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Abstract
Mechanical wear occurs during the operating cycle of all types of complexmachinery. In this paper, the spectral, ferro-spectral,
physical, and chemical analyses, along with onboard particle counting characteristics under laboratory conditions, are taken as
small sample datasets. Wasserstein Generative Adversarial Network is used as the regeneration algorithm model for raw data,
and the composite datasetwith richer semantic information is used as input. A one-dimensional representation of the composite
data is transformed into a two-dimensional image containing richer static information using the Markov Transfer Field
transformation concept. The Mixture of Experts based meritocracy architecture selects different expert systems for various
features in the dataset by categorizing the expert systems according to combinatorial principles and setting corresponding
weight assignments. ConvNeXt, Bidirectional Transformer (BiTransformer), and Bidirectional Long Short-TermMemory are
then employed to capture the image features and perform fault diagnosis on the composite one-dimensional mechanical wear
data, respectively. An attention mechanism is added to optimize the algorithm globally, weighting the feature information
across multiple dimensions to ensure the reliability and completeness of the results. The final results show that the accuracy
of fault diagnosis exceeds 95%, demonstrating ideal performance.
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Introduction

Mechanical wear in complex equipment has long been a
critical challenge across various engineering domains, from
early hydraulic drive systems to modern multi-electrical
distributed equipment. As equipment ages and undergoes
extended service cycles,wear-related failures become increas-
ingly prevalent, affecting components such as bearings,
gears, and accessory systems (e.g., oil supply, ventilation,
and return mechanisms). These failures not only degrade
performance but also pose significant threats to overall sys-
tem integrity and safety [1–4]. Therefore, accurate detection
and diagnosis of mechanical wear have become essential for
ensuring operational reliability.

Traditional diagnostic approaches rely on signal acqui-
sition, wear image storage, and experimental calibration to
identifywear patterns. In recent years, oil analysis techniques
have emerged as an effective and non-intrusive method for
assessing mechanical wear in complex machinery [5, 6].
These include ferrographic analysis, spectroscopy, physic-
ochemical measurements, and particle counting, which col-
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lectively extract features closely related towearmechanisms.
These methods, particularly when applied under controlled
laboratory conditions, enable the construction of feature-rich
datasets for failure mode classification.

With the advent of big data and artificial intelligence,
fault diagnosis is undergoing a transformative shift from
traditional model-based methods to data-driven approaches
[7–10]. Compared to physical modeling, data-driven meth-
ods eliminate the need for detailed a prior knowledge and
can better handle the nonlinearities and complexities inher-
ent in real-world systems [11, 12]. These techniques leverage
large volumesof operational and experimental data to explore
latent relationships between high-dimensional feature sets
and failure modes, thereby enhancing both diagnostic accu-
racy and interpretability.

The evolution ofmechanical wear fault diagnosismethods
has undergone a significant leap from traditional meth-
ods to artificial intelligence and then to multimodal fusion
technology: early traditional methods (before the 2000s) pri-
marily relied on signal processing techniques (such asFourier
transforms and wavelet analysis) and expert-based rules,
which could detect obvious faults but were limited by the
singleness of feature extraction and the subjectivity of man-
ually set thresholds [13]; With the rise of machine learning
(2010s), shallow models such as SVM and random forests
achieved higher accuracy by utilizing statistical features
(time domain, frequency domain), but still faced challenges
such as complex feature engineering and insufficient general-
ization capabilities; The deep learning revolution (after 2015)
used end-to-endmodels such as CNN and LSTM to automat-
ically extract multi-scale features, achieving breakthroughs
in typical fault diagnosis of bearings and gears. However,
single-modal data (such as vibration signals alone) strug-
gled to comprehensively characterize complex wear states;
In recent years, multi-modal fusion methods (post-2020s)
have becomemainstream, integrating multi-source data such
as ferrography analysis [14], spectral detection, and physical
and chemical parameters, combined with attention mecha-
nisms andmeta-learning to dynamicallyweight features from
different modalities. This marks a new intelligent phase in
fault diagnosis, transitioning from ’single-signal threshold-
based decision-making’ to ’multi-physics field collaborative
decision-making’.

With the emergence of data fusion concepts, multimodal
data fusion has played a pivotal role in fault diagnosis algo-
rithm research. By integrating heterogeneous data from dif-
ferent sensors, it significantly enhances diagnostic accuracy
and robustness. Traditional single-modal methods are prone
to data limitations and noise interference, whereas multi-
modal fusion complements the strengths of each modality.
Vibration signals excel at capturing high-frequency mechan-
ical impacts, while temperature data reflects the long-term
thermal state of equipment [15, 16]. The combination of deep

learning and traditional feature fusion methods further opti-
mizes feature extraction and modal association modelling.
Additionally, fusion strategies based on attention mecha-
nisms can dynamically weight key modalities to adapt to
complex operating conditions. Research also indicates that
multi modal fusion can effectively address data imbalance
issues and enhance sensitivity to early, subtle faults [17].

Recent studies have further expanded the methodolog-
ical landscape of wear fault diagnosis. Researchers have
developed predictive frameworks combining deep learning,
quantile regression, and time-series analysis to address chal-
lenges such as class imbalance, multi-fault scenarios, and
feature uncertainty [18–23]. Advanced neural architectures-
such as CNNs(Convolutional Neural Networks), RNNs
(RecurrentNeural Network), and attention mechanisms-have
been increasingly employed to extract spatial-temporal depen-
dencies in mechanical wear data. Image-based techniques,
including thoseusing time-series transformation andMarkov-
based encodings, have also shown promise in augmenting
diagnostic capabilities through visual representation of sig-
nal patterns [24–28].

To improve diagnostic granularity and generalization
under realistic conditions, several innovations have been pro-
posed:multi-fault recognitionmodels for rotatingmachinery,
hybrid deep learning frameworks that fuse static and dynamic
features, and generative adversarial networks (GANs) for
synthetic data augmentation to address data scarcity [29–32].
These developments underscore a growing consensus that
future diagnostic systems must integrate robust data fusion,
feature engineering, and multimodal learning to address the
increasing complexity of modern industrial equipment.

Compared with the above-mentioned work, this study
achieves three key incremental innovations based on existing
work: First, by innovatively constructing the WGAN-MTF
multimodal data augmentation framework, it addresses the
core limitations of traditional oil analysis methods in terms
of sample imbalance (Rear Bearing Cavity Wall Fatigue
accounts for only 7.2%) and feature heterogeneity (fer-
rography analysis, spectroscopy analysis, and physical and
chemical analysis). Compared with the conventional GAN
methods in the literature [29–32], our gradient-penalized
WGAN reduces the Fréchet InceptionDistance (FID) of gen-
erated samples by 36% (FID = 15.2 vs. 23.7). Additionally,
the MTF transformation, optimized with a scale factor Q =
64, enhances the inter-class discriminative power of multi-
source features to 2.37, significantly outperforming the 1.85
reported in [24–27].

Secondly, the proposed ConvNeXt-BiTransformer-
BiLSTM-Attention three-modal fusion architecture breaks
through the performance bottleneck of existing single-modal
or dual-modal analysis frameworks (such as those in [17–
23]), where the cross-head attention mechanism (8 heads) of
BiTransformer enables multi-dimensional spectral analysis
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and correlations between particles, achieving a diagnostic
accuracy of 95.8% in multi-fault concurrent scenarios, an
improvement of 12.3 percentage points over the best results
in References [11–15]; Third, the developed dynamic MoE
expert system (4 experts) employs a physically informed
gating mechanism to achieve adaptive allocation of feature
weights across different fault modes (e.g., the oil expert
contributes a weight of 0.73 ± 0.05 to Slip faults). This
explainable design based on Shapley values addresses the
‘black-box’ model limitations in literature [7–10].

In the domain of aero-engines—among the most sophisti-
cated and failure-sensitive systems in engineering—accurate
and intelligent fault diagnosis is particularly critical. The
complex interplay of wear mechanisms, operational envi-
ronments, and subsystem interactions requires advanced
methods for effective monitoring and diagnosis. This paper
addresses this need by focusing on mechanical wear fault
diagnosis in aero-engines using a dual-channel, multi modal
data-driven approach that fuses laboratory-based spectral
analysis with onboard particulate monitoring [33–40]. The
core contributions of this paper are as follows:

1. Fusion of Ground and Onboard Feature Data:
We develop a predictive framework based on Quantile
Regression Convolutional Neural Network (QRCNN)-
Bidirectional GatedRecurrent Unit (BiGRU)- Attention
to map laboratory-derived wear features (spectral, ferro-
spectral, and physicochemical) to onboard particulate
matter data, enabling reconstruction of in-flight diagnos-
tic information and enhancing the reliability of failure
mode localization.

2. Data Augmentation Via WGAN:
To address the challenge of limited training data, a
Wasserstein GAN with gradient penalty (WGAN-GP)
is employed to generate high-quality synthetic samples.
This enriched dataset improves the generalization capa-
bility of downstream diagnostic models.

3. Multi-modal Fault Diagnosis via Mixture of Experts
(MoE):
We propose a modular MoE architecture in which
domain-specific experts (BiTransformer,BiLSTM,DNN)
are adaptively selected through a gatingmechanism. This
allows for specialized processing of temporal and spatial
features, optimizing the fault recognition process.

4. End-to-End Diagnosis with ConvNeXt-BiTransformer-
BiLSTM-Attention Architecture:
The proposed fault diagnosis model integrates image
and time-series features via dual channels, guided by
expert-weighted attention. This comprehensive architec-
ture captures long- and short-term dependencies and
enhances interpretability, leading to improved diagnostic
performance.

The remainder of the paper is organized as follows. Sec-
tion2 focuses on the evolution of mechanical wear and
provides an overview of the experimental dataset contain-
ing ferro-spectral, spectral and physico-chemical analyses.
Section3 presents the key technologies of QRCNN, BiL-
STM, BiGRU, Attention, MTF and BiTransformer, along
with the overall technical framework and algorithm design.
Section4 presents and analyzes the results of the proposed
algorithm, focusing on the relationship between extracted
features and airborne particulate matter under ground test
chamber conditions for diagnosing mechanical wear faults.
Section5 discusses the contributions, limitations, and future
research directions. Section6 concludes the paper.

Mechanical wear failure characteristics and
overview of dataset

Laboratory characterization and on-board debris
analysis

Mechanical wear is a phenomenon that occurs during the
operation of mechanical equipment, caused by relative
motion between components, leading to surface material
degradation. Wear not only damages mechanical parts but
also reduces the operational efficiency and service life of
equipment. Therefore, understanding the mechanisms of
wear and monitoring its progression are critically important.

Iron spectroscopy, as an effective method for monitor-
ing and analyzing wear, is widely used across engineering
applications. This technique detects and analyzes metal par-
ticles generated during the wear process [41–44]. As wear
progresses, tiny metallic particles are shed from component
surfaces and carried by the lubricating oil or other working
fluids.

In iron spectroscopy, oil samples are collected from the
equipment’s lubrication system. These samples undergo spe-
cific filtration and separation procedures to extract the metal
particles, which are then analyzed for morphology, com-
position, and quantity using instruments such as optical
microscopes and scanning electronmicroscopes (SEM). This
process allows for the identification of wear mechanisms
based on particle morphology:

• Frictional wear: Caused by relative motion between
metal surfaces, leading to the stripping of material. It can
be further classified as dry friction wear or lubricated
wear.

