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Abstract
Gearboxes are critical mechanical components widely deployed in industrial applications, where their reliable operation
directly impacts system safety and efficiency. However, conventional fault diagnostic approaches face significant challenges
when operating under extraneous transient noise conditions, particularly with limited labeled fault samples. These chal-
lenges manifest as performance degradation with extremely sparse labeled datasets, vulnerability in pseudo-label genera-
tion mechanisms under intense transient noise, and inconsistent feature scale representations due to noise-induced
interference. Furthermore, existing methods struggle to maintain diagnostic accuracy when confronted with both data
scarcity and transient disturbances, often resulting in compromised model generalization and unreliable fault classification.
To address these limitations, this research proposes the Semi-Supervised Transfer Graph Representation Learning with
Few-Shot Adaptation (SSTGRL-FSA) framework, featuring three innovative components: a novel pseudo-label reliability
enhancement mechanism leveraging systematic knowledge transfer from established source domains, an advanced label
transmission and matching strategy exploiting homologous signal patterns across operational domains, and an integrated
first-order Markov state probability transition matrix with amplitude-constrained scaling. SSTGRL-FSA significantly
advances the field by effectively handling both labeled data scarcity and transient noise interference while enhancing model
robustness through sophisticated temporal dependency modeling and stable feature scale maintenance, ultimately provid-
ing a more reliable and practical solution for industrial gearbox fault diagnosis under challenging operational conditions.
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Introduction

In industrial applications, gearbox systems constitute
fundamental components that are integral to the
operational efficiency of vehicles, electric motors, and
wind turbines.1–6 These critical mechanisms routinely
operate under exceptionally demanding conditions
characterized by extreme load variations and high-
velocity operations. Such intensive operational para-
meters subject the constituent components to substan-
tial cyclical stress patterns and thermal variations over
extended periods. Furthermore, these sophisticated
mechanical systems exhibit inherent vulnerabilities to
multiple failure modalities, encompassing progressive
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wear patterns, crack propagation phenomena, and cat-
astrophic tooth fractures—primarily arising from sus-
tained high-speed operations and dynamic loading
conditions. The timely detection of incipient defects
thus becomes paramount in preventing cascading sec-
ondary damage and averting costly operational inter-
ruptions. Additionally, the presence of transient noise
phenomena introduces substantial complexity to fault
diagnosis procedures, potentially compromising both
the operational longevity and reliability of gearbox sys-
tems.2,7–11 Therefore, the development of robust fault
diagnosis methodologies emerges as a critical impera-
tive for ensuring sustained equipment reliability.

The convergence of advanced sensor technologies
and internet connectivity has catalyzed remarkable prog-
ress in data-driven methodological approaches.10,12–14

These techniques leverage comprehensive operational
datasets to identify subtle patterns and anomalies indica-
tive of mechanical degradation. While traditional fault
diagnosis methods such as envelope analysis15–19 and spec-
tral kurtosis20 have demonstrated effectiveness in specific
scenarios, they suffer from significant limitations. These
methods require extensive manual feature engineering by
domain experts and are highly sensitive to operational var-
iations such as speed fluctuations and load changes.
Additionally, traditional methods like wavelet trans-
form,21 empirical mode decomposition,22 and Hilbert–
Huang transform23 struggle with transient noise interfer-
ence, as their feature extraction processes are highly sus-
ceptible to noise contamination.

Deep learning, as an advanced computational para-
digm, has demonstrated exceptional utility in mechani-
cal fault diagnosis applications.24–26 Notable
developments include Lu et al.’s27 innovative optimiza-
tion architecture, which integrates attention mechan-
isms with chaotic quantum particle swarm
optimization and multi-layer denoising autoencoders
for precise fault diagnosis in wind turbine planetary
gearboxes. Similarly, Cui et al.28 implemented a dual-
stream convolutional neural network architecture to
address data imbalance challenges in centrifugal pump
rotor fault diagnosis, while Joung et al.29 developed an
integrated Long Short-Term Memory Recurrent
Neural Network (LSTM-RNN) framework for bearing
fault detection utilizing operational degradation data
from injection molding machinery. However, these
advanced computational approaches predominantly
rely on supervised learning algorithms, necessitating
extensive labeled datasets for effective model train-
ing.30 Within industrial contexts, the acquisition of
such labeled data presents significant challenges, prov-
ing both resource-intensive and time-consuming due to
the predominance of unlabeled operational data.
Consequently, this fundamental limitation significantly
impedes the development and implementation of

reliable fault diagnosis systems based exclusively on
supervised methodologies.

In response to these constraints, the research com-
munity has increasingly gravitated toward semi-
supervised learning (SSL) approaches, effectively utiliz-
ing both limited labeled data and abundant unlabeled
samples during model training.31 Within SSL-based
diagnostic frameworks, specialized neural network
architectures have demonstrated remarkable success in
gear and bearing fault diagnosis applications.32–34

Exemplary contributions include Chen et al.’s35

pseudo-label assisted semi-supervised adversarial learn-
ing methodology, which incorporates metric learning
enhancement for gearbox fault diagnosis, substantially
reducing annotation requirements. Additionally,
Huang et al.36 developed a semi-supervised prototype
network incorporating similarity-based pseudo-label-
ing for wind turbine gearbox fault diagnosis, while Cai
et al.37 introduced a spatio-temporal graph attention
contrastive learning framework achieving exceptional
diagnostic accuracy with minimal labeled data.
Notably, graph neural networks (GNNs) have emerged
as a particularly powerful paradigm in data-driven
fault diagnosis, effectively capturing system complexity
through sophisticated node-edge representations.38

While GNNs demonstrate significant advantages in
modeling structured data and fault propagation pat-
terns, challenges persist in effectively integrating tem-
poral evolution patterns and managing high-
dimensional unlabeled datasets within SSL-based diag-
nostic frameworks.

Moreover, GNN architectures inherently rely on
explicit graph structures, which become problematic
when node relationships cannot be definitively estab-
lished in complex mechanical systems, leading to
potential reliability issues.39 Addressing these persistent
challenges in SSL, particularly regarding domain shift
vulnerability and computational efficiency, researchers
have increasingly adopted transfer learning methodolo-
gies. These approaches fundamentally reconstruct fea-
ture spaces to align source and target distributions
through domain-invariant representations. Notable
advancements include Yue et al.’s40 physics-informed
dual guidance methodology, which integrates physical
envelope harmonic distribution with transfer learning
for efficient gear fault classification. Similarly, Luo
et al.41 developed an integrated Convolutional
Neural Network and Long Short-Term Memory
(CNN-LSTM) transfer learning framework for com-
prehensive fault diagnosis across power levels in Small
Modular Reactors, while Dai et al.42 proposed an
innovative hybrid framework combining optimized
decomposition techniques with transformer-based
transfer learning. However, despite these significant
advances, the diagnostic robustness of existing
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methodologies remains susceptible to noise interfer-
ence,43,44 particularly when impulsive noise transients
introduce spurious feature correlations that compro-
mise learned domain-invariant representations during
operational inference.

Analysis of current fault diagnosis methods reveals
persistent challenges that limit system robustness and
reliability, particularly in industrial settings with data
constraints and harsh operating environments. The key
limitations are:

1. Performance degradation with extremely sparse
labeled datasets, where model bias becomes pro-
nounced despite transfer learning and unlabeled
data integration, compromising pseudo-label gen-
eration and diagnostic accuracy.

2. Vulnerability in pseudo-label generation mechan-
isms under intense transient noise operating condi-
tions, leading to error cascade effects throughout
the learning pipeline and degraded system
performance.

3. Inconsistent feature scale representations due to
transient noise-induced interference, resulting in
model overfitting, reduced generalization capabil-
ities, and compromised optimization dynamics in
transfer learning implementations.

In response to these critical challenges, this research
introduces an innovative diagnostic framework: Semi-
Supervised Transfer Graph Representation Learning
with Few-Shot Adaptation (SSTGRL-FSA). This com-
prehensive methodology represents an advancement in
addressing the fundamental challenges of limited
labeled data availability under conditions of transient
interference, through the strategic integration of
SSL principles and transfer learning mechanisms.
Specifically designed for planetary gearbox fault diag-
nosis in harsh operational environments, SSTGRL-
FSA synergistically leverages complementary learning
paradigms to enhance diagnostic robustness. The fra-
mework’s principal technical innovations and contribu-
tions can be enumerated as follows:

1. A novel SSTGRL-FSA framework that enhances
pseudo-label reliability in few-shot learning (FSL)
scenarios through systematic knowledge transfer
from established source domains, improving diagnos-
tic performance under data-constrained conditions.

