrepancies on the representation space.



16 Z. Wu et al.: Int. J. Metrol. Qual. Eng. 17, 11 (2026)
6 Conclusion and future work

6.1 Conclusion

This paper addresses the distribution shift and unstable
generalization issues in cross-condition bearing RUL
prediction. We propose DG-MGNet and validate it on a
public accelerated bearing life dataset. The main work and
conclusions are summarized as follows.

–
 We propose a graph-aware meta-learning framework for
domain generalization. To tackle the performance
degradation caused by changes in the statistical proper-
ties of monitoring signals under different operating
conditions, we extend bearing degradation modeling
from sequence learning to structured representation
learning, and jointly leverage graph modeling and meta-
learning to enhance cross-condition prediction. At the
task level, the framework alleviates distribution shift
induced by operating-condition variations through
dynamic adaptation, and improves stability across
different transfer tasks.
–
 We construct multi-level dynamic adjacency relation-
ships to capture degradation-related dependencies. By
integrating prior structure, globally shared structure,
and task-adaptive structure, we build a multi-level
dynamic adjacencymatrix. This design enables the graph
topology to remain stable while being adaptive, thereby
improving the transferability of cross-condition degra-
dation representations from a structural perspective.
–
 We design a meta-learning-driven strategy for rapid
task-topology updates. During training, an inner–outer
loop joint optimization scheme is introduced to adapt
graph-generation-related parameters at the task level,
enabling task-specific topology to quickly adjust as
operating conditions change and thus reducing perfor-
mance loss caused by cross-domain transfer. Experimen-
tal results show that this strategy effectively mitigates
results show that this strategy effectively mitigates
performance degradation in more challenging transfer
tasks, demonstrating stronger robustness and generali-
zation.

In summary, DG-MGNet provides an effective domain-
generalization solution for bearing RUL prediction under
complex operating conditions, offering methodological
support for predictive maintenance and O&M decision
optimization.

6.2 Future work

Future work will focus on more realistic cross-condition
RUL prediction scenarios involving multi-source sensing
data, and on deployment-oriented model designs that
reduce computational cost while supporting efficient online
adaptation and maintenance decision-making.
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