• Surface fatigue: Results from the formation and propa-
gation of cracks due to repeated stress, eventually causing
material spalling and particle generation.
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• Corrosive wear: Occurs when chemical reactions
(induced by high temperature, humidity, or aggressive
media) degrade the metal surface.

• Impact wear: Arises from external impacts or shock
loads, leading tomaterial loss, typically under high-stress
conditions.

By analyzing the types and characteristics of particles
in the iron spectrum, the specific wear mechanisms can
be inferred, allowing for timely and targeted maintenance
actions [45–47].

Spectroscopic analysis is a technique used to obtain
information about the composition and structure of mate-
rials by measuring their interaction with light. Common
methods include infrared spectroscopy (FTIR), Raman spec-
troscopy, ultraviolet–visible spectroscopy (UV–Vis), fluo-
rescence spectroscopy, and gas chromatography-mass spec-
trometry (GC-MS). These techniques are widely applied in
the analysis of wear-related phenomena.

1. Infrared Spectroscopy (FTIR)
FTIR utilizes the absorption of infrared radiation by
molecular bonds to identify material composition. Dif-
ferent chemical bonds and molecular structures produce
characteristic absorption peaks at specific wavelengths,
enabling precise identification of chemical components
in a sample.

2. Raman Spectroscopy
Raman spectroscopy is based on the Raman scatter-
ing phenomenon. It provides information on vibrational
modes and molecular structure by analyzing frequency
shifts in light scattered by the material. This non-
destructive, high-resolution technique is applicable to
solids, liquids, and gases.

3. Ultraviolet–visible spectroscopy (UV–Vis)
UV–Vis spectroscopy analyzes compound characteristics
by measuring the absorption of ultraviolet and visible
light. It is commonly used for analyzing liquid samples
and is particularly effective for detecting metal ions and
organic compounds [48].

4. Fluorescence spectroscopy
Fluorescence spectroscopy measures the light emitted by
a substance after it is excited by a specific wavelength.
This technique is highly sensitive and selective, making
it suitable for detecting trace substances.

Besides, the application of spectroscopic methods in
mechanical wear studies focuses on three key areas:

1. Wear particle analysis
Wear particles, generated by surface spalling during
mechanical wear, are analyzed for their composition
and morphology. Spectroscopic techniques can identify

whether the particles are metallic, alloy-based, or non-
metallic, and further assess their chemical characteristics
to determine the wear type and severity.

2. Lubricant analysis
Metallic elements and wear particles suspended in lubri-
cating oil are important indicators of wear progression.
Spectroscopic analysis of lubricant samples enables the
detection and quantification of wear-related elements,
providing insight into component condition and degra-
dation trends.

3. Surface defect analysis
Mechanical wear often leads to surface defects such as
micro cracks, scratches, and fatigue marks. These can
be detected non-destructively using spectroscopic tech-
niques, which help characterize the type, depth, and
severity of such defects based on spectral signatures.

In addition to spectroscopic analysis, physical and chem-
ical methods are commonly used to simulate and evaluate
wear characteristics under controlled conditions. Wear test-
ing machines replicate actual operating environments to
assess material performance under friction and wear:

• Chain abrasion tester: Used for evaluating chain com-
ponents and similar parts.

• Ball-and-disc wear tester: Simulates wear under point
and sliding contact; suitable for evaluating flat and spher-
ical materials [49].

• Rotational wear tester: Designed for studying the wear
behavior of rotating components in operational environ-
ments.

After testing, the wear surfaces are analyzed using various
tools:

• SEM: Observes the micro-morphology of the wear sur-
face and identifies wear mechanisms.

• X-ray diffraction (XRD): Detects phase changes and
crystal structure alterations in the material.

• Energy spectrum analysis (EDS): Analyzes the ele-
mental composition and distribution on the wear surface.

Wear also affects material properties such as hardness and
tensile strength. Common tests include:

• Brinell, Rockwell, and Vickers hardness tests: Evalu-
ate changes in material hardness post-wear.

• Tensile testing: Assesses the tensile strength and ductil-
ity of worn materials.

The chemical environment also influences wear behavior:
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• pH measurement: Assesses the corrosiveness of the
operating environment.

• Corrosion rate testing: Evaluates the material’s resis-
tance to corrosion in specific media.

On-board debris monitoring systems use sensors mounted
in the engine lubrication system to detect anomalies and
faults in real time during operation or maintenance. A key
advantage of this approach is its ability to provide online
diagnostics and early warnings. These sensors rely on the
transport characteristics of the lubricant system and are typ-
ically installed upstream of the oil filter, as they detect
particles that are larger than the filter’s separation thresh-
old. For effective performance, it is crucial to understand the
sensors’ operational limitations and characteristics [50–54].

The likelihood of detecting an incipient fault increases
with the amount of debris transported to the sensor. This is
influenced by the debris transport efficiency, which depends
on the lubricant system’s design, fluid velocity, and particle
size. In systems where debris is actively captured by sensors,
the capture efficiency is determined by factors such as sensor
type, particle properties, flow dynamics, and particularly the
design of the sensor cavity.

Improving diagnostic performance involves optimizing
the lubricant system layout to ensure efficient transport and
capture of debris. This can be achieved by directing the
entire lubricant flow through the sensor and implement-
ing debris-path separation mechanisms. When transport or
capture efficiency is low-common in older engines-the sen-
sors must exhibit high sensitivity to compensate, which can
increase susceptibility to false positives.

Even under optimal conditions, early-stage failures that
produce only a few large particles may go undetected until
secondary damage has occurred. Therefore, effective sys-
tem design and validation through comprehensive testing are
essential for reliable on-board debris monitoring.

Correlation of ground analysis features with
airborne end-of-chip features

During ground-based feature extraction, it is essential to ana-
lyze the sliding oil of the aero-engine to extract keydiagnostic
information using spectroscopic analysis, ferrography (iron
spectrum analysis), and physicochemical techniques.

Ferrographic analysis provides information on the types
and quantities of wear particles. These particles vary in pro-
portion depending on the engine components and accessories
involved, and their morphology and quantity evolve with
the severity of mechanical wear and failure. Spectroscopic
analysis reveals the presence and distribution of various
metals. As engine components-such as bearings, gearboxes,
and accessories-are made of different materials, the metal-
lic content also varies accordingly. Physicochemical analysis

provides insights into properties like acidity and viscosity of
the oil.

These detailed feature distributions enable accurate local-
ization and identification of the type and pattern of mechani-
cal wear failures. In contrast, onboard end-of-chip sensors
primarily detect particulate matter of varying sizes, with
the quantity generally decreasing as particle size increases.
These sensors provide only a coarse indication of whether
abnormal wear has occurred. The actual fault diagnosis must
rely on algorithms developed using detailed ground-based
analysis. However, alerts from onboard end-of-chip sensors
can serve as early indicators of abnormal conditions and offer
valuable prior knowledge for subsequent ground analysis.

Moreover, the operational timelines of onboard monitor-
ing and ground analysis are complementary. By integrating
particulate matter data from onboard sensors with detailed
ground-based analyses, a more comprehensive mechanical
wear dataset can be constructed. This fusion of information
enables a deeper exploration of the relationship between fea-
ture data and failure modes. Ultimately, it supports the con-
struction of a high-dimensional mapping between extracted
features andmechanical failure types by leveraging the latent
patterns and broader coverage afforded by data fusion.

This connection is further illustrated by the following
examples of potential feature correlations:

• Wear rate and chip yield: An increased wear rate usu-
ally results in a higher quantity and quality of onboard
chip debris. In laboratory conditions, this relationship
can be quantified by controlling wear parameters, offer-
ing valuable insights for practical applications.

• Temperature and chip production: Experimental data
show that chip generation correlates with temperature
fluctuations. Frictional heating alters the physical prop-
erties ofmaterials, acceleratingwear and producingmore
debris.

• Vibration signals and chip formation: Variations in
vibration characteristics can be used to monitor differ-
ent wear stages. By analyzing vibration signal features,
chip formation can be predicted. High-frequency vibra-
tions are often associated with the formation of larger
wear particles.

• Friction coefficient and wear particle size: Changes in
the friction coefficient may indicate shifts in particle size
distribution. A higher coefficient typically corresponds
to the production of finer particles, reflecting intensified
localized wear.

• Compositional analysis of metal particles: By chemi-
cally analyzing themetallic swarf generated in laboratory
wear tests and comparing it with known enginematerials,
insights can be gained into the type and mechanisms of
wear.
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Fig. 1 Distribution of feature
parameters for worm and
ruptured pipedwork fault

Fig. 2 Distribution of feature
parameters for slip filter bypass
valve spring slack fault

Fig. 3 Distribution of feature
parameters for slip nozzle
clogging fault

Overview of themechanical wear dataset

The ground-based mechanical wear dataset is constructed
using features extracted from iron spectral analysis, general
spectral analysis, and physicochemical analysis to diagnose
mechanical wear failuremodes. In addition, a fused dataset is
created by incorporating particle count data of various sizes
from onboard end-of-chip sensors.

The iron spectral analysis includes six wear types: nor-
mal sliding, severe sliding, cutting abrasion, fatigue abrasion,

laminar abrasion, and spherical abrasion. The spectral anal-
ysis captures concentrations of metallic elements such as Fe,
Ag, Cu, Cr, Mo, V, O, Zn, and Sn. The physicochemical
analysis includes features such as viscosity, acidity, and flash
point. The onboard sensor data includes particulate counts at
particle sizes of 5 µm, 15 µm, 25 µm, and 50 µm.

Figures 1, 2, 3, 4, 5 and 6 illustrate the distribution of
selected feature parameters under six different mechanical
wear failure modes. Table 1 summarizes the composition
and sample distribution of the raw mechanical wear dataset.
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Fig. 4 Distribution of feature
parameters in the rear bearing
cavity wall fatigue wear fault

Fig. 5 Distribution of feature
parameters for bearing wear
spalling fault

Fig. 6 Distribution of feature
parameters for gearbox gear
heavy wear fault

Under laboratory conditions, mechanical wear character-
istic parameters exhibit highly specific correlations with six
failure modes: Normal Slide is characterized by a smooth
wear surface accompanied by high Fe concentration and
low viscosity, primarily corresponding to the initial running-
in stage; while Severe Slide is characterized by a sudden
increase in surface roughness coupled with an abnormal
Cu/Ag ratio (>2.5), which is a typical indicator of the Slip
Filter Bypass Valve Spring Slack Fault. The synchronous

increase in strip-like abrasive particles (aspect ratio >5:1) and
Cr/Mo ratio (0.25±0.05) in Cutting Grain can definitively
diagnose Gearbox Gear Heavy Wear Fault, with a diagnos-
tic specificity of 92%. The characteristic fatigue striations of
Fatigue Grit are positively correlated with the amplitude of
the 1.2kHz sideband in the vibration signal. When combined
with abnormal V element levels (>5ppm), this can defini-
tively diagnose a Bearing Wear Spalling Fault. The layered
structure (thickness 1–2 μ m) of laminated grit combined
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with oil acidity >2mg KOH/g) achieves an 89% prediction
accuracy for rear bearing cavity wall fatigue wear faults.
while the co-occurrence of Spherical Grits (diameter >15
μm accounting for over 30%) and a decrease in flash point
(>15 ◦C) serves as a definitive indicator for Worn and Rup-
tured Pipework Fault (p<0.01). Notably, each fault mode
exhibits significant differences in metal element fingerprints.
Thismulti-parameter correlation networknot only reveals the
chemical-physical coupling essence of different wear mech-
anisms but also provides an accurate biomarker system for
early fault warning based on multi-modal data.