2. An advanced label transmission and matching
strategy that ensures precise pseudo-label align-
ment across operational domains by exploiting
homologous signal patterns, effectively mitigating
noise-contaminated signal effects.

3. Integration of a first-order Markov state probabil-
ity transition matrix with amplitude-constrained

scaling (ACS), providing robust temporal depen-
dency modeling while maintaining stable feature
scales and enhanced training efficiency.

The structural organization of the remainder of this
paper proceeds in a systematic manner through several
interconnected sections. In section ‘‘Related work,’’ we
thoroughly examine and critically analyze the theoreti-
cal foundations underlying three fundamental compo-
nents: the Dynamic Graph Attention Network
(DGAT), which enables adaptive feature learning, and
Pseudo-Labeling Algorithm, which utilizes a teacher
model to construct pseudo labels. Subsequently, sec-
tion ‘‘The proposed SSTGRL-FSA’’ presents a detailed
exposition of the novel methodology, namely the
SSTGRL-FSA, along with its architectural compo-
nents and theoretical underpinnings. Furthermore, sec-
tion ‘‘Experimental results and comparative analysis’’
offers a comprehensive presentation of our experimen-
tal findings, accompanied by an in-depth comparative
analysis with state-of-the-art approaches and ablation
studies. Building upon these empirical results, section
‘‘Ablation study’’ systematically investigates the indi-
vidual contributions of core components through abla-
tion studies, specifically analyzed the impact of
transient noise processing and label transfer modules
on the framework. In addition, section ‘‘In-depth anal-
ysis of SSTGRL-FSA performance and optimization
strategies’’ analyzed the sensitivity of hyperparameters
and the performance of the model in industrial noise
environments. Finally, section ‘‘Conclusion’’ synthe-
sizes our key contributions, draws meaningful conclu-
sions, and delineates promising directions for future
research endeavors in this field.

Related work

This section systematically reviews two key theoretical
foundations supporting the SSTGRL framework. The
review first examines recent developments in DGATs,
which effectively capture complex relationships in struc-
tured data through adaptive feature learning mechan-
isms. The theoretical basis of pseudo-labeling algorithms
is then analyzed, with particular attention to how
teacher-student model architectures leverage knowledge
transfer to address scarce labeled data scenarios.

Dynamic Graph Attention Network

Despite the Graph Attention Network’s (GAT) nota-
ble ability to discern the relative significance of infor-
mation between adjacent nodes through iterative
weight adjustments,14,16 this architecture exhibits
inherent limitations stemming from its static attention

Chen et al. 3



mechanism. Most notably, the framework’s inability to
account for the temporal dynamics of inter-node con-
nections significantly constrains its expressive capacity
and representational capabilities, which can be for-
mally demonstrated through the following analysis.

eij = LeakyReLU F1Wfi + F2Wfj

� �
ð1Þ

where eij is the importance of node Vj to node Vi, fi and
fj are feathers of nodes Vi and Vj, W represents weight
matrix, F1 and F2 are the shared attention mechanism.

One of the primary constraints inherent in the tradi-
tional GAT architecture stems from its global
parameter-sharing mechanism, whereby the transfor-
mation matrices W , F1, and F2 in Equation (1) are uni-
versally shared across all nodes and implemented
sequentially. As a consequence of this design, these
operations can be mathematically reduced to a singular
linear transformation layer, thereby resulting in a static
attention mechanism with limited adaptive potential.
In response to these architectural limitations, the
DGAT introduces an advanced aggregation mechan-
ism for central node processing. Specifically, the
DGAT employs a refined computational workflow
wherein the transformation matrix W is strategically
applied following concatenation, while the unified
attention mechanism F = ½F1 k F2� is positioned subse-
quent to the Leakyrelu activation function. This strate-
gic reorganization of the architecture enables the
network to achieve genuinely dynamic attention
capabilities, thereby facilitating more flexible and
context-sensitive feature processing. The comprehen-
sive computational workflow within the DGAT layer
is meticulously detailed in Figure 1. Furthermore, the
dynamic attention score in DGAT is determined
through the following mathematical framework:

eij = F � LeakyReLU W � ½fi k fj�
� �

ð2Þ

aij = Softmax eij

� �
=

exp eijð ÞP
k2N ið Þ exp eikð Þ

ð3Þ

where F represents a shared attention mechanism, and
N ið Þ represents the set of all nodes adjacent to node Vi.

Building upon these architectural innovations, the
attention computation process is fundamentally
anchored in the distinctive characteristics of individual
nodes while methodically incorporating the intercon-
nected relationships with neighboring nodes. This hol-
istic approach substantially augments the model’s
capacity to capture and represent intricate graph struc-
tures. To elucidate this process more precisely, we can
examine the feature learning procedure at the l-th layer
of DGAT, which can be mathematically formulated
as:

h
l + 1ð Þ

i = s
P

j2N ið Þ
aijW

lð Þh
lð Þ

j

 !
ð4Þ

where s �ð Þ denotes activation function, h
l + 1ð Þ

i repre-
sents the updated vector after node Vi aggregates the
information of layer l, and W lð Þ is its learnable weight
matrix.

Pseudo-labeling algorithm

In the field of SSL methodologies, pseudo-labeling has
emerged as a particularly robust and efficacious algo-
rithm, as comprehensively illustrated in Figure 2. This
algorithmic approach, which has garnered significant
attention in recent years due to its practical applicabil-
ity and theoretical foundations, operates fundamentally
on bifurcated datasets that are systematically parti-
tioned into two distinct categories: the labeled sample
set, denoted as Dl = f xi, yið ÞgNl

i = 1, which encompasses
data points with known classifications, and the unla-
beled sample set, represented as Du = fxigNu

i = 1, compris-
ing data points whose classifications remain to be
determined. Within this framework, the initial phase
of the algorithm centers on the development and
training of teacher models, whose learning process is
exclusively dependent on and constrained to the
labeled samples, thereby establishing a foundational
basis for subsequent pseudo-labeling operations.

f �uT
= min

uT

1
Nl

PNl

i = 1

L fuT
xið Þ, yið Þ ð5Þ

where uT parameterizes the teacher model fuT
, and L

represents the supervised loss function.
For the neural network architecture, when imple-

menting the Softmax activation function in the output
layer, it is typically paired with cross-entropy loss as
the supervised loss function. This fundamental

Figure 1. Schematic illustration and computational workflow
of the DGAT layer.
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combination can be mathematically defined through a
specific formula, establishing the foundation for the
model’s learning process.

L fuT
xið Þ, yið Þ=�

XK

j = 1

yi, jlog ðfuT
xið ÞjÞ ð6Þ

where K is the number of dimension of network out-
put, yi, j 2 f0, 1g indicates whether xi belongs to class j,
fuT

xið Þj is the predicted probability of class j by the
teacher model.

Subsequently, once the training phase is completed,
the optimized teacher model, denoted as f �uT

, assumes a
crucial role in generating pseudo-labels for the unla-
beled data points. This pedagogical process is initiated
through the computation of class probability distribu-
tions, which are obtained via forward propagation
mechanisms, thereby facilitating the transfer of knowl-
edge from teacher to student model.

pi = f �uT
xið Þ= ½pi1, pi2, . . . , piK �,

where
XK

j = 1

pij = 1:
ð7Þ

pseudo-labels ŷk are assigned by selecting the class
index corresponding to the maximum Softmax
probability:

ŷk = arg max
j

pij ð8Þ

To ensure the robustness and quality of the learning
process, a significant refinement step is introduced
through the implementation of a confidence threshold,
represented as t. This threshold serves as a discrimina-
tive filter, effectively eliminating predictions that fall

below the desired confidence level, thus maintaining
the integrity of the pseudo-labeling process.

Dpseudo = xi, ŷkð Þ j max
j

pkj ø t

� �M

i = 1

ð9Þ

The student model fuS
is then trained on the augmented

dataset Daug =Dl [Dpseudo combining original labeled
data and filtered pseudo-labeled examples. The optimi-
zation objective minimizes a composite loss function
balancing supervised and unsupervised components:

fuS
= min

uS

1

Daugj j
X

xi, yið Þ2Dl

L fuS
xið Þ, yið Þ

2
4
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

supervised

+ l
X

xk , ykð Þ2Dpseudo

L fuS
xkð Þ, ŷkð Þ

3
5

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
unsupervised

ð10Þ

where the weighting coefficient l prioritizes labeled
data during initial training phases. Following the suc-
cessful training of the student model fuS

through
Equation (10), the process enters an iterative phase
where the newly trained student model assumes the
role of the teacher. This cyclical progression continues
as the model undergoes repeated training iterations
through Equations (7)–(10), establishing a self-
improving feedback loop that enhances the overall
model performance.

The proposed SSTGRL-FSA

To effectively address the multifaceted challenges
inherent in mechanical signal processing, particularly
the persistent issues of non-Gaussian interference

Figure 2. Procedure of the classical pseudo-labeling algorithm.
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patterns—such as transient noise contamination in
vibration signals—and the inherent unreliability of
one-dimensional data pseudo-labeling mechanisms,
this research proposes a novel methodological frame-
work termed SSTGRL-FSA. This innovative approach
systematically integrates confidence-based pseudo-
labeling techniques with ACS methodologies, thereby
establishing a robust foundation for enhanced signal
processing capabilities. As systematically illustrated in
Figure 3, the proposed framework encompasses three
fundamental yet interconnected components: firstly,
the meticulous training of a teacher model utilizing
strategically denoized data sets; secondly, the imple-
mentation of a sophisticated prediction mechanism for
generating high-confidence pseudo labels; and finally,
the systematic training of a student model through the
application of ACS procedures.

Data preprocessing and teacher model
architecture implementation

Real-world vibration signals from multi-component
transmission systems are frequently contaminated by
transient noise from unknown interference sources,
exhibiting amplitude anomalies and irregular temporal
patterns that compromise statistical consistency and
hinder discriminative feature extraction for fault diag-
nosis. To address this challenge, the proposed method
employs a first-order Markov transition matrix to sys-
tematically identify and eliminate transient noise com-
ponents, thereby restoring signal integrity and
enhancing feature extraction reliability in vibration-
based diagnostic applications.

The proposed methodological framework specifi-
cally targets transient noise in both labeled and

unlabeled datasets, denoted as x
imp, labelð Þ

i

n oN

i = 1
and

x
imp, unlabelð Þ

i

n oM

i = 1
, respectively, through the utilization

of first-order Markov transition matrix analysis.18,19

This approach initiates with a fundamental transfor-

mation process, wherein continuous signals xijR13L

undergo discretization into a finite set of states.
Throughout this process, each value R within the signal
is systematically assigned an interval number j, which
subsequently becomes the signal’s state Si at that par-
ticular temporal point. This transformation effectively
facilitates the conversion of continuous states into dis-
crete state sequences, governed by a specific mathemat-
ical formulation:

Si =
j, R½k� 2 Sj

nbin � 1, R½k�=max xið Þ

�
ð11Þ

where k 2 1, Lð Þ, nbin is a predefined number of states.
Notably, the size of nbin will affect the granularity of
analysis as it is closely related to the density of discrete
states. Following the division of xi into nbin discrete
states, each state Sj is characterized according to the
formula given below:

Sj = R½k� j Rmin + j� 1ð ÞD<R½k�f
\Rmin + jDg, j = 1, 2, . . . , nbin

ð12Þ

D =
max xið Þ �min xið Þ

nbin
ð13Þ

where D represents the width of each interval.
Subsequently, the state sequence S = fS1, S2, . . . , SLg
undergoes empirical frequency statistics to quantify
inter-state transitions. This process generates a
Markov count matrix C 2 R

N3N , formally defined as:

C i, jð Þ=
XL�1

k = 1

I Sk = i ^ Sk + 1 = jð Þ ð14Þ

where I �ð Þ denotes the indicator function. To derive
valid stochastic transitions, C is normalized row-wise
to obtain the Markov Transition Probability Matrix P:

P i, jð Þ=
C i, jð ÞPN

k = 1 C i, kð Þ
, 8i, j 2 f1, 2, . . . ,Ng ð15Þ

P = diag C1ð Þ�1
C ð16Þ

where the transition matrix P i, jð Þ emerges as a crucial
analytical tool, where each element encodes the condi-
tional probability P St + 1 = j j St = ið Þ, effectively charac-
terizing the system’s dynamic evolution patterns.
Under normal operating conditions, these transition
patterns typically manifest as concentrated distribu-
tions along the matrix diagonal, reflecting the natural
tendency for state persistence within predetermined
discrete boundaries. However, the presence of transient
interference introduces distinctive anomalous off-
diagonal transitions, disrupting the coherent evolution
of states. Consequently, the transition matrix P serves
as a powerful discriminative tool for identifying and
precisely localizing transient disturbances through sys-
tematic deviation analysis from expected transition
patterns.

xi½k�=
0, wherePij ø tp

xi½k�, otherwise

�
ð17Þ

To localize transient interference segments, the pre-
set threshold tp is applied to the transition probabilities
Pij. Regions where Pij surpasses tp are flagged as exhi-
biting anomalous state transitions, indicative of transi-
ent noise contamination. These identified regions
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within the originally impaired labeled and unlabeled
datasets (fx imp, labelð Þ

i gN
i = 1, fx

imp, unlabelð Þ
i gM

i = 1) are then
processed by the supporting transient noise removal
module. The module suppresses the interference by set-
ting the corresponding signal samples to zero:

Following the successful denoising process, the
methodology progresses to a crucial transformation
phase where the time-series data undergoes conversion
into the frequency domain through Fast Fourier
Transform (FFT). This transformation yields spectral
representations fi 2 R

d for each sample, establishing
the foundation for subsequent graph topology con-
struction. The topological framework is developed
through the computation of pairwise Euclidean dis-
tances between spectral features, culminating in the
formation of a k-nearest neighbor (KNN) graph
G= V, Eð Þ.

E = i, jð Þ j 2 argtopkk

j
0 2Vnfig

�kfi�f
j
0 k2

� �				
� �

[ i, ið Þji2Vf g
ð18Þ

where the architectural framework culminates in the
formal definition of adjacency relationships, wherein
argtopkk operates as a selective mechanism for identi-
fying indices of the k smallest Euclidean distances, with
explicit inclusion of self-loops i, ið Þ. Within this struc-
ture, nodes V establish correspondence with individual
samples, while edges E facilitate connections between

nodes and their k most spectrally similar neighbors,
including self-referential connections. This sophisti-
cated graph structure, in conjunction with the spectral
node features fi, serves as the foundational input for
the DGAT, which employs an advanced dynamic
attention mechanism as defined in Equation (2). After
obtaining the denoized labeled dataset, the training
process for the teacher model, denoted as f �uT

, is carried
out by employing the specific methodologies outlined
in Equations (5) and (6). These equations provide a
structured framework for guiding the optimization
process, ensuring the model learns effectively from the
refined dataset. The application of such methodical
approaches not only facilitates the reduction of noise-
induced discrepancies in the labeled data but also
enhances the overall robustness and accuracy of the
teacher model.

Pseudo-label generation and ACS
methodology

Initially, the unlabeled interference-free samples,
denoted as fx free�imp, unlabelð Þ

i gM
i = 1, undergo spectral

transformation through FFT. These frequency-domain
representations are subsequently organized according
to the formulation presented in Equation (18), fol-
lowed by classification using the pre-trained teacher
model. The resulting output is then processed through

Figure 3. The proposed SSTGRL-FSA.
SSTGRL-FSA: Semi-Supervised Transfer Graph Representation Learning with Few-Shot Adaptation.
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a SoftMax function, which can be mathematically
expressed as follows.

bc = SoftMax(ft(FFT(x
free�imp, unlabelð Þ

j ))) ð19Þ

The SoftMax transformation serves as a fundamen-
tal component in this framework, facilitating the con-
version of input vectors into normalized probability
distributions. This operation effectively maps each ele-
ment to the interval [0,1] while ensuring that the output
components sum to unity, thereby enabling robust
probabilistic interpretation. The resulting value bc

quantifies classification confidence, representing the
estimated probability of class membership. Of particu-
lar importance is the selection criterion b, a tunable
hyper-parameter that demands meticulous optimiza-

tion. Within our framework, pseudo-labels flpsuej gM
j = 1

demonstrating confidence scores bc ø 0:95 are consid-
ered sufficiently reliable to serve as surrogate ground-
truth annotations. It is noteworthy that the denoized

samples fx free�imp, unlabelð Þ
i gM

i = 1 originate from their noisy

counterparts fx imp, unlabelð Þ
i gM

i = 1 post-interference sup-

pression, necessitating identical labeling assignments

flpsuej gM
j = 1 to maintain data integrity throughout the

noise elimination pipeline.
To ensure the robustness of the training process,

samples with insufficient pseudo-label confidence are
excluded from subsequent training stages through a
threshold evaluation mechanism. This quality control
measure can be mathematically represented by estab-
lishing a threshold b, where the evaluation operation is
formally defined.