The multi-modal mechanical wear dataset constructed in
this study includes six typical failure modes (e.g., Worn and
Ruptured Pipework Fault), with each failure mode corre-
sponding to 21 feature parameters (ranging from Normal
Slide morphological features to flash point physical and
chemical indicators), forming a structured diagnostic dataset.
The dataset is strictly divided according to a 7:2:1 ratio: the
training set includes 280 samples per fault mode (totalling
6 × 280 = 1,680 samples), used for model parameter learn-
ing; the validation set includes 80 samples per class (totalling
480 samples), used for hyperparameter tuning and early stop-
ping mechanisms; The test set retains 40 samples per class
(total of 240 samples) for final performance evaluation. This
partitioning ensures: 1) The training set adequately covers
the feature space of various faults, such as the typical dis-
tribution of Spherical Grits in Bearing Spalling (particles
>15μmaccounting for 35±5%); 2) The validation set is rep-
resentative and effectively reflects themodel’s generalization
capability, such as the correlation between the aspect ratio of
Cutting Grain (5:1±0.3) and the Cr/Mo ratio (0.25±0.03);
3) The test set is completely independent and includes edge
cases of various faults, such as rare Sn anomalies (>0.01
ppm) and sudden viscosity drops (δ >3 centistokes(cSt)/day)
co-occurring in Rear Bearing Cavity Fatigue. After being
enhanced by WGAN, the coefficient of variation of key fea-
tures (such as the stripe spacingof FatigueGrit) in the training
set is controlled within 7%, maintaining statistical consis-
tency with actual equipment data (K-S test p> 0.05).

Characteristic parameters under test conditions are obtained
by multi modal analysis techniques and closely correlated
with failure modes: Normal Slide and Severe Slide are quan-
tified by abrasive grain morphology in iron spectroscopy:
the percentage of stripes/flakes and size distribution: the
concentration of particles >10µm, whose abnormal growth
is indicative of lubrication failures on bearing or gear sur-
faces; Cutting Grain and Fatigue Grit are confirmed by
spectroscopic analysis (ICP-AES) of metal element concen-
trations (e.g. Fe, Cr, Mo) combined with scanning electron
microscopy (SEM). Fatigue Grit are identified by spectral
analysis (ICP-AES) of metal element concentrations (Fe, Cr,
Mo) combined with scanning electron microscopy (SEM) to
confirm their jagged or shell-like morphology, which cor- Ta
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respond to bearings subjected to cutting by hard foreign
objects (sudden increase in the Fe/Cr ratio) and rolling con-
tact fatigue (Mo/V enrichment), respectively; LaminatedGrit
and Spherical Grits are identified by Fe spectroscopy-laser
particle size coupling technology, the former suggesting gear
gluing (elevated Zn/Sn content), the latter pointing to bear-
ing arc wear (abnormal Fe/O ratio); Elemental analyses (Fe,
Ag, Cu, etc.) are monitored in real time by atomic emission
spectrometry (AES), in which Cu/Ag anomalies correlate
with the wear of Cu-based cages, and changes in the Cr/Mo
Physicochemical parameters such as Viscosity (measured
by rotational viscometer, a drop of >15% in Centistokes
(cSt) at 40 ◦C indicates oxidation or fuel dilution), Acidity
(potentiometric titration, (Total Acid Number)TAN>2mg
KOH/g indicates acidification of the oil) and Flash Point
(closed cup method, a drop in flash point of more than
50 ◦C indicates contamination) together constitute evidence
of chemical degradation of the chain. (closed cup method,
a decrease in flash point above ◦C indicates fuel contam-
ination) together form the chain of evidence for chemical
degradation.

The mapping relationship between the characteristic
parameters and the mechanical wear failure modes is shown
in Table 2.

The dataset comprising ferrographic analysis, spectro-
scopic analysis, and physical-chemical analysis contains
richer semantic and static information. In mechanical wear
analysis, the ‘richer semantic information’ is reflected in the
multidimensional coupling relationships among
ferrographic/spectroscopic/physical-chemical characteristics:
Ferrographic wear particle morphology (smooth surfaces
in Normal Slide versus fatigue striations in Fatigue Grit)
and size distribution (gradient proportions from >5 µm
to >50 µm) collectively form the dynamic fingerprint of
wear mechanisms. The synergistic increase in spherical grits
(>15 µmwith over 40% proportion) and Fe element concen-
tration semantically characterizes the micro-spalling process
of bearings; Spectral data (Fe/Cr ratio >1.8) combined
with oil acidity (>2mg KOH/g) imply chemical seman-
tics of lubrication failure. ‘Static information’ refers to the
absolute value characteristics of each parameter: for exam-
ple, the number of particles larger than 25 µm directly
reflects the severity of wear, while physical and chemi-
cal indicators such as viscosity (<28 cSt at 40 ◦C) and
flash point (decrease >15 ◦C) provide an instant snapshot of
the equipment’s condition. The integration of dynamic and
static information-cross-validation between the time-varying
curve of Cu (dynamic) and the Mo/V ratio (static)-forms
a comprehensive wear evolution spectrum, where dynamic
characteristics reveal the development patterns of failures,
and static parameters define safety thresholds.

Multi-modal mechanical wear fault diagnosis
via WGAN data regeneration

Airborne particulate prediction based on
QRCNN-BiGRU-attention

QRCNN algorithm

The quantile regression model is a non-parametric statistical
approach used to describe the relationship between depen-
dent and independent variables.Unlike ordinary least squares
regression, which estimates the mean of the dependent vari-
able, quantile regression provides information about various
points (quantiles) in the distribution, such as the median,
upper, or lower tails.

This model allows for the estimation of different quantiles
of the dependent variable conditioned on the independent
variable, enabling the prediction of extreme values or out-
comes at specific confidence levels. It is particularly useful
in capturing characteristics of the data distribution, such as
skewness, variability, and tail behavior [55, 56].

The model parameters are estimated by minimizing the
difference between the predicted and actual observed quan-
tiles. Specifically, for a given independent variable, themodel
estimates a specific quantile of the dependent variable. This
approach generalizes the notion of regression from the mean
to any quantile of interest.

The core idea of quantile regression is to extend the esti-
mation of sample quantiles in the univariate case to a linear
regression framework by assuming that the conditional quan-
tile is a linear function of the covariates. Equation1 extends
the estimation of sample quartiles in the univariate case to
a linear regression model by assuming that the overall q
quartile yq(x) of the conditional distribution y|x is a linear
function of x , i.e.

yq(xi ) = x ′
iβq (1)

whereβq is referred to as the q-quartile regression coefficient
and its estimate β̂q is estimated by solving the following
minimization problem:

minβq

n∑

i1γi≥x ′
iβq

qōyi − x ′
iβq ō +

n∑

i,γi<xiβq

(1 − q)ōyi − x ′
iβq ō

(2)

When q = 1
2 , the model becomes a median regression,

and the objective function simplifies to:

minβq

n∑

i=1

|yi − x ′
iβq | (3)
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Table 2 Mapping of
characteristic parameters to
mechanical wear failure modes

Characterization categories Specific characteristics Related fault types

Morphological characteristics of
abrasive grains

Normal Slide Worn and Ruptured Pipework Fault

Severe Slide Slip Filter Bypass Valve Spring
Slack Fault

Cutting Grain Gearbox Gear Heavy Wear Fault

Fatigue Grit Rear Bearing Cavity Wall Fatigue
Wear Fault

Laminated Grit Bearing Wear Spalling Fault

Spherical Grits Slip Nozzle Clogging Fault

Characteristics of elemental
content

MoE framework

Fe All

Cr/Mo/V Bearing Wear Spalling Fault,
Gearbox Gear Heavy Wear Fault

Cu/Sn Slip Filter Bypass Valve Spring
Slack Fault

O Worn and Ruptured Pipework Fault

Physical and chemical
characteristics of oil

Viscosity All

Acidity Rear Bearing Cavity Wall Fatigue
Wear Fault

Flash Point Slip Nozzle Clogging Fault

Median regression, also known as the minimum abso-
lute deviation estimator, is more robust to outliers than least
squares estimation,making it advantageous inmany practical
scenarios.

Besides, CNN is designed to extract and learn hierarchical
image features through a combination of convolution, activa-
tion, and pooling operations. These features are then passed
to fully connected layers for classification or regression tasks
such as fault diagnosis. A typical CNN architecture consists
of the following layers:

• Convolutional layer: This core component applies mul-
tiple trainable kernels to the input data to extract local
features. Each kernel is updated through iterative train-
ing to learn meaningful representations for the task.

• Activation function: Applied after each convolutional
operation to introduce non-linearity into themodel. Com-
mon activation functions include ReLU (Rectified Linear
Unit), Sigmoid, and Tanh.

• Pooling layer: Reduces the dimensionality of the fea-
ture maps while retaining the most significant informa-
tion. Max pooling and average pooling are widely used
methods. Pooling increases model robustness to spatial
variations and reduces computational cost.

• Fully connected layer: Each neuron in this layer is con-
nected to every neuron in the previous layer. This layer
transforms the extracted features into the final output,
such as class labels or regression values.

ReLU

Pooling

FC

227×227×64

Fig. 7 Execution flow of the CNN algorithm

• Softmax layer: In classification tasks, a Softmax layer is
typically added at the end to convert the raw scores into a
probability distribution over the output classes, ensuring
that the probabilities sum to one.

CNNs progressively extract features from low-level edges
and textures to high-level semantic information by stack-
ing multiple layers. The backpropagation algorithm is used
during training to update weights and minimize the loss,
improving prediction accuracy. The overall execution flow
of the CNN algorithm is illustrated in Fig. 7.

TheQRCNNmodel innovatively integrates quantile regres-
sion with the CNN framework. It introduces a loop mech-
anism that continuously optimizes and selects prediction
intervals with the highest confidence levels. This mechanism
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enables the model to map extracted feature representations
to prediction outputs more accurately, enhancing fault diag-
nosis performance under uncertainty.

Mechanical wear fault diagnosis based on
WGAN-MTF-DNN-BiTransformer-BiLSTM-attention

WGAN data regeneration algorithm

The core of WGAN lies in replacing the Jensen-Shannon
divergence used in traditional GANs with the Wasserstein
distance, also known as Earth Mover’s Distance (EMD), as
the loss function for the discriminator.

TheWasserstein distancequantifies the ”bulldozer cost”—
that is, theminimumamount ofwork required to transport the
mass from one probability distribution to another. This dis-
tance provides meaningful gradient information even when
the two distributions have small differences or do not overlap,
addressing a key limitation in traditional GANs.

The WGAN framework asserts that by constructing a
discriminator that satisfies the K-Lipschitz condition and
maximizing its estimate of theWasserstein distance between
real and generated data distributions, training of the generator
can converge toward a globally optimal solution. This fun-
damentally mitigates issues such as gradient vanishing and
mode collapse, making WGANs more stable and capable of
producing higher-quality samples during training [57–61].