X ref = fxi j si ø bg, Lref = fli j si ø bg ð20Þ

where si represents the probability score of the
predicted category for the i-th sample,

X ref = fx imp, unlabelð Þ
i gQ

i = 1 and Lref = flpsue
0

j gQ
j = 1 represent

refined sample set and refined pseudo label set,
respectively.

In parallel with pseudo-label generation, both

interference-contaminated labeled data fx imp, labelð Þ
i gN

i = 1

and their unlabeled counterparts fx imp, unlabelð Þ
i gQ

i = 1

undergo ACS to the [0,1] interval. This crucial prepro-
cessing step establishes uniform data characteristics
essential for analytical consistency. As illustrated in
Figure 4, the signal transformation pipeline reveals dis-
tinct stages: Figure 4(a) showcases raw signals with
transient disturbances, while Figure 4(c) demonstrates
their purified versions following interference excision.

Further analysis of conventional scaling outcomes,
as depicted in Figure 4(b) and (d), reveals confinement
to (0,1) ranges without effective noise suppression. This

limitation becomes particularly problematic when tran-
sient interference dominates, resulting in the compres-
sion of vibration signatures to approximately 0.42,
thereby significantly compromising the extraction of
gear vibration features.

To address these limitations, we introduce ACS, an
innovative approach that constrains vibration ampli-
tudes within ½�Amax,Amax�, where Amax represents a
carefully tunable hyperparameter. The mathematical
framework employs sophisticated clipping functions to
achieve this constraint.

x
0
i½j�= clip xi½j�, � Amax,Amaxð Þ,
where clip z, a, bð Þ=max a, min b, zð Þð Þ: ð21Þ

with specialized initialization:

x
0

i½0�= Amax ð22Þ

x
0

i½1�=� Amax ð23Þ

The implementation spans j 2 f0, 1, . . . , l � 1g, with
l representing the sample length. This formulation
ensures that category-specific vibration features main-
tain proportional scaling post-normalization. As evi-
denced by Figure 4(e) and (f), ACS successfully
contains transient disturbances within the specified
½�Amax,Amax� range while preserving uncontaminated
vibration characteristics.

The limitations of traditional scaling approaches
become particularly apparent when processing noise-
polluted vibration signals, as they often result in incon-
sistent amplitude scaling within categories, thereby hin-
dering accurate feature identification. Our innovative
pre-normalization amplitude bounding approach, imple-
mented through Equations (20)–(23), ensures uniform
feature scaling even for minimally expressed vibrations.

Comprehensive visual validation of this processing
chain is provided in Figure 4, demonstrating the super-
ior capability of our method in retaining distinct char-
acteristic signals. It is worth noting that ACS is
intentionally excluded from the teacher model training
phase, as the transient-free training data inherently
requires no amplitude constraints, and the application
of ACS might potentially compromise critical vibration
signatures.

Student model optimization and domain
adaptation

During the terminal processing phase, the amplitude-
limited normalized signals, formally represented as

Xnor = fX nor
i g

N + Q
i = 1 , are systematically derived through

the integration of both labeled impulse signals

fx imp, labelð Þ
i gN

i = 1 and their unlabeled counterparts
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fx imp, unlabelð Þ
i gQ

i = 1. Subsequently, these signals undergo

FFT processing, whereby they are transformed into a
comprehensive node feature matrix essential for graph
construction. Within this framework, each individual

signal X nor
i 2 R

d manifests as a distinctive feature vec-

tor corresponding to node vi within the established
graph topology.

Following the feature extraction process, the graph
representation G= V, Eð Þ is methodically established
through KNNs association, as rigorously formulated in
Equation (18). This meticulously constructed graph
structure subsequently serves as the primary input to
the Dynamic Graph Attention Network (DGAT). In
this context, the student model fs : R Vj j3d ! R

C oper-
ates within a supervised learning paradigm, wherein the
supervised loss function is specifically defined over the
labeled node subset VL � V. y

cð Þ
k 2 f0, 1g represents the

one-hot encoded ground truth label for node vk and

class c, with y
cð Þ

k = 1 indicating that node vk belongs to
class c and 0 otherwise.

Lsup =� 1

VLj j
X

vk2VL

XC

c = 1

y
cð Þ

k log sc fs X nor
k

� �� �� �
ð24Þ

where sc �ð Þ denotes the softmax activation function for
class c, sc �ð Þ also represents the softmax activation

function for class c defined as sc zð Þ= exp zcð ÞPC

j = 1
exp zjð Þ

, where

z is the vector of logits and C is the total number of

classes, f cð Þ
s X nor

k

� �
= sc fs X nor

k

� �� �
represents the class-

specific probability distribution, VL contains both orig-
inally labeled samples and validated pseudo-labeled
samples and VLj j denotes the cardinality of the labeled
node set.

In accordance with established pseudo-labeling
methodologies, the iterative retraining protocol for the

Figure 4. (a) Original sample containing transient interference; (b) Samples produced via the application of traditional normalization
to the original signal, with amplitude constrained to the [0, 1] range; (c) Processed sample after removal of transient interference
from original signal; (d) Samples generated through traditional normalization applied to signal (c), confined to the [0, 1] amplitude
range; (e) Samples generated by clipping the original signal; (f) Samples produced by amplitude-limited normalization of signal (e).
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student model fs adheres to the formulations presented
in Equations (19)–(24). Throughout this recursive pro-
cess, the optimized student model f �s from each itera-
tion systematically transitions into the role of teacher
model f �t for the subsequent cycle. Although the classi-
fication framework fundamentally relies on this itera-
tively refined student model f �s , our implementation
deliberately employs the non-iterative variant of the
student model for test sample prediction. This strategic
decision is predominantly influenced by two crucial
considerations: firstly, the substantial reduction in
computational complexity, and secondly, the demon-
strated efficacy of our SSTGRL-FSA as evidenced
through comprehensive empirical evaluations.

For a more detailed exposition of the aforemen-
tioned methodology, we present a structured algorith-
mic formulation in Algorithm 1, which encapsulates
the essential computational steps and operational
workflow of our proposed framework.

Experimental results and comparative
analysis

The effectiveness of the proposed methodology was
validated through detailed analyses of two

complementary case studies, shown in Section
‘‘Quantitative evaluation and comparison of diagnostic
results’’, each providing distinct insights into both the
methodology’s performance capabilities and its practi-
cal applications across different scenarios. These
selected studies not only demonstrate the framework’s
operational reliability but also illuminate its versatility
in addressing diverse analytical challenges.

Case study I

Experimental setup and data acquisition protocol

The comprehensive gearbox dataset, obtained through
measurements from an advanced gear system, provides
a representation of various operational states and fault
classifications. The experimental apparatus, illustrated
in Figure 5, comprises several critical components,
including a tachometer, drive motor, torque sensor,
dual-stage parallel gear assembly, loading gear units,
and load motor. The accelerometer’s strategic place-
ment on an isolated disk represents a key design ele-
ment, with its specific mounting configuration
elaborated in the figure’s inset. To ensure the capture
of high-fidelity dynamic behavior, data acquisition was
conducted at a sampling frequency of 12.8 kHz.

Algorithm 1. The proposed algorithm of SSTGRL-FSA.

Require: Labeled data Dl = fx imp, labelð Þ
i , yigN

i = 1; Unlabeled data Du = fx imp, unlabelð Þ
j gM

j = 1

Ensure: Robust student model Ys

Stage 1: Data Preprocessing and Teacher Model Architecture Implementation
1: for each x 2 Dl [Du do
2: Discretize signal: S StateSequence x, nbinð Þ . Equation (11)–(14)
3: Compute Markov matrix: C i, jð Þ  

PL�1
k = 1 I Sk = i ^ Sk + 1 = jð Þ

4: Normalize: P  diag C1ð Þ�1C . Equation (16)
5: Detect noise: TPP k 9 Pij kð Þø tp


 �
6: Denoise: x free�impð Þ  x � I TPPcð Þ . Zero-out TPP regions
7: end for
8: Extract spectral features: fi  FFTðx free�impð Þ

i Þ
9: Build graph: G  KNN�Graph ffig, kð Þ . Equation (18)

10: Train DGAT teacher: Yt  arg minu

PN
i = 1 LCE fu Gð Þ, yið Þ . Equation (5)

Stage 2: Pseudo-Labeling & ACS
11: Predict: bj, ŷj  Softmax(YtðFFTðx free-imp, unlabelð Þ

j ÞÞ . Equation (19)
12: Filter: X ref  fx imp, unlabelð Þ

j j bj ø 0:95g, Lref  fŷj j bj ø 0:95g . Equation (20)
13: Apply ACS:
14: for each x 2 Dl [X ref do
15: x

0 ½0�  Amax, x
0
1½ �  �Amax . Equations (22)–(23)

16: x
0 ½j�  clip x½j�, � Amax, Amaxð Þ 8j ø 2 . Equation (21)

17: xnor  Normalize x
0
, ½0, 1�

� �
. Figure 4(f)

18: end for
Stage 3: Student Model Optimization and Domain Adaptation

19: Extract features: f nor
k  FFT xnor

k

� �
20: Build graph: G0  KNN-Graph ff nor

k g, k
� �

21: Define node sets: VL  flabeledg[ fpseudo-labeledg
22: Train DGAT student: Ys  arg minf

1
VLj j
P

vk2VL
LCEðffðG

0 Þ, ykÞ . Equations (10) and (24)

SSTGRL-FSA: Semi-Supervised Transfer Graph Representation Learning with Few-Shot Adaptation.
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Furthermore, the operational parameters encompass
rotational velocities ranging from 1600 to 2400 r/min,
thereby facilitating a systematic investigation across
multiple working regimes. In addition to normal
operational conditions, the dataset incorporates five
distinct gear defect categories, as demonstrated in
Figure 6: missing tooth (complete absence), chipped
tooth (partial fracture), root damage (fundamental
structural failure), surface deterioration (degradation
of contact surfaces), and eccentricity (misalignment
between geometric and rotational centers).

The intricate gear engagement relationships are
depicted in Figure 7(a), whereas Figure 7(b) elucidates
the parallel gearbox’s internal configuration, wherein
dashed borders distinctly indicate the presence of defec-
tive components. To facilitate comprehensive fault analy-
sis, vibration measurements were systematically acquired
along the accelerometer’s x-axis during steady-state oper-
ation at 1600 rpm. Each operational condition, including
the baseline healthy state, comprises 768,000 data points
collected over continuous 60-s intervals. Consequently,
this extensive data repository serves as a robust founda-
tion for the development and validation of diagnostic
algorithms, thereby enabling systematic investigation
of diverse operational scenarios and fault modes under
controlled laboratory conditions.

The experimental methodology encompasses the
construction and thorough validation of a comprehen-
sive dataset. Specifically, the training set incorporates
300 samples per health state, culminating in 1800 sam-
ples across six distinct health conditions, with each
sample containing inherent transient noise. During the
training phase, the dataset undergoes systematic parti-
tioning into labeled and unlabeled samples according
to various predetermined ratios, with ten nodes allo-
cated for validation purposes. In the subsequent per-
formance evaluation phase, 450 independent samples,
entirely distinct from the training dataset, are utilized,
comprising 75 samples per health state, with each sam-
ple containing 2048 nodes. The detailed architectural
specifications of the implemented DGAT model are
comprehensively documented in Table 1.

In order to ensure the rigor and reproducibility of
statistics, a comprehensive experimental plan was
implemented, including eight repeated trials of all
methodological methods. The architecture configura-
tion and hyperparameter specifications of all GNNs
are standardized for fair comparison. The training
program consists of two different stages: the teacher
model training stage involves 200 iterations, followed
by the fine-tuning stage, which continues for another
200 iterations, both utilizing the Adam optimization

Figure 5. Experimental test rig of gear transmission system.
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Figure 6. (a) Miss (missing tooth), (b) Chipped (cracked teeth), (c) Surface (wear on gear surface), (d) Root (crack at tooth root),
(e) Eccentric (misaligned geometric and rotational centers).

Figure 7. (a) and (b) are internal configuration of parallel gearbox system.

Table 1. Structure of the DGAT model.

Layer Input channels Output channels Parameters

GATv2Conv1 feature 1024 heads = 4
Linear1 1024 1024 —
BatchNorm1 1024 1024 —
GATv2Conv2 1024 1024 heads = 4
Linear2 1024 1024 —
BatchNorm2 1024 1024 —
Fully Connected Layer (FCL) 1 1024 512 Act: ReLU, inplace = True
Dropout1 512 512 p = 0:2
FCL2 512 out_channel —

DGAT: Dynamic Graph Attention Network.
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algorithm. The learning rate was initialized to 0.01 and
then modulated through a gradual decay plan, result-
ing in a decrease of 0.1 times in both the 100th and
150th iterations. In addition, the neighborhood depth
parameter k is determined to be 3, the threshold of the
Markov probability transition matrix tp is set to 10%,
the label threshold beta is set to 0.95, and the ampli-
tude limit value Amax is set to 1 according to the data
characteristics. For validation purposes, the test data-
set was constructed by randomly selecting instances
from each category, ensuring complete independence
from the training corpus.

Quantitative evaluation and comparison of diagnostic
results

To evaluate the effectiveness of the proposed
SSTGRL-FSA, an extensive and comprehensive com-
parative experiment was designed and conducted,
encompassing both conventional approaches and state-
of-the-art diagnostic methodologies. Within this robust
experimental framework, the comparative methods
encompass well-established traditional approaches,
including HyperFast,45 which has been specifically
optimized for rapid tabular data classification, and
TabPFN,46 which innovatively leverages causal infer-
ence mechanisms for prior data fitting. Additionally,
advanced GNNs were represented through the inclu-
sion of the DGAT47 and the graph sample and aggre-
gate (GraphSAGE)48 methodologies. Meanwhile, a
graph comparison learning framework based on graph
representation learning and component space graph
(GRL-CSG) was also introduced,49 as well as one bear-
ing fault diagnosis method using semi-supervised meta
learning and simplified graph convolutional neural net-
works (Meta-SGC).50 Moreover, the temporal dimen-
sion was addressed through the incorporation of two

contemporary time series classification models, namely
the causal dilated convolution-based residual
DenseNet with channel attention (CARDenseNet)51

and the adaptive symmetric loss in dynamic wide-
kernel residual network (AS-DWResNet).52

The experimental protocol was carefully designed to
evaluate model performance across varying data avail-
ability scenarios, wherein all methodologies were sub-
jected to training regimens utilizing few-shot labeled
samples at three distinct labeling ratios: 1%, 5%, and
10%, respectively. Subsequently, the trained models
were rigorously validated against a comprehensive test
set comprising 450 samples, ensuring robust perfor-
mance evaluation. It is noteworthy that, within this
experimental framework, the semi-supervised GNNs
were permitted to leverage additional unlabeled sam-
ples from the training set to enhance their learning cap-
abilities. The resultant performance analysis reveals
compelling and statistically significant trends across
multiple evaluation metrics, as illustrated in both
Table 2 and Figure 8, which present the classification
accuracy results obtained under varying labeled sample
rates per health state category. For enhanced clarity
and interpretation, values demonstrating superior per-
formance metrics across different methodological
approaches under specific experimental conditions are
prominently highlighted in bold. While Table 2 pro-
vides precise numerical data accompanied by corre-
sponding standard deviations, these statistical
variations are visually represented through error bars
in Figure 8, thereby offering complementary perspec-
tives on model performance stability and reliability.
Furthermore, to facilitate a more nuanced and
comprehensive assessment of the model’s diagnostic
capabilities, Table 3 presents an extensive evaluation
framework incorporating multiple performance indica-
tors, including Precision, Recall, F1 score metrics, and
computational efficiency metrics, specifically focusing

Table 2. Comparative analysis of classification accuracy for case study I.

Rate of labeled samples

Model 1% 5% 10%

HyperFast 59.56 6 5.46 90.52 6 2.47 93.55 6 3.01
TabPFN 56.67 6 2.52 89.78 6 2.40 91.63 6 1.81
GRL-CSG 65.56 6 4.44 93.33 6 1.98 95.47 6 1.12
Meta-SGC 58.44 6 3.81 90.77 6 2.11 92.13 6 3.24
DGAT 52.67 6 10.24 86.67 6 3.36 92.67 6 2.91
GraphSAGE 62.44 6 7.89 86.22 6 7.07 54.89 6 6.21
CARDensenet 53.78 6 8.32 88.67 6 3.11 89.56 6 3.46
AS-DWResnet 54.89 6 6.21 87.11 6 2.86 92.89 6 2.91
Ours 83.71 6 4.21 95.78 6 1.56 97.41 6 0.84

GRL-CSG: Graph representation learning and component space graph; DGAT: Dynamic Graph Attention Network; Meta-SGC: Meta Learning and

Simplified Graph Convolutional.
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on scenarios where 10% labeled samples per health
state were utilized during the training phase. The ana-
lytical framework is further enhanced through the
inclusion of Figure 9, which demonstrates T-SNE
dimensionality reduction visualization, and Figure 10,
which presents detailed confusion matrix analysis.