The process begins by sampling from a standard Gaus-
sian noise distribution to obtain z, which is then passed
through the generator G, resulting in a distribution denoted
as PG(x; θ). Parameter θ is the parameter used to control
the PG distribution. Suppose at this point we get a batch
of distributions from parameter {x1, x2, . . . , xm} conditional
on the real data distribution Pdata(x) in order to seek an θ∗
that maximizes the value of PG(x), i.e., to seek maximum
likelihood:

θ∗ = argmax
θ

m∏

i=1

PG
(
xi , θ

)

→ argmax
θ

log
m∏

i=1

PG
(
xi , θ

)

|� argmax
θ

m∑

i=1

log PG
(
xi , θ

)

≈ argmax Ex∼data
[
log PG (x; θ)

]
(4)

where x ∼ data represents the data {x1, x2, . . . , xm}
obtained from Pdata(x).

e∗ = argmax
θ

∫

x
Pdata(x) log PG(x; θ) dx

−
∫

x
Pdata(x) log Pdata(x) dx

= argmin
θ

∫

x
Pdata(x) log Pdata(x) dx

−
∫

x
Pdata(x) log PG(x; θ) dx

= argmin
θ

∫

x
Pdata(x) log

Pdata(x)

PG(x; θ)
dx

= argmin
θ

KL(Pdata(x) ‖ PG(x; θ)) (5)

The discriminator is optimized according to:

minmax V (D|G) = Ex∼Pdata(x)[log D(x)]
+Ez∼Pz(z)[log(1 − D(G(z)))] (6)

Substitute G(z) with x :

max
D

V (D|G) = Ex∼Pdata(x)[log D(x)]
+Ex∼PG (x)[log(1 − D(x))] (7)

The above equation represents the difference between PG
and Pdata , because the first item represents the real data,
obviously for the real data discriminator D to give a very high
score; the latter represents the noise generated data, for the
false data to give a very low score, so the second item of the
score to become smaller, but because of D inside the negative
sign, so take the inverse of it to become larger. D −max and
G − min will be solved next.

V (D) = Ex∼Pdata(x)[log D(x)]
+ Ex∼PG (x)[log(1 − D(x))]

=
∫

x
Pdata(x) log D(x) dx

+
∫

x
PG(x) log(1 − D(x)) dx

=
∫

x

[
Pdata(x) log D(x) + PG(x) log(1 − D(x))

]
dx

(8)

f (D) = Pdata(x) log D(x) + PG(x) log(1 − D(x))

= a × log D + b × log(1 − D) (9)

Take the derivative of f (D):

d f (D)

dD
=a × 1

D
+ b × 1

1 − D
× (−1) = 0

a × (1 − D) = b × D

sol: D = a

a + b

D∗(x) = Pdata(x)

Pdata(x) + PG(x)
(10)
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Substitute to equation 7:

V (D∗) =Ex∼Pdata(x)[log D(x)] + Ex∼PG (x)[log(1 − D(x))]
=

∫

x
Pdata(x) log

Pdata(x)

P data
(x)

+ PG(x) dx

+
∫

x
PG(x) log(1 − Pdata(x)

Pdata(x) + PG(x)
) dx

= − 2 log 2 +
∫

x
Pdata(x) log

Pdata(x)
Pdata(x) + PG(x)

2

dx

+
∫

x
PG(x) log

PG(x)
Pdata(x) + PG(x)

2

dx

= − 2 log 2 + KL

(
Pdata(x) ‖ Pdata(x) + PG(x)

2

)

+ KL

(
PG(x) ‖ Pdata(x) + PG(x)

2

)

= − 2 log 2 + 2JSD(Pdata(x) ‖ PG(x)) (11)

The process of finding G − min is then:

min
G

{−2 log 2 + 2JSD(Pdata(x) ‖ PG(x))} (12)

WGAN introduces two key improvements over traditional
GAN:

• Loss function:
The WGAN loss is defined as:

LD = −Ex∼Pdata [D(x)] + Ez∼Pz [D(G(z))] (13)

where D(x) denotes the discriminator’s score on the real
data x and D(G(z)) denotes the discriminator’s score on
the generated data G(z). The goal is to maximize this
loss to widen the Wasserstein distance between the real
and generated data.

• K-Lipschitz constraint:
Toensure theWasserstein distance estimation is effective,
it is necessary to ensure that the discriminator D satisfies
the K-Lipschitz condition, i.e., for any inputs x and y,
there is |D(x) − D(y)| ≤ K ‖ x − y ‖. In practice,
this constraint is often achieved by Weight Clipping or
Gradient Penalty techniques.

Markov transfer field image conversion algorithm

The implementation of Markov transfer fields is a type of
image encoding technique that utilizes a transfer matrix pro-
cess. This method treats a one-dimensional dataset as the
initial state of a time series, under the assumption that the

current state of the dataset is known and its future evolu-
tion is independent of its past—a fundamental property of
Markov processes.

The Markov state transfer matrix is constructed as shown
in the following equation [62, 63]:

Ai j = P(st = i |st−1 = i) (14)

where Ai j represents the probability of transitioning from
state i to state j . The transfer matrix is subsequently obtained
by using Q as the quantile, resulting in Q × Q. The max-
imum likelihood estimation method is used to compute the
transition probabilities. After normalization, these probabil-
ities form the basis for constructing the transfer field.

In a Markov transfer field, an matrix is constructed, with
N being the length of the tensors:

Mkl = Aqkql (15)

where qk represents a grouped collection of xk , ql represents
a grouped collection of xl , and E represents time-constrained
information.

Next construct the Markov transfer field M :

M =

⎡

⎢⎢⎢⎣

ωi, j |x1∈qi ,x1∈q j ωi, j |x1∈qi ,x2∈q j . . . ωi, j |x1∈qi ,xn∈q j

ωi, j |x2∈qi ,x1∈q j ωi, j |x2∈qi ,x2∈q j . . . ωi, j |x2∈qi ,xn∈q j
...

...
. . .

...

ωi, j |xn∈qi ,x1∈q j ωi, j |xn∈qi ,x2∈q j . . . ωi, j |xn∈qi ,xn∈q j

⎤

⎥⎥⎥⎦

(16)

M is a two-dimensional representation of n × n, where
each element Mi, j = Wqi ,q j denotes the probability of the
time series transferring from the state qi at time i to the
state q j at time j , generated by discretizing the sequence
and calculating the transfer matrix M , which preserves time
dependence and is suitable for pictorial analysis.

Mi, j‖i− j |�k (17)

The final stage involves cumulative compression of the
Markov transfer fields. This compressed output is then aver-
aged over non-overlapping m ×m windows using a blurring

kernel

{
1

m2

}

m×m
to generate the final visualization results,

as illustrated in Fig. 8.

MoEmodel architecture

Mixture of Experts (MoE) is a state-of-the-art neural net-
work architecture designed to enhance overall model perfor-
mance by integrating the predictions of multiple models, or
“experts.” The core idea of the MoE model is to assign input
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Fig. 8 Markov transfer
aggregation compression
process

data to different expert sub-models and then merge their out-
puts to produce a final result.

The mechanical wear dataset used in this study consists
of a one-dimensional dataset derived from spectral anal-
ysis conducted under laboratory conditions. It includes a
majority of cumulative values of time-dependent features,
which are defined here as time-dependent features. Some
features, however, exhibit minimal temporal fluctuation or
remain nearly constant, yet they are strongly associated with
mechanical wear failure diagnosis. These are defined as non-
time-dependent features.

Additionally, some inputs contain image-based feature
representations derived from the Markov transfer field trans-
formation applied in the initial preprocessing step. Figure9
illustrates the structure and component distribution of the
MoE model.

As shown in Fig. 9, the main components of the MoE
model include an expert system, which is composed of DNN,
BiTransformer, and BiLSTM architectures. These are used
to process the features associated with mechanical wear and
learn the mapping between specific subsets of the input data
and corresponding failure modes. The model also includes
a gating network (also referred to as expert routing), which
determines which expert(s) should process each input sam-
ple.

The gating network calculates the weight or importance of
each expert based on the characteristics of the input samples.
Each sample is then assigned to the appropriate expert(s)
according to these weights, enabling the model to leverage
specialized knowledge and improve diagnostic accuracy.

ConvNeXt algorithm

ConvNeXt, a variant of CNN, employs a 7 × 7 convolu-
tional kernel that expands the receptive field and enhances
the algorithm’s ability to capture image features, including
color and edge distribution, as transformed by the Markov

transfer field. Its architecture primarily consists of the fol-
lowing components:

• Stem module: This module processes the input feature
image representing mechanical wear. It includes a 4 × 4
convolutional layer with a stride of 4 and a Layer Nor-
malization operation. The stem reduces the resolution of
the input image by a factor of four while simultaneously
increasing the number of channels.

• ConvNeXt block: This block includes the following
sequence:

– 7 × 7 depthwise separable convolution: Captures
broad contextual information.

– Layer normalization: Normalizes the extracted fea-
tures.

– 1× 1 convolution: Expands the number of channels.
– GELU activation function: Introduces nonlinearity.
– 1 × 1 convolution: Reduces the number of channels
back.

• Residual connection:Adds the input to the output to facil-
itate gradient flow and improve learning stability.

• Downsampling layer: At the beginning of each stage, a
2×2 convolutionwith a stride of 2 is applied to reduce the
spatial dimensions while increasing the channel depth.

• Final layers: After the final stage, Global Average Pool-
ing is applied to convert the feature maps into a feature
vector, followed by a Fully Connected layer that outputs
the classification results.

The structure and operational flow of ConvNeXt are illus-
trated in Fig. 10.

BiTransformer algorithm

The core idea of BiTransformer is bidirectional modeling—
leveraging both forward and backward information from the
input sequence simultaneously. This enhances the model’s
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Fig. 9 MoE architecture
implementation system

Add+Normalize

Switching FFN Layer

Add+Normalize

Self-Attention

y

x

Add+Normalize

Self-Attention

+Positional
embedding

x1

+
Positional
embedding

x2
More Parameters

Router Router

FFN1 FFN2 FFN3 FFN4 FFN1 FFN2 FFN3 FFN4

Add+Normalize

y1 y2

D7×7 96

1×1 384

1×1 96

+

input

Hierarchical

encoder

Plain

decoder

target

Fig. 10 ConvNeXt structure and motivational algorithm architecture

contextual understanding and enables it to capture sequence
dependencies more comprehensively by integrating contex-
tual information from both directions.

At the heart of BiTransformer lies the bidirectional self-
attention mechanism, which allows each position in the
sequence to compute attention scores with respect to all
other positions (both preceding and succeeding). Using these
scores, a weighted summation of the entire sequence is
performed to derive a contextual representation for each posi-
tion. This process is conducted in parallel across multiple
attention heads to capture various sub-features in different
subspaces.

Following the self-attention mechanism, each represen-
tation is further refined by a feed-forward neural network
(FFN), typically composed of two fully connected layers and
an activation function such as GELU. To mitigate gradient
vanishing issues and accelerate training, residual connections
and Layer Normalization are applied after each sub-layer
(i.e., both self-attention and FFN layers).

The BiTransformer encoder is composed of multiple
stacked bidirectional encoding layers, each containing a
bidirectional self-attention sub-layer and a feed-forward sub-

layer. Stacking these layers allows themodel to progressively
extract higher-level semantic features.

In this study, the BiTransformer is used to model the
mapping between spectral analysis, ferrographic analysis,
physicochemical features, and failure modes within a one-
dimensional mechanical wear dataset that exhibits long-term
temporal dependencies. The architecture effectively captures
the interconnected logic and highlights corresponding rela-
tionships. The structure is illustrated in Fig. 11.

Overall framework

The overall framework consists of two main components.
The first involves developing a prediction algorithm based
on airborne end-of-chip particulate matter counting. This
algorithm primarily utilizes characteristic information from
ground test laboratories to establish a correlation with
airborne particulate counts, thereby enabling reliable fore-
casting and visualization of particle count variations at the
airborne end.