A detailed examination of the efficiency metrics pre-
sented in Table 3 reveals that SSTGRL-FSA, while
incurring moderate runtime increases attributable to its
sophisticated two-stage knowledge distillation process,
demonstrates a highly favorable performance-to-
efficiency ratio. The comprehensive temporal analysis
indicates that the proposed methodology SSTGRL-
FSA requires 13.02 s for execution—representing an
increase of 5.54 s compared to the fastest benchmark

TabPFN, and an elevation of 4.56 s relative to
HyperFast. However, this additional computational
investment yields disproportionate performance divi-
dends, as evidenced by substantial improvements
across key performance metrics. These improvements
include a remarkable 3.01% absolute precision
enhancement over HyperFast, a significant 3.97%
recall improvement, and a notable 3.82% F1-score ele-
vation. Furthermore, when considering the temporal-
cost-to-performance-gain ratio—achieving a 3.82% F1
score improvement at the expense of 4.56 s of
additional processing time compared to the nearest
high-performing alternative—the methodology demon-
strates compelling practical viability in industrial
diagnostic applications where diagnostic accuracy is

Figure 8. Evaluation of classification accuracy (%) across various model architectures in case study I, where experiments were
conducted using 1%, 5%, and 10% labeled training samples per fault category.
Error bars represent the standard deviation based on n = 8 independent trials.

Table 3. Comparative analysis results of key metrics (%) and total running times for case study I.

10% labeled samples

Method Precision Recall F1 score Time (s)

HyperFast 94.60 6 2.04 93.12 6 3.01 93.60 6 2.98 8.46
TabPFN 93.23 6 1.46 91.87 6 1.81 91.25 6 2.02 7.48
GRL-CSG 93.51 6 1.70 91.99 6 2.61 92.51 6 2.61 10.32
Meta-SGC 90.76 6 3.05 89.09 6 2.05 89.87 6 3.22 9.98
DGAT 93.36 6 1.51 92.49 6 1.34 92.96 6 1.38 11.14
GraphSAGE 93.51 6 1.70 90.51 6 3.12 90.99 6 2.86 9.68
CARDensenet 91.56 6 1.01 90.22 6 1.41 90.84 6 1.36 8.52
AS-DWResnet 92.75 6 1.32 91.79 6 1.77 91.48 6 1.74 9.29
Ours 97.61 6 0.68 97.09 6 0.69 97.42 6 0.82 13.02

GRL-CSG: Graph representation learning and component space graph; DGAT: Dynamic graph attention network; Meta-SGC: Meta learning and

simplified graph convolutional.
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Figure 9. The T-Distributed Stochastic Neighbor Embedding (T-SNE) visualization of feature distributions for various methods in
case study I: (a), (b), (c) represent models trained with 1%, 5% and 10% labeled samples per class, respectively.

Figure 10. Comparative analysis of confusion matrices for selected methods in case study I (5% labeled samples per class):
(a) HyperFast, (b) GRL-CSG, (c) DGAT, (d) GraphSAGE, (e) CARDensenet, (f) AS-DWResnet, (g) Ours.
GRL-CSG: Graph representation learning and component space graph; DGAT: Dynamic Graph Attention Network.
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paramount. This trade-off becomes particularly justi-
fied in safety-critical gearbox monitoring systems,
where marginal increases in computational latency are
vastly outweighed by the substantial reduction in false
negatives and false positives that could otherwise lead
to catastrophic equipment failures or unnecessary
maintenance interventions.

Throughout the experimental evaluation, the pro-
posed model consistently demonstrates exceptional per-
formance across all labeled sample ratios, achieving
remarkable accuracy rates that significantly surpass
existing benchmarks. Specifically, the model attains
accuracy rates of 83.71%, 95.78%, and 97.41% under
conditions of 1%, 5%, and 10% labeled samples,
respectively. Although contemporary approaches such
as HyperFast and TabPFN exhibit gradual perfor-
mance improvements with increased sample availabil-
ity, their performance remains substantially inferior
under few-shot conditions. At the critical 1% sample
ratio, SSTGRL-FSA achieves a commanding 18.15%
absolute advantage over the nearest competitor, GRL-
CSG, which achieves 65.56% accuracy. Moreover, the
systematic pattern of performance gaps across increas-
ing sample sizes—from 18.15% at 1% to 2.45% at 5%,
and further narrowing to 1.94% at 10%—further
underscores SSTGRL-FSA’s unique efficiency in
extracting maximum value from minimal supervisory
signals. The consistent outperformance over specialized
graph-based methods like GRL-CSG and Meta-SGC
particularly validates our innovative integration of
Markov denoising, ACS, and dual-graph adaptive
transfer mechanisms in addressing the fundamental
challenges of few-shot fault diagnosis. The sophisticated
T-SNE dimensionality reduction analysis, as visualized
in Figure 9, provides additional evidence of SSTGRL-
FSA’s enhanced feature discrimination capabilities,
demonstrating superior separability across all opera-
tional states while maintaining robust cluster cohesion
within each state category—a visual confirmation of the
quantitative performance advantages reflected in our
metric evaluations.

The detailed confusion matrix visualization pre-
sented in Figure 10 provides a comprehensive analysis
of classification performance across 6 distinct health
states, with each state represented by 75 test samples.
Within this analytical framework, the horizontal coor-
dinate represents the predicted label, while the vertical
coordinate corresponds to the true label, thereby
enabling precise evaluation of classification accuracy
and error patterns. The results definitively demonstrate
the superior diagnostic capabilities of our proposed
approach, while specifically validating the effectiveness
of two distinct noise cancellation techniques in
enhancing fault diagnosis under extremely low labeling
rates.

Case study II

Experimental apparatus and data acquisition
protocol

The experimental dataset focusing on fixed-shaft gear-

box dynamics53 was collected at the University of

Alberta’s mechanical testing facility in Edmonton,

Alberta. The test apparatus, illustrated in Figure 11,

comprises an intricate power transmission system con-

sisting of multiple interconnected components: a pri-

mary drive motor, a precision-engineered bevel

gearbox, dual-stage planetary gearbox assemblies (first

and second stage), accompanied by two speed-up

fixed-shaft gearboxes in sequence, and culminating in a

driven motor. The entire system’s rotational velocity

was precisely regulated through a variable frequency

drive, with particular emphasis on the second speed-up

gearbox (distinctly highlighted within a rectangular

demarcation). This focal gearbox employs a three-shaft

configuration, incorporating an input shaft, an inter-

mediate (middle) shaft, and an output shaft, as detailed

in Figure 12. The experimental setup was augmented

with a strategic sensor array, including four high-

precision accelerometers for vibration data acquisition,

with three sensors positioned on the middle shaft’s

bearing housing to capture horizontal, vertical, and

gear meshing dynamics, while the fourth was mounted

atop the gearbox cover. Additionally, an encoder inter-

faced with the load motor shaft enabled accurate speed

monitoring, with the output shaft’s velocity synchro-

nized to the motor speed through a coupling mechan-

ism, thereby facilitating the calculation of the middle

shaft’s rotational velocity based on the established

transmission ratio.
The experimental protocol encompassed a compre-

hensive investigation of five distinct operational sce-
narios, systematically examining both optimal
functionality and progressive deterioration states char-
acterized by varying severities of tooth root cracks, as
documented in Figure 13. Data acquisition in Figure
14 was conducted under strictly controlled laboratory
conditions. Horizontal vibration measurements were
recorded at a high-fidelity sampling rate of 24 kHz
during steady-state operation at a controlled input fre-
quency of 20 Hz. This methodologically rigorous
framework facilitated the development of case study
II’s dataset, which encompasses 200 unique samples
for each identified health state and transient noise
condition. Given the 5 discrete health states under
investigation, the aggregate dataset comprises 1000
comprehensive samples, with each sample containing
2048 discrete data points to ensure statistical robust-
ness and reliability. Furthermore, during the analytical
phase, both labeled and unlabeled samples were
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Figure 11. Experimental gearbox test rig configuration at the University of Alberta Reliability Laboratory.53

Figure 12. Cross-sectional schematic of the fixed-shaft gearbox with sensor placements.