The second component leverages a composite dataset
derived from the original mechanical wear dataset, aug-
mented via WGAN-based data regeneration. This enhanced
dataset is used to identify and classify failure modes through
a fault diagnosis algorithm. The implementation process is
illustrated in Fig. 12.

The algorithm described in Fig. 12 begins with the particle
counting prediction module for the onboard debris sensor.
Due to the strong correlation between particle counts and
ground laboratory measurements-such as iron spectroscopy,
spectral analysis, and physicochemical analysis-the input
features to the model include:
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Fig. 11 BiTransformer structure
and motivational algorithm
architecture

• Spectral analysis: Fe, Ag, Cu, Cr, Mo, V, O, Zn, Sn
• Iron spectroscopy: normal sliding, severe sliding, cutting
abrasion, fatigue abrasion, laminar abrasion, spherical
abrasion

• Physicochemical analysis: viscosity, acidity, flash point

The predicted outputs are particle counts across four size
categories for each failure type. The input feature sequence
has a dimensionality of 18. The architecture begins with a
1D convolutional layer with 32 channels and a 16 × 18 ker-
nel, followed by batch normalization (32 channels), a ReLU
activation, and a 1D max pooling layer (pool size: 18). The
resulting feature map is flattened and passed through a fully
connected layer with dimensions 30 × 32.

Next, the algorithm uses a BiGRU, with both forward and
backward GRU units containing 128 hidden states. These
are concatenated and fed into a self-attention mechanism,
which performs multi-dimensional information fusion and
highlights key features relevant to the particle count predic-
tion.

In the second part of the process, a WGAN-based data
regeneration algorithm is used. The generatorG and discrim-
inator D are first initialized. Training proceeds iteratively:

• When updating D, G is fixed, and discriminator param-
eters are optimized based on the loss function and
K-Lipschitz constraints.

• When updating G, D is fixed, and the generator param-
eters are optimized using a minimization method to
produce data samples that increasingly resemble real
data.

The regenerated dataset comprises a multi-feature fusion
training set that integrates iron spectroscopy, spectral analy-
sis, physicochemical analysis, and onboard particle counts.
Some samples containing all four feature types are itera-
tively trained using D andG, producing regenerated samples
that closely match the distribution and trends of the original
dataset.

The transformed dataset, which includes enhanced edge
and color distribution features, is input to a ConvNeXt
learner. The learning rate is initially set to 1e-3. A StepDecay
strategy is used to reduce the learning rate by a factor of 0.1
every 10 epochs. A warm-up strategy is applied during the
early training phase to gradually increase the learning rate
and prevent gradient explosion.

TheAdamWoptimizer is employedwithweight decay(0.01)
to improve generalization. The optimizer uses β1 = 0.9 and
β2 = 0.999 with epsilon=1e-8. To further prevent overfit-
ting, L2 regularization (λ=0.001) and AutoAugment-based
data augmentation (p=0.5,magnitude=0.3) are used to auto-
matically determine the optimal augmentation policy.

For the 1D dataset branch, the expert network comprises
BiTransformer (6 layers, 8 heads) and BiLSTM (2 layers,
256 units) modules, with a gating network (2-layer MLP)
dynamically selecting the appropriate expert. The model is
trained for 200 epochs with early stopping (patience=15) on
a validation set comprising 20% of the data.

The BiTransformer uses multi-head self-attention (head
dim=64) to capture global temporal dependencies and posi-
tional encoding (dim=128) to preserve sequence order. A
feed-forward network (dim=512) with Gaussian Error Lin-
ear Units (GELU) is used for feature transformation.
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Fig. 12 Fault diagnosis algorithm implementation process and conceptual architecture

The BiLSTM captures both forward and backward tem-
poral dependencies with 256 hidden units per direction,
concatenating the hidden states from both directions. The
sequence length is fixed at 50 timesteps via padding/trunca-
tion.

The gating network uses a lightweight 2-layer neural net-
work (32→16→4 units) with GELU activation to compute
theweights of each expert. A temperature parameter (τ =1.5)
softens the weight distribution for improved training stabil-
ity. Theseweights determine the contribution of each expert’s
output to the final prediction (Table 3).

The final stage of the algorithm involves fault diagno-
sis. The original and regenerated mechanical wear feature
datasets are fused to form a composite feature dataset.
Before being input into the fault diagnosis algorithm, all one-
dimensional feature representations are converted into static
64×64 image-like formats using Markov transfer fields with
Q=64 quantization levels. This transformation enables more
effective classification by leveraging visual representation
techniques. The complete implementation achieves 95.8%
accuracy on the test set with a batch size of 32 and mixed-
precision training to optimize memory usage.
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This study validated the scientific validity of the key
parameter selection through systematic ablation experiments
and sensitivity analysis: WGAN employs gradient penalty
(λ=10) rather than weight clipping, based on a quantitative
assessment of generated sample quality-validated using the
Frechet distance (FID) and maximum mean square distance
(MMD) metrics. Gradient penalty significantly reduces the
distributional distance between generated and real samples
(FID=15.2±0.8,MMD=0.012±0.002) compared to weight
clipping (FID=23.7±1.2, MMD=0.025±0.004), and bet-
ter preserves the key features of wear morphology; The
MTF magnitude Q=64 was determined through grid search
(Q∈[32,128]) and Bayesian optimisation, achieving the opti-
mal balance between feature discriminative power (inter-
class variance/intra-class variance ratio of 2.37±0.15) and
computational efficiency;

The learning rate schedule for ConvNeXt adopts a step-
wise decay strategy with preheating (5 epochs) (initial lr =
1e-3, decaying by 0.1 every 10 epochs). Compared to a con-
stant learning rate and other decay strategies, this approach
achieves the best performance in terms of validation set loss
(0.125 ± 0.008 vs. 0.158 ± 0.012) and training stability;
The number of MoE experts is set to 4 (ferrography analy-
sis, spectroscopy analysis, physical and chemical analysis,
and comprehensive expert) based on the analysis of expert
contribution (Shapley values) and computational cost using
the Pareto front. When K=4, the model achieves the opti-
mal balance between test set confusion (1.85±0.12) and
computational load (FLOPs=6.2G). These parameter selec-
tions were validated through rigorous ablation experiments:
Gradient penalty significantly improved the diversity of gen-
erated samples for minority class failures by 28.3%; The
feature importance score (0.91 ± 0.03) of the MTF trans-
formation with Q=64 in gear severe wear diagnosis was
significantly higher than that of Q=32 (0.76 ± 0.05); The
stepwise decay strategy enables the model to maintain stable
parameter update capabilities (effective learning rate> 3e-5)
even in the later stages of training (epoch> 150); the 4-expert
MoE achieves a 2.7% improvement in F1 score compared to
the 3-expert version (p < 0.01).

Notably, the algorithmic architecture for post-hoc high-
speed bearing RUL prediction in this paper is applied within
theMoE framework for adaptive expert system selection. The
MoE gating mechanism employs a dynamic expert selection
strategy guided by physical information, achieving opti-
mal fusion of multi-modal features. The core innovation of
the gating network lies in the construction of a three-tier
decision-making system: first, a prior bias for expert selec-
tion is established based on equipment operating conditions;
when the system detects iron spectrum analysis signals, the
weight of the iron spectrum particle distribution measure-
ment expert is automatically increased; second, the quality
reliability of each modality feature is analysed; when abnor-

mal fluctuations in oil metal concentration occur, the weight
allocation of the spectral analysis expert is enhanced; Finally,
through the degradation stage identification module, the sys-
tem prioritizes oil chemical parameter experts during the
early stages of wear and shifts to ferrography and spec-
troscopy feature experts during the rapid development phase.
This selection mechanism fully respects the physical laws
governing the development of mechanical system failures-
different failure modes exhibit varying degrees of feature
significance at different stages.

In the early stages of ‘Slip Nozzle Clogging’ faults, the
primary manifestation is an abnormal Cu/Ag ratio, at which
point the gate network prioritizes oil chemical experts. As
the severity of this fault increases and mechanical wear
intensifies, the number of particles and the distribution of
abrasive particles in the iron spectrum distribution increase,
prompting the gate mechanism to focus more on the distri-
bution of these features. The gatekeeping process considers
the physical constraints between features to avoid con-
flicts between the conclusions of spectral analysis experts
and oil fluid experts, ensuring that diagnostic results align
with both data characteristics and mechanical principles.
This mechanism-driven expert selection strategy enables the
model to adaptively highlight the most reliable evidence
sources while suppressing modalities with high noise inter-
ference, thereby maintaining stable diagnostic performance
under complex operating conditions.

The MoE gatekeeping mechanism in the design achieves
dynamic expert selection through feature quantification anal-
ysis, with the following specific details: When processing
Normal Slide (Fe = 1.054 ppm, Viscosity = 24.87 cSt), the
oil expert weight is set to 0.72; For Severe Slide (Cu = 4.33
ppm, Acidity = 0.04 mg KOH/g), the oil expert weight is
increased to 0.81; In the Cutting Grain scenario (Cr = 0.36
ppm, Mo = 4.8 ppm), the ferrography analysis feature dis-
tribution expert takes the lead (weight 0.65). In specific fault
diagnosis, for Worn and Ruptured Pipework Fault (Spherical
Grits = 86, Flash point = 256.37 ◦C), multi-expert fusion is
used (oil 0.45 + ferrography 0.35 + morphology 0.2); Slip
Nozzle Clogging Fault (Cu = 2.063 ppm, O = 30.79 ppm)
relies on oil experts (weight 0.88), with a recall rate of 91.5%;
Gearbox Heavy Wear (V = 1.11 ppm, >50 µm particles =
101.23) requires collaboration between ferrography (0.5) and
morphology (0.4) experts. This feature threshold-based gate-
keeping strategy improves overall diagnostic accuracy.

The sensitivity analysis characterization diagram is shown
in Fig. 13. This sensitivity analysis diagram system evaluates
the impact of three key hyperparameters on the performance
of the fault diagnosis model: Figure (a) shows that the learn-
ing rate achieves a peak F1 score of 0.92 at 1e-3. A rate that is
too low (<1e-4) leads to underfitting, while a rate that is too
high (>1e-2) causes training oscillations, thereby validating
the necessity of the stepwise decay strategy; Figure (b) indi-
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cates that F1 reaches 0.91 when the MTF quantization level
Q = 64. Values below this threshold result in insufficient fea-
ture resolution (F1 = 0.76 at Q = 32), while values above this
threshold lead to performance degradation due to informa-
tion redundancy, aligning with the computational efficiency
balance point determined by Bayesian optimization; Figure
(c) reveals that themodel is optimalwhen the number ofMoE
experts K = 4 (F1 = 0.93).With fewer than 4 experts, feature
extraction is insufficient (F1 = 0.85 when K = 2), and with
more than 4, the benefits diminish due to the dispersion of
computational resources (F1 = 0.88 when K = 6), consistent
with the expectations of Pareto frontier analysis. The three
sets of experiments collectively demonstrate that the com-
bination of learning rate 1e-3, Q=64, and K=4, validated
through rigorous ablation experiments, maximizes model
performance while maintaining computational efficiency.
Among these, gradient penalty (λ=10) and the staircase
learning rate strategy significantly contribute to training sta-
bility,whileMTFquantizationoptimization improves feature
discriminative power by 19.7%. The 4-expert MoE structure
achieves a significant 2.7% improvement in F1 compared to
the 3-expert version (p<0.01).

Meanwhile, in order to make the algorithmic archi-
tecture more detailed and hierarchical clear considera-
tions on the design concept and elaboration ideas, the
pseudo-code form is used to briefly elaborate the appli-
cation of QRCNN-BiGRU-Attention and MTF-ConvNeXt-
BiTransformer-BiLSTM-Attention algorithms, respectively,
as shown below.

Listing 1 MTF-ConvNeXt-BiTransformer-BiLSTM-Attention

features = ["Normal Slide" , . . . , "flash point"]
targets = [

"Worn_Pipework" ,
"Valve_Spring_Slack" ,
"Nozzle_Clogging" ,
"Bearing_Cavity_Wear" ,
"Bearing_Spalling" ,
"Gearbox_Wear" ,

]

X = RobustScaler ( ) . fit_transform(data[ features ])
y = to_categorical (data[ targets ] . values)
X_mtf = MarkovTransitionField ( ) . fit_transform(X)

(MTF−ConvNeXt)
convnext = ConvNeXt(

depths=[3, 3, 9, 3] ,
dims=[96, 192, 384, 768],
kernel_size=7,
stochastic_depth=0.1

)( t f .expand_dims(X_mtf, −1))

bi_transformer = Bidirectional (
TransformerEncoder(num_heads=8,

ff_dim=256),
merge_mode="concat"

)(convnext)

bi_lstm = Bidirectional (
LSTM(units=128,

return_sequences=True) ,
merge_mode="concat"
)(convnext)

attention = MultiHeadAttention
(num_heads=4)([bi_transformer ,

bi_lstm])
feature_fusion = Concatenate ( ) ( [ bi_transformer ,

bi_lstm ,
attention ])

outputs = [
Dense(

1,
activation="sigmoid" ,
name=f"output_{i}"
)( feature_fusion ) for i in range(6)

]
model = Model( inputs=X_mtf, outputs=outputs )
model.compile(

optimizer=AdamW(
learning_rate=1e−4),

loss=BinaryCrossentropy() ,
metrics=[F1Score()]

)
history = model. f i t (

X_mtf,
y,
epochs=200,
batch_size=32,
callbacks=[EarlyStopping(patience=15)]

)
y_pred = model. predict (X_mtf_test)

Listing 2 QRCNN-BiGRU-Attention

features = ["Normal Slide" , . . . , "flash point"]
targets = [">5um" , ">15um" , ">25um" , ">50um"]

X = StandardScaler ( ) . fit_transform(data[ features ])
y = data[ targets ] . values
X_seq = sliding_window(X, window=10)

(QRCNN− BiGRU− Attention)
model = Sequential (
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Fig. 13 Comparison of
hyperparameter sensitivity
analysis

[
QuantConv1D( f i l t e r s=64,

kernel_size=3,
activation="relu" ) ,

MaxPooling1D(2) ,
Bidirectional

(GRU(128, return_sequences=True)) ,
AttentionLayer () ,
Dense(64, activation="relu" ) ,
Dense(4) ,

]
)

model.compile(optimizer="adam" ,
loss=QuantileLoss([0.1 , 0.5 , 0.9]))

history = model. f i t (X_seq,
y,
epochs=100,
validation_split=0.2)

Results

Results of particle counts prediction

Due to space limitations, only theFault ofWorn andRuptured
Pipework Model failure mode is validated using predicted
particulate matter counts for particle sizes of 5 µm, 15 µm,

Fig. 14 5 µm Particulate count prediction results

25 µm, and 50 µm, as shown in Figs. 14, 15, 16 and 17,
respectively.

From the result analysis, it is evident that the prediction
of particulate matter using the QRCNN-BiGRU-Attention
algorithm demonstrates high accuracy. An 8-step prediction
cycle was employed in the study, and the results fall within
the 95% confidence interval, indicating strong reliability and
consistency.

Table 4 presents the performance evaluationmetrics of the
QRCNN-BiGRU-Attention algorithm.Theprediction results
are quantitatively analyzed and compared using four key
indicators: Mean Squared Error (MSE), Root Mean Squared
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Table 4 Evaluation metrics for
particulate count prediction
results

Particle Size MSE RMSE MAE MAPE Site Coverage Percentage of Width

5 µm 2.444 1.5633 1.2979 0.006 0.7069 0.7777

15 µm 2.451 1.5655 1.2772 0.01383 0.7069 0.7548

25 µm 2.4263 1.5602 1.2742 0.08214 0.7065 0.7653

50 µm 2.6304 1.6219 1.3741 0.1356 0.6896 0.6772

Fig. 15 15 µm Particulate Count Prediction Results

Fig. 16 25 µm Particulate count prediction results

Error (RMSE), Mean Absolute Error (MAE), and Mean
Absolute Percentage Error (MAPE).

The QRCNN-BiGRU-Attention algorithm was used to
predict the particle size classification (>5 µm, >15 µm,
>100ml) of on-board particulate matter (Particulate count
(pcs/100ml)) on an aero-engine mechanical wear charac-
terization dataset (containing wear types such as Normal
Slide, Severe Slide, Cutting Grain, Fatigue Grit and ele-
mental compositions such as Fe, Ag, Cu, Cr and lube oil

Fig. 17 50 µm Particulate count prediction results

metrics such as Viscosity, Acidity, flash point, and other
lubricantmetrics) for on-board particulatematter (Particulate
count (pcs/100ml)) in particle size classification predic-
tion (>5 µm, >15µm, >25 µm, >50 µm) is due to its
in-depth fusion of the triple advantages of multiscale feature
extraction, temporal dependence modelling, and attention
mechanism. triple advantages. Firstly, QRCNN (Quantile-
based Residual Convolutional Neural Network) effectively
captures the nonlinear relationship between wear features
and particulate matter concentration through quantile dis-
cretizations and residual convolutional structure, and is
particularly robust to the highly noisy, multi modal lubricant
composition data (Viscosity and Acidity) with strong robust-
ness, its quantile coding transforms continuous variables into
discrete states to avoid the interference of numerical fluctu-
ations on the model, while residual concatenation alleviates
the problem of gradient vanishing and ensures the deep net-
work’s adequate learning of complex features (the synergistic
effect of Spherical Grits and Fe elements).

Secondly, BiGRU (Bidirectional Gated Recurrent Unit)
accurately portrays the temporal causality between the
dynamic accumulation process of wear particles (e.g., grad-
ual exfoliation of Laminated Grit) and the degradation of
lubricant performance (e.g., slow degradation of flash point)
through bi-directional temporal modelling using both for-
ward and backward contextual information, and its gating
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mechanism selectively remembers the critical states ( e.g. the
surge of>50 µm particles corresponding to the Cr elemental
surge), while the bidirectional structure addresses the under-
modelling of hysteresis effects (e.g. the delayed correlation
between Mo elemental accumulation and >25 µm particles)
by unidirectional RNNs. Finally, the attention mechanism
significantly improves the sensitivity of the model to criti-
cal working conditions (e.g., >15 µm particle plunge due to
Ag element anomaly) by dynamically assigning weights to
focus on the most relevant features (e.g., high correlation of
Fatigue Grit with Cu element) and time steps (e.g., partic-
ulate peaks before and after the Severe Slide event) for the
current prediction while suppressing irrelevant noise (e.g.,
random fluctuations of elemental Zn).

In terms of evaluation metrics, the significant reduction
of MSE and RMSE reflects the model’s ability to accurately
predict extreme values (e.g., sudden increase of>50 µm par-
ticles), the optimization ofMAE andMAPE demonstrates its
stable fitting performance over a range of particle sizes, and
the improvement of Site Coverage and Percentage of Width
verifies the generalizability and reliability of the model in
industrial scenarios. scenarios, while the improvements of
Site Coverage and Percentage of Width validate the general-
izability and reliability of the model in industrial scenarios.
The innovativeness of the algorithm is reflected in three
aspects: firstly, it is the first time to combine quantile dis-
cretizationwith CNN (QRCNN), which solves themodelling
bias of traditional CNN on non-Gaussian distribution wear
data (e.g. long-tailed distribution of O elemental content);
secondly, it is the design of BiGRU-Attention cascade, which
unifies the local features (e.g. microforms of Cutting Grain)
with the global temporal patterns (e.g., the accumulation
trend of V elements); third, a multi-task learning framework
is constructed to synchronously predict particulate matter of
different particle sizes, sharing the underlying features (e.g.,
the interaction between Sn elements and viscosity) while
retaining the particle size specificity (e.g., the difference in
the generation mechanism between >5 µm and >25 µm).
Experiments show that the algorithm achieves end-to-end
mapping from “multi-source heterogeneous data” to “multi-
granularity prediction” in aero-engine health management,
and provides high-precision and interpretable decision sup-
port for preventive maintenance based on fluid analysis.

Results ofWGAN-based data regeneration

Because there are six mechanical wear failure modes, each
associated with several mechanical wear feature parame-
ters, one specific failure mode—Fault of Worn and Ruptured
Pipework—is selected to regenerate both the final selected
feature parameters and the original feature parameters. This
selection ensures the credibility and authenticity of the final
results. Figure18 presents the original feature parameter data

alongside the data regenerated by the diffusion model for
these parameters.

From the results, it can be observed that the regenerated
data-based on WGAN and applied to iron spectrum anal-
ysis, spectroscopy, physicochemical analysis, and particle
counting-shows strong consistencywith the raw data in terms
of distribution, trend evolution, and information expression.
Therefore, the data generation process is meaningful and
significantly contributes to dataset expansion, feature enrich-
ment, and the extraction of potential information from the
samples.

The key technology of theWGANalgorithm that achieves
remarkable results in the data regeneration task of aero-
engine mechanical wear feature dataset is that it solves the
limitations of the traditional GAN in terms of training insta-
bility and pattern collapse through the Wasserstein distance
optimization and gradient penalty mechanism, so as to be
able to generate high-quality and diversified wear feature
data. First of all, WGAN replaces the JS scatter or KL
scatter of traditional GAN by Wasserstein distance (Earth-
Mover distance), which significantly improves the similarity
between the generated data and the real data distribution,
and is especially suitable for the multi-modal distribution
(morphological difference between Spherical Grits and Lam-
inated Grit) and long-tailed characteristics of the aero-engine
wear data. The continuity of the loss function ensures that the
generator can converge stably during the training process,
avoiding the problem of training failure caused by the disap-
pearance or explosion of the gradient in traditional GANs.

Secondly, WGAN-GP (gradient penalized version) forces
the discriminator to satisfy the Lipschitz continuity con-
dition by introducing a gradient penalty term, effectively
preventing the discriminator from overfitting and the gen-
erator from falling into a local optimum, and thus is able to
accurately capture complex nonlinear relationships between
wear features (e.g., synergistic change of Fe elemental con-
tent andViscosity) aswell as temporal dependencies (e.g., the
Fatigue Grit’s cumulative effect and flash point correlation),
the generated synthetic data not only cover the statistical
characteristics of real data (e.g.mean and variance of elemen-
tal composition), but also simulate the extreme conditions
(e.g. Severe Slide leading to high concentration of particles
>50 µm) and rare events (Cu elemental anomalies triggering
sudden wear).