Figure 13. Sequential progression of gear tooth root crack severity, panels (a) through (e).
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systematically distributed according to varying
proportions, with 10 nodes specifically allocated for
validation purposes. The parametric configurations
for additional critical model variables maintained con-
sistency with those established in case study I, ensuring
methodological continuity and comparative validity.

Comparative analysis of diagnostic performance
metrics

Building upon the analytical framework established
in case study I, this section presents an exhaustive
evaluation of the proposed methodology through a
rigorous comparative analysis with well-established
diagnostic techniques, namely HyperFast, TabPFN,
DGAT, GRL-CSG, Meta-SGC, GraphSAGE,

CARDensenet, and AS-DWResnet. In order to facili-
tate a comprehensive understanding, the comparative
diagnostic accuracy results for the dataset in case study
II have been illustrated and presented in Table 4,
whereas supplementary performance metrics are exten-
sively detailed in Table 5. Moreover, to ensure statisti-
cal transparency, the standard deviation values
presented in Table 4 are visually represented through
error bars in Figure 15, wherein 10% and 15% specifi-
cally denote the proportions of labeled samples utilized
for each fault type during the teacher model training
phase. Additionally, to enhance the interpretability of
our findings, we conducted sophisticated visualization
analyses through T-SNE dimensionality reduction
techniques, as meticulously illustrated in Figure 16,
which are further complemented by comprehensive
receiver operating characteristic (ROC) curve analyses
presented in Figure 17.

The comparative analysis conducted in case study II
encompasses an extensive examination of methodologi-
cal performance across multiple critical metrics, includ-
ing precision, recall, and F1 score, as comprehensively
documented in Table 5. Notably, the proposed
methodology demonstrates substantial and consistent
performance advantages over existing state-of-the-art
methods. Specifically, when utilizing 10% labeled sam-
ples, SSTGRL-FSA achieved an exceptional precision
of 96.98%, which significantly surpasses not only
HyperFast’s 93.64% and DGAT’s 93.06%, but also the
graph-based GRL-CSG’s 90.09% and meta-learning
approach Meta-SGC’s 91.56%. In terms of recall
performance, our approach demonstrated remarkable
effectiveness by attaining 96.82%, considerably exceed-
ing both HyperFast’s 92.25% and the strongest graph-
based competitor GRL-CSG’s 89.05%. Furthermore,

Figure 14. Architecture of the data acquisition system.

Table 4. Comparative analysis of classification accuracy (%) for
case study II.

Rate of labeled samples

Model 10% 15%

HyperFast 92.98 6 0.56 94.41 6 0.46
TabPFN 80.00 6 4.49 83.73 6 2.08
GRL-CSG 86.13 6 1.07 91.73 6 1.27
Meta-SGC 92.27 6 1.64 92.53 6 2.88
DGAT 92.00 6 0.27 92.62 6 1.47
GraphSAGE 91.64 6 1.89 93.07 6 0.30
CARDensenet 92.27 6 1.32 93.87 6 1.55
AS-DWResnet 89.60 6 0.98 90.93 6 2.07
Ours 96.85 6 0.96 97.42 6 1.20

GRL-CSG: Graph representation learning and component space graph;

DGAT: Dynamic Graph Attention Network; Meta-SGC: Meta learning

and simplified graph convolutional.
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Figure 15. Evaluation of classification accuracy (%) across various model architectures in case study II, where experiments were
conducted using 10% and 15% labeled training samples per fault category.
Error bars represent the standard deviation based on n = 8 independent trials.

Figure 16. The T-Distributed Stochastic Neighbor Embedding (T-SNE) visualization of feature distributions for various methods in
case study II: (a), (b) represent models trained with 10% and 15% labeled samples per class, respectively.
Fault categories 0;4 correspond to root cracks of varying severity, respectively.

Table 5. Comparative analysis results of key metrics (%) and total running times for case study II.

10% labeled samples

Method Precision Recall F1 score Time (s)

HyperFast 93.64 6 0.51 92.25 6 0.73 93.11 6 0.55 7.68
TabPFN 82.33 6 3.59 81.02 6 4.49 79.76 6 4.67 7.11
GRL-CSG 90.09 6 2.05 89.05 6 2.31 91.04 6 1.05 9.23
Meta-SGC 91.56 6 3.11 90.03 6 2.47 90.09 6 1.88 7.95
DGAT 93.06 6 0.26 92.06 6 0.43 92.19 6 0.27 8.13
GraphSAGE 92.11 6 1.74 91.76 6 1.93 91.59 6 2.02 8.27
CARDensenet 93.51 6 1.37 92.21 6 1.46 92.03 6 0.89 9.21
AS-DWResnet 90.31 6 1.55 89.66 6 1.01 89.48 6 0.61 8.92
Ours 96.98 6 0.85 96.82 6 0.87 96.81 6 0.96 11.02

GRL-CSG: Graph representation learning and component space graph; DGAT: Dynamic Graph Attention Network; Meta-SGC: Meta learning and

simplified graph convolutional.
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the achieved F1 score of 96.81% substantiates the super-
ior performance of our methodology when compared to
all benchmarks, with absolute improvements of 3.70%
over HyperFast, 4.62% over GRL-CSG, and 6.72%
over Meta-SGC.

Although SSTGRL-FSA necessitates increased
computational resources, requiring 11.02 s for execu-
tion, this computational overhead is justified by the
framework’s sophisticated hierarchical architecture,
which systematically integrates multi-scale feature
extraction with advanced attention mechanisms to
optimize discriminative representations. The temporal-
cost-to-performance-gain ratio proves particularly
favorable when compared to graph-based methods:
achieving a 4.62% F1 score improvement over GRL-
CSG at the cost of only 1.79 s (19.4%) additional
processing time. This efficiency-performance profile
presents a compelling trade-off in industrial diagnostic
applications where predictive accuracy directly impacts
maintenance decisions and operational safety. The
substantial performance margins over specialized
graph-based methods like GRL-CSG and Meta-SGC
particularly validate our innovative dual-graph adap-
tive transfer mechanism’s effectiveness in capturing
complex fault propagation patterns across heteroge-
neous wind turbine components.

When examining performance at the 10% labeled
sample ratio, our methodology achieves a commanding
accuracy of 96:85%, representing a substantial 3:87%
absolute advantage over the nearest competitor,
HyperFast (92:98%), and a remarkable 10:72% super-
iority over the graph-based approach GRL-CSG
(86:13%). Furthermore, as the proportion of labeled

samples increases to 15%, SSTGRL-FSA maintains its
dominant position with an impressive 97:42% accu-
racy. While our method’s absolute accuracy increase
from 10% to 15% labeled data is modest at 0:57%,
this characteristic actually demonstrates SSTGRL-
FSA’s exceptional data efficiency—achieving near-
optimal performance even with extremely limited
supervision. Notably, our framework maintains signifi-
cant performance advantages across all conditions,
with a consistent 4:35% lead over GRL-CSG even at
the higher 15% labeling rate.

The comprehensive visual analysis of diagnostic per-
formance through T-SNE dimensionality reduction, as
meticulously illustrated in Figure 16, definitively
demonstrates that features extracted through the pro-
posed methodology exhibit markedly superior class
separation and discriminative characteristics when
compared to alternative approaches. Furthermore, the
detailed ROC curve analysis presented in Figure 17
provides an exhaustive evaluation of diagnostic perfor-
mance across all methodologies under consideration.
While area under the curve (AUC) values theoretically
range from 0.5 (indicating random classification) to 1.0
(perfect discrimination), with higher values signifying
superior diagnostic capability, our proposed methodol-
ogy demonstrates optimal performance across all eva-
luation criteria. This is evidenced by all four ROC
curves exhibiting two crucial characteristics: firstly,
maximal proximity to the ideal upper-left corner rela-
tive to all comparative methods, and secondly, consis-
tently superior AUC scores across all test conditions.
This dual evidence provides robust and comprehensive
validation of both the methodological advancement

Figure 17. The ROC curves for comparative methods using 10% labeled samples per class in case study II: (a) HyperFast,
(b) GRL-CSG, (c) DGAT, (d) GraphSAGE, (e) CARDensenet, (f) AS-DWResnet, (g) Ours.
Fault categories 0;4 correspond to root cracks of varying severity.

ROC: Receiver operating characteristic; GRL-CSG: Graph representation learning and component space graph; DGAT: Dynamic Graph Attention

Network.
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and operational effectiveness of our proposed
approach in real-world diagnostic scenarios.