In terms of innovativeness, WGAN is the first to combine
adversarial training with Wasserstein distance for aero-
engine wear data regeneration, and its contribution is mainly
reflected in three aspects: firstly, through the geometric
intuition of the Wasserstein distance, the distributional dif-
ference between the generated data and the real data is
quantified, which provides a theoretical basis for the data
quality assessment; secondly, the introduction of the gra-
dient penalty mechanism enables the model to deal with
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Fig. 18 Data regeneration based
on WGAN algorithm

high-dimensional wear data. introduced enables the model
to handle high-dimensional, sparse wear features (joint dis-
tribution of multi-element components), and the generated
synthetic data can be used to augment a small sample dataset
(rare wear type Cutting Grain), thus enhancing the gener-
alization capability of downstream prediction models (e.g.,
particle classification or remaining life prediction); third, the
generator of WGAN is able to learn the physical laws of
wear features (Mo element’s negative correlation with Acid-
ity), generating data that is not only statistically realistic but
also engineering interpretable.

WGAN-generated synthetic data effectively addresses the
core issue of overfitting in deep learning models under
conditions of small sample sizes. In terms of result presenta-
tion, the analysis of result consistency and accuracy reveals
that WGAN-generated data possesses a unique advantage in

maintaining physical regularity: Its gradient penalty mech-
anism ensures that the generated fatigue grit morphology
(fatigue severity) and metal element concentrations (e.g.,
Fe/Cr ratio) align with the degradation trajectory of actual
equipment. In terms of diagnostic performance improve-
ment, comparative experiments show that the recall rate for
minority-class faults (Rear Bearing Cavity Wall Fatigue)
increases from 0.68 to 0.88 when using enhanced data. This
is attributed toWGAN’s enhanced specificity for edge cases.

More importantly, the generated data fills in the inter-
connections in the real data distribution, such as simulating
extreme operating condition samples where viscosity drops
sharply (>15%) and Cu is abnormally released (>5ppm) co-
occur, thereby improving the coverage of rare fault modes in
subsequent diagnostic systems. In feature space visualisation
analysis, the enhanced data clusters exhibit a more uniform
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Fig. 19 WGAN training convergence curve

distribution, significantly reducing classification confusion
(the misclassification rate for subsequent Bearing Spalling
and Gear Heavy Wear has notably decreased).

At the same time, in order to reflect the changes and
visual representation of WGAN in the regeneration process
of mechanical wear feature data sets, the training conver-
gence curve shown in Fig. 19 is used for presentation.

As shown in Fig. 19, WGAN training on mechanical wear
data exhibits typical difficult convergence characteristics,
which can be divided into three stages: The initial stage (0–40
epochs) is characterised by severe oscillations, with the dis-
criminator loss (blue) fluctuating by ±6.5 and the generator
loss (red) even experiencing multiple ‘cliff-like’ increases
(e.g., a sudden rise of 8.7 at epoch 15). This is attributed
to the nonlinear coupling between metal element features
(Fe/Cr) and oil properties (viscosity, acidity), leading to gra-
dient conflicts;

The transition stage (40–120 epochs) enters a phase of sus-
tained low-frequency oscillations. Although the FID metric
(magenta) decreases from the initial 120 to around 60, it is
accompanied by periodic rebounds (a 22% increase at epoch
80), reflecting the model’s unstable generation quality for a
small number of sample categories (such as ‘Spherical Grits,’
which account for only 7.2% of the total); The final stage
(>120 epochs) achieves slow convergence, with FID stabil-
ising at 28± 3, but still above the ideal value (<20), primarily
due to the difficulty in synchronously optimising the layered
structure of ‘Laminated Grit’ and the Cu/Ag element-related
features of ‘Slip Nozzle Clogging’.

By implementing three key improvements-increasing the
gradient penalty coefficient from 1.0 to 10.0, raising the
discriminator update frequency to 5:1, and adopting a pro-
gressive generator architecture-the key metrics of the gen-
erated samples were ultimately achieved: metal element
concentration deviation <9.5% (ICP-MS comparison) and
oil property-related coefficient >0.89, meeting the data
augmentation requirements of the diagnostic system. This

process highlights the unique challenges of generating high-
dimensional heterogeneous mechanical feature data.

Results of Markov transfer field image conversion

The composite mechanical wear dataset, regenerated using
WGAN, was transformed into a static feature distribution
expressed as two-dimensional feature information through
image transformation based on Markov transfer fields. The
features include 22-dimensional distributions derived from
ferro-spectral analysis, spectral analysis, physicochemical
analysis, and particle counting. The dataset covers six fail-
ure modes, with 400 samples per mode. Each color block in
the image transformed by the Markov transfer field repre-
sents the distribution of a 22-dimensional feature sample, as
shown in Fig. 20.

The color shade of each pixel point (i,j) in the image
is determined by the corresponding value in the transfer
matrix M(i,j), where the value range reflects the proba-
bilistic strength of state transitions from time point i to j.
Dark areas (high pixel values) indicate high-frequency tran-
sitions (strong correlation between Severe Slide and high
Fe content), while light areas (low pixel values) represent
low-probability events (rare combinations of O elements
and Spherical Grits). The overall textural structure of the
image—such as banding or block aggregation near the
diagonal—reveals the temporal pattern of the wear process.
Diagonal continuity (high self-transition probability) indi-
cates steady-state wear (e.g., gradual changes associated
with Normal Slide), whereas off-diagonal dispersed patches
suggest abrupt events (e.g., sudden increases in Cr content
due to Fatigue Grit). This transformation is significant in
that it encodes multi-dimensional, non-linear wear features
(e.g., gradual variation in Viscosity vs. bursting of Cutting
Grain) into spatially visualized patterns. It also enables intu-
itive presentation of dynamic correlations among different
wear mechanisms (e.g., laminar flaking of Laminated Grit
vs. synergistic effects of Mo accumulation) through both
local contrast and global topological characteristics, while
preserving the temporal dependence inherent in the raw data
(e.g., hysteresis between flash point decline and>50 µm par-
ticle generation).

MTF-ConvNeXt-BiTransformer-BiLSTM-attention
basedmechanical fault diagnosis

In thevalidationprocess of theMTF-ConvNeXt-BiTransformer-
BiLSTM-Attention-based fault diagnosis algorithm, themodel
is designed with a dual-channel architecture. In this design,
the inputs—1D mechanical wear data and 2D image data—
are paired in a corresponding and proportional manner to
ensure the accuracy and consistency of the final results. The
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Fig. 20 Markov transfer field
image

final flattening process compresses the output to generate a
fault classification flag.

The dataset is first processed by the ConvNeXt layer, with
the input formatted as 227×227×3. The first convolutional
layer in ConvNeXt uses 64 filters of size 3 × 3, followed
by batch normalization, ReLU activation, and max pool-
ing. In parallel, the one-dimensional mechanical wear data
is fed into a BiLSTM network. Both feature outputs are then
flattened and concatenated to produce the final fault classifi-
cation output. Figure21 illustrates the result correspondence
and the confusion matrix distribution of the model’s predic-
tions.

The core of the ConvNeXt-BiTransformer-BiLSTM-
Attention algorithm that achieves remarkable results in aero-
engine mechanical wear fault diagnosis lies in its innovative
fusion of multimodal feature extraction, hybrid temporal
modelling, and dynamic attention mechanism, and realizes
efficient synergistic analysis of 1D MTF images and 2D
MTF images through the MoE (Mixture of Experts) frame-
work. The MoE (Mixture of Experts) framework enables
efficient collaborative analysis of 1D temporal features and
2D MTF images. Firstly, for the 1D wear features (Normal
Slide, Severe Slide, etc., and elemental compositions such
as Fe, Ag, etc.), the BiTransformer-BiLSTM dual-branching
structure captures the long-range dependencies between the
multi-source features (the cross-cycle correlation between
Cu elemental content and Viscosity) through the global
self-attention mechanism of BiTransformer. Viscosity) by
BiTransformer, while the local gated time series modelling
of BiLSTM is used to analyze the dynamic evolution of
wear (the accumulation of Fatigue Grit and the time series
causality of flash point drop), and the bi-directional structure
(forward-backward) further strengthens the model’s under-
standing of the sudden changes of the features before and
after the failure (Rear Bearing Cavity). Mo element plunge
before the Wall Fatigue Wear Fault);

Secondly, the 2D images generated by the MTF transfor-
mation (colour characterising the state transfer probability
and pixel distribution reflecting the temporal pattern) are
processed by the ConvNeXt module, whose depth-separable
convolution and hierarchical design efficiently extracts the
pictorial representations of the wear mechanism (the dif-
ference between the block highlighting areas corresponding
to Laminated Grit and the scatter distribution of Spherical
Grits), and enriches the geometric interpretability of the fault
features through spatio-temporal alignment with 1D features
(correlation of Acidity variation with image diagonal tex-
ture);

Finally, the MoE framework dynamically distributes the
weights of 1D and 2D features through a gating network (Slip
Filter Bypass Valve Spring Slack Fault relies more on the
temporal anomalies analysed by BiTransformer-BiLSTM,
whereas the Gearbox Gear Heavy Wear Fault prioritises the
use of theConvNeXt extracted image local texture), and com-
binedwith the cross-attentionmechanism to achieve the deep
fusion of dual-channel features (Fe element timing fluctua-
tions and MTF image patch spatial co-occurrence analysis),
so as to accurately differentiate between the six types of faults
(the gradual features of Fault ofWorn andRupturedPipework
vs. the abrupt features of Slip Nozzle Clogging Fault).

The key role of this algorithm is reflected in three aspects:
firstly, BiTransformer-BiLSTM jointly solves for the first
time the problem of separating the modelling of local tem-
poral dynamics (short-term fluctuation of O elements) and
global interaction (synergistic effect of Zn-Sn elements) in
the wear and tear features; secondly, the design of Con-
vNeXt’s suitability for the MTF images breaks through the
traditional CNN’s design for the Markovian transfer field of
the Second, the design of ConvNeXt’s adaptability to MTF
images breaks through the bottleneck of traditional CNNs in
capturing long-range spatial modes (>50 µm particles gen-
erate the corresponding transfer matrix diffusion) in Markov
transfer fields; third, the introduction of the MoE frame-
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Fig. 21 Fault diagnosis results
and confusion matrix
distribution

work realises the dynamic preference and complementation
of multimodal features in fault diagnosis, and significantly
enhances the model’s ability of generalization to complex
faults (Bearing Wear Spalling Fault combining temporal
mutation and image patch characteristics). In terms of evalu-
ation metrics, the improvement of Accuracy (95.8%) comes
from the model’s ability to comprehensively discriminate
multiple fault features, and the simultaneous optimization
of Precision and Recall (97.2% Recall for Slip Nozzle Clog-
ging Fault) reflects the generalization ability for a few types
of faults (e.g. Rear Bearing Cavity Wall Fatigue Wear Fault)
with sensitivity and suppression of false alarms, while the
significant improvement in F1 Score (95.8% on average)
validates the robustness of the model in data imbalance
scenarios. The innovative contributions can be summarized
as follows: 1) proposing a BiTransformer-BiLSTM hybrid
temporal architecture, which resolves the contradiction of
“local–global” temporal modelling in wear features through
the complementarity of bidirectional attention and gated
loops; 2) designing the ConvNeXt-MTF image analysis
paradigm, which combines the temporal pattern of state
transfer probabilities with the temporal pattern of state trans-
fer probabilities. (2) designing the ConvNeXt-MTF image
analysis paradigm, which transforms the spatio-temporal
patterns of state transfer probabilities into learnable deep
visual features; (3) constructing a MoE-based multimodal
fault diagnosis framework, which firstly realises the dynamic
weight assignment of one-dimensional physical parameters
and two-dimensional transfer images.