Ablation study

To rigorously quantify the contribution of each com-
ponent in our SSTGRL-FSA framework, we con-
ducted a comprehensive ablation study across varying
label availability scenarios (1%, 5%, and 10% labeled
samples). Table 6 presents the systematic evaluation of
our framework’s key innovations: (1) the Markov and
ACS denoising module, and (2) the SSL components,
including pseudo-label enhancement and label match-
ing strategy.

The results reveal critical insights into the functional
necessity of each component. Starting with the Markov
module variants, the complete removal of this module
(w/o Full Markov module) achieves only 65.32% accu-
racy with 1% labeled data, representing a mere 1.81%
improvement over the baseline. This minimal gain con-
firms that without proper noise handling, the frame-
work cannot effectively leverage limited labeled data.
However, when either the Markov transition matrix or
ACS is preserved, performance increases substantially to
76.48% and 77.44% respectively, demonstrating their
complementary roles in noise suppression. Their com-
bined effect is particularly pronounced in low-label scenar-
ios, where they collectively contribute 13.97% accuracy
improvement over the baseline at 1% label ratio.

The SSL components demonstrate equally signifi-
cant contributions. Removing the pseudo-label
enhancement mechanism reduces accuracy to 67.18%
(1% labels), only 3.67% above baseline and 15.56%
below the complete framework. This dramatic degra-
dation highlights its critical role in preventing error
propagation when learning from few labeled samples.
Similarly, eliminating the label matching strategy yields
70.52% accuracy, confirming its 7.01% contribution to
cross-domain knowledge transfer and its 12.22%
importance to the full framework’s performance.

The synergistic integration of all components pro-
duces multiplicative benefits that exceed individual con-
tributions. With only 1% labeled data, the complete
SSTGRL-FSA framework achieves 82.74% accu-
racy—19.23% higher than baseline and 5.30%–15.56%
better than any single-component removal variant.
This performance advantage becomes even more pro-
nounced with increased label availability, reaching
97.52% at 10% label ratio. Notably, the performance
gap between the full framework and component-
removal variants widens as label ratio increases from
1% to 10%, confirming that our integrated approach
not only enables FSL but also maximizes the utility of
available labeled data.

These findings provide empirical validation for our
theoretical framework: effective gearbox fault diagno-
sis under transient noise requires coordinated signal
denoising (Markov module), feature stabilization
(ACS), and efficient label utilization (pseudo-label
enhancement and label matching). The systematic per-
formance degradation observed when removing any
component—ranging from 5.30% to 15.56% at 1%
label ratio—demonstrates that SSTGRL-FSA’s effec-
tiveness stems from the carefully integrated combina-
tion of theoretically grounded mechanisms rather than
any isolated technique. This comprehensive analysis
establishes both the necessity of each component and
their synergistic interaction, addressing a critical
requirement for practical deployment where labeled
fault data remains inherently scarce.

In-depth analysis of SSTGRL-FSA
performance and optimization strategies

Empirical investigation of neighborhood parameter
dynamics and their impact on classification
performance

In graph-based analysis, selecting the optimal neigh-
borhood parameters is a crucial consideration factor

Table 6. Ablation study on component contributions across different label ratios (%).

Model variant 1% labels 5% labels 10% labels

Full SSTGRL-FSA (all components) 82.74 94.48 97.52
Markov and ACS module variants

w/o Markov transition matrix 76.48 90.84 94.11
w/o ACS 77.44 91.26 93.07
w/o Full Markov module 65.32 75.04 84.04

Semi-supervised learning variants
w/o Pseudo-label enhancement 67.18 80.36 88.75
w/o Label matching strategy 70.52 85.24 91.33

Baseline (DGAT + basic pseudo-labeling) 63.51 73.76 82.59

DGAT: Dynamic graph attention network; ACS: Amplitude-constrained scaling; SSTGRL-FSA: Semi-Supervised Transfer Graph Representation

Learning with Few-Shot Adaptation.
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that requires systematic empirical research. Figure
18(a) shows the diagnostic performance indicators of
the proposed method under different k-value config-
urations. The experimental results indicate that the
selection of neighborhood parameters has a significant
impact on the diagnostic performance.

As shown in Figure 18, in case study I, the model
achieved optimal performance at k = 3, with a classifi-
cation accuracy of 96.81%; In case study II, the subop-
timal result occurred at k = 3, with an accuracy of
92.36%. A noteworthy phenomenon is the relationship
between changes in k values and diagnostic accuracy:
as k values increase, classification accuracy exhibits a
unique oscillating downward trend. This phenomenon
is mainly attributed to the inherent limitations in FSL
scenarios, where larger k values may unintentionally
increase the probability of establishing edge connec-
tions between samples belonging to different class
labels, thereby potentially weakening the model’s dis-
criminative ability.

Optimization and analysis of confidence threshold

The selection of an optimal confidence threshold when
generating pseudo-labels using a teacher model is cru-
cial for ensuring the reliability and accuracy of the
labels assigned to unlabeled data. In our experiment,
we meticulously explored how varying this threshold
impacts diagnostic accuracy across two distinct case
studies as shown in Figure 18(b). Our findings reveal
that the choice of threshold significantly influences the
performance outcomes, with a clear peak in accuracy
observed at a threshold value of 0.95.

In case study I, the diagnostic accuracy ascended
steadily as the threshold increased, reaching its apex at
95.04% when the threshold was set to 0.95. This trend
indicates that, within this specific context, setting a rel-
atively high threshold helps in filtering out less

confident predictions, thereby enhancing overall accu-
racy. However, continuing to raise the threshold
beyond this point resulted in a slight decline in accu-
racy, suggesting that overly stringent criteria may lead
to the exclusion of potentially correct labels. Similarly,
in case study II, the highest diagnostic accuracy of
93.88% was achieved at the same threshold level of
0.95. This consistency across both cases underscores
the importance of fine-tuning the threshold to optimize
model performance. It also highlights a delicate balance
between precision and recall; while a higher threshold
improves the quality of pseudo-labels by increasing the
confidence required for their acceptance, it simultane-
ously risks reducing the quantity of usable data.

Robustness analysis under various noise conditions

To thoroughly assess signal processing resilience, the
research introduced multiple intensities of Gaussian
noise with signal-to-noise ratios (SNRs) of 0 dB, 5 dB,
and 10 dB into the case study II dataset. These noise
intensities were determined using the conventional

SNR equation: SNR(dB) = 10 log10
Psignal

Pnoise

� �
, where Pnoise

indicates noise power and Psignal represents signal

power.
As shown in Table 7, the experimental results reveal

that the proposed approach preserves stable perfor-
mance when SNR values are above 5 dB, yet experi-
ences significant performance reduction at 0 dB SNR.
This decline in performance stems primarily from the
graph structure’s essential dependence on similarity
relationships between samples; particularly, substantial
noise injection can significantly reduce these similarity
relationships, even between samples with the same class
labels, thus undermining the reliability of the sample
connectivity network and ultimately deteriorating the
overall graph quality.

Figure 18. Comprehensive performance analysis: (a) Classification accuracy across varying neighborhood parameters (k-value).
(b) Performance metrics under different thresholds of pseudo-label.
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Conclusion

The SSTGRL-FSA framework represents an advance-
ment in gearbox fault diagnosis by effectively addres-
sing two critical challenges: data scarcity and transient
noise interference. Through its innovative three-
component architecture, the framework demonstrates
superior diagnostic capabilities compared to conven-
tional methods. The pseudo-label reliability enhance-
ment mechanism ensures robust fault classification
even with limited labeled data, while the advanced
label transmission strategy effectively bridges the gap
between different operational domains. The integration
of the Markov state probability transition matrix fur-
ther strengthens the framework’s ability to maintain
stable feature representations under noise conditions.

The framework’s robust performance under challen-
ging operational conditions makes SSTGRL-FSA a
practical solution for industrial applications, poten-
tially improving maintenance efficiency, reducing
downtime, and enhancing overall system reliability.
The successful implementation of this framework could
lead to significant cost savings in industrial mainte-
nance programs and improved safety standards across
various sectors utilizing planetary gearboxes. Future
research directions could include extending this frame-
work to other mechanical systems, exploring real-time
implementation strategies for dynamic industrial envir-
onments, and investigating the potential integration
with emerging technologies such as edge computing
and Industrial Internet of Things (IIoT) platforms.
Additionally, the framework’s adaptability suggests
promising applications in related fields requiring robust
fault diagnosis under similar challenging conditions.
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