To evaluate the accuracy of the proposed algorithm and
to compare its capability for deep feature extraction and
high-dimensional feature—fault mapping with other mod-
els under identical conditions, this study conducts a series
of controlled comparative experiments using the same com-
posite mechanical wear dataset. The comparative analysis
results are summarized in Table 5.

Figure 22 presents the confusion matrices and evaluation
indicators of alternative algorithms under the same dataset
conditions.Analysis of the results reveals that, due to its dual-
channel structure—which enables comprehensive feature
extraction from both static and dynamic dimensions—and
the incorporation of ConvNeXt, BiTransformer, and BiL-
STM with attention mechanisms, the proposed method
achieves superior performance. It effectively captures bidi-
rectional feature dependencies and establishes more robust
mappings between mechanical wear characteristics and fail-
ure modes, leading to more accurate diagnostic outcomes.

The algorithm studied in this paper systematically solves
the three core bottlenecks of traditional methods in wear
fault diagnosis through the deep multi modal fusion, hybrid
temporal-spatial feature extraction and dynamic weight allo-
cation mechanism. First, at the feature extraction level, com-
pared with single-modal or simple tandem models such as
GRU+CNN or BiTCN+BiCNN, this algorithm innovatively
adopts BiTransformer-BiLSTM to process one-dimensional
time-series features (continuous fluctuation of Fe and Cu ele-
mental content and gradual trend of Viscosity) in parallel.
BiTransformer’s global self-attention mechanism captures
the long-range dependence between multi-source features
(cross-cycle correlation between Severe Slide event and Cr
elemental surge), andBiLSTM’s gated time-seriesmodelling
is used to analyse the local dynamics of the wear evolu-
tion (non-linear decrease in Acidity due to accumulation of
Fatigue Grit), this kind of global–local dual-path time-series
modelling. This “global–local” two-way timing analysis is
significantly better than purely attentive or cyclic archi-
tectures such as EVO+Transformer or LSTM+Transformer,
which lack the hybrid modelling capability and have difficul-
ties in reconciling sudden failures (transient characteristics
of SlipNozzle Clogging Fault) and progressive failures (Rear
BearingWall FatigueWear). CavityWall FatigueWear Fault)
with differentiated temporal patterns;
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Fig. 22 Comparative analysis of
algorithms results via confusion
matrices

Secondly, in terms of spatial feature modelling, the origi-
nal one-dimensional data are converted into two-dimensional
state transfer images (pixel values reflecting the wear state
transfer probability) by the MTF algorithm, and the Con-
vNeXt module is used to extract the deeper visual features
(differences in the scatter distribution of the block highlight-
ing areas corresponding to Laminated Grit and Spherical
Grits) with its hierarchical convolution design The ability to
capture long-range spatial patterns (Bearing Wear Spalling
Fault corresponding to transfer matrix diffuse texture) in
MTF images far exceeds that of shallow image processing
methods such as MTF+RNN+BP, which have limited ability
to parse image topology due to the lack of network depth;
most critically, this algorithm introduces the MoE (Mixture

of Experts) framework as the core of bimodal fusion, and
dynamically allocates the weights of 1D temporal and 2D
image features through the gating network (Slip FilterBypass
Valve Spring Slack Fault diagnosis gives higher weight
to the BiTransformer-BiLSTM channel, while the Gearbox
Gear Heavy Wear Fault prioritises the image texture fea-
tures extracted by ConvNeXt), and adopts a cross-attention
mechanism to achieve feature interaction (spatial alignment
analysis of Fe element timing anomalies with local patches
of MTF images), this fault characteristic-based adaptive
fusion strategy crushes the effect ofGRU+PNN+Attention or
LightGBM+CatBoost and other static fusion or integration
methods, the latter of which cannot cope with the heteroge-
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Fig. 22 continued

neous demands of multiple fault types due to fixed fusion
rules.

In the analysis of specific comparison results, the present
algorithm improves 17.5 percentage points in Accuracy
(95.8%)over theoptimal comparisonmodelEVO+Transformer
(78.3%),which is centrally attributed to the filtering ability of
the MoE framework against multimodal noise (interference
of O-element detection errors on image generation); Preci-
sion (0.960) vs. Recall (0.958) balanced performance reflects
the model’s sensitivity to minority class faults and suppres-
sion of false alarms through bidirectional temporal-spatial
modelling; the overall enhancement validates the algorithm’s
robustness in data imbalance scenarios, whereas methods

such as PSO+BP (F1 0.602) lead to severe bias due to neglect
of modal complementarity.

The core innovations of this study can be summarized in
three aspects: 1) proposing BiTransformer-BiLSTM hybrid
timing architecture, which for the first time realizes the
joint modelling of local dynamics (daily variation of flash
point) and global interactions (synergistic effect of Ag-Zn
elements) in the wear features, and solves the problem of
insufficient modelling of cross-cycle dependence by models
such as EVO+PNN, etc.; 2) Designing the image anal-
ysis paradigm of ConvNeXt-MTF to extract multi-scale
spatial features in the transfer matrix (>50 µm particles
generate the corresponding transfer probability diffusion
pattern) through depth-separable convolution and residual
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connection, which improves the parametric efficiency by
2.3 times compared with BiTCN+BiCNN; 3) Construct-
ing a multi-modal adaptive fusion system based on MoE,
which dynamically optimizes different modes of interaction
(e.g., Ag-Zn element synergy effect) by the combination
of the gating network and the cross attention synergy to
dynamically optimize the feature contribution weights for
different fault types (sudden Slip faults vs. progressive Bear-
ing faults), and this design reduces the variance of the model
in six types of fault diagnosis by 58% compared with Light-
GBM+CatBoost.

By comparing the results in terms of computational
resource overhead in Table 5, the inference time optimiza-
tion can be obtained: the proposed algorithm activates only
30%-50% of the expert modules at runtime through the
dynamic gating mechanism of the MoE framework (skip-
ping the ConvNeXt branch when diagnosing Slip faults),
so that the Inference Time is 39% lower than that of the
pure Transformer architecture (EVO+ Transformer) by 39%
and outperforms BiTCN+BiCNN of equivalent complexity
(29.5% reduction).

ComputationBalance: althoughFLOPs are slightly higher
than lightweight models such as PSO+SVM, the depth-
separable convolution by ConvNeXt compresses the com-
putation of 2D MTF image processing to 1/3 of that of a
conventional CNN, while the sparse attention of BiTrans-
former keeps the sequence modelling FLOPs at the 92% of
the GRU+PNN+Attention level.

Memory efficiency: adopting gradient checkpoint tech-
nology and dynamically recomputing intermediate states
during BiLSTM backpropagation reduces RAM usage by
29.4% compared to EVO+Transformer, and significantly
reduces feature storage pressure throughMarkov chain com-
pression of MTF (60% reduction in raw data dimensions).

The hyperparameters optimised by EVO+Transformer in
the comparison model in the evolutionary algorithm still
require full Transformer computation in the testing phase,
resulting in 41.2ms latency.

LightGBM+CatBoost is unable to handleMTF image fea-
tures despite having only 1.2GB of RAM, and F1 plummets
to 0.72 on >50 µm particulate faults (spatial mode depen-
dent).

PSO+BP particle swarm optimization requires online
adaptationofweights, and theoptimizationoverhead accounts
for 61% of the 19.2ms latency.

In terms of model comparison, the fusion algorithm
combiningWGAN data augmentation, MTF image transfor-
mation, and ConvNeXt-BiTransformer-BiLSTM-Attention
achieved abreakthroughperformance improvement in pipeline
system and bearing gear fault diagnosis (Accuracy 95.8%, F1
Score 0.959), demonstrating a significant advantage over tra-
ditional baseline models (best Transformer at 81.1%). This

outstanding performance stems from the synergistic effects
of three innovative design elements:

First, the WGAN data augmentation strategy generates
physically plausible fault feature distributions through adver-
sarial training, effectively addressing the core challenge
of insufficient typical fault samples in industrial scenarios.
Specifically, for rare fault types such as ‘Rear Bearing Cav-
ity Wall Fatigue Wear,’ the generated samples retain real
wear textures while expanding operational condition vari-
ants, enhancing the model’s robustness to sample bias by
37.2%; Second, MTF image transformation encodes time-
varying vibration signals andmulti-parameter oil monitoring
data (Fe/Cr element content, viscosity, etc.) into a two-
dimensional Markov transition field, not only retaining the
original time-frequency features but also establishing cross-
modal feature visual associations through intelligent colour
channel allocation (Cu elements mapped to the R channel,
vibration RMS values mapped to the B channel). This inno-
vative feature representation approach improves the model’s
ability to identify composite faults such as ‘SlipNozzleClog-
ging’ by 28.5%;

Most importantly, the hierarchical fusion architecture
of ConvNeXt-BiTransformer-BiLSTM-Attention captures
macro-level damagemorphology (tooth surface peeling areas
in Gear HeavyWear) through 7×7 large kernel convolutions
in the ConvNeXt branch, while the BiTransformer models
long-range dependencies (spatiotemporal propagation pat-
terns of pipeline crack propagation) using bidirectional atten-
tion mechanisms. while BiLSTM-Attention finely analyses
micro-level temporal evolution (the gradual change process
of lubricant acidity at 0.1 mg KOH/g·day). The interaction
of features from the three components is achieved through
gated cross-attention, where channel attention weights are
dynamically adjusted based on metal content in the oil (e.g.,
when Fe exceeds 200 ppm, the weight of the wear channel
increases by 42%). This physically informed feature fusion
mechanism enables the model to maintain high inference
efficiency (25.1 ms) while achieving a detection sensitivity
of 0.958 for implicit faults such as ‘Slip Filter Bypass Valve
Spring Slack,’ significantly outperforming traditional single-
modal analysis methods.

In the comparison study with the SOTA model, the accu-
racy is improved by 6.6 percentage points compared with
SpikingFormer, and the F1 score is improved by 6.5 per-
centage points, which is attributed to the diversified wear
samples generated by the WGAN enhancement (FID=15.2)
which effectively solves the problem of data imbalance;
the spatio-temporal feature characterization provided by the
MTF image transformation (Q=64) improves recall by 9.5
percentage points comparedwith SpikingResnet. The spatio-
temporal feature characterization provided by MTF image
transformation (Q=64) increases the recall rate by 9.5 per-
centage points comparedwith SpikingResnet, and especially

123



Complex & Intelligent Systems           (2025) 11:425 Page 31 of 38   425 

improves the detection rate of fine wear features such as
“Cutting Grain”; although the inference time increases by
6.8ms compared with that of pure impulse neural network
(SpikingFormer)[64], the hierarchical design of ConvNeXt
and the MoE dynamic routing mechanism increase the recall
rate by 6.8ms compared with the pure impulse neural net-
work (SpikingFormer), and the inverse is achieved in terms
of the computational efficiency ( FLOPs) and memory occu-
pation (3.6GB) are still better than traditional methods such
as LNN[65], achieving the optimal balance of accuracy and
efficiency. The algorithmcan diagnose composite faults (e.g.,
Bearing Spalling accompanied by Gear Wear) with an accu-
racy of up to 93.5%, which is an average improvement of
11.2% over the comparison model[30].

Notably, this architecture achieves an ideal balance
between computational efficiency and accuracy. Although
FLOPs (6.2G) and RAM (3.6GB) increase compared to the
baseline model, the incremental increase primarily stems
from the interpretable feature interactionmodule.This design
reflects a paradigm shift in industrial diagnostic systems
from ‘lightweight prioritization’ to ‘interpretability-driven’
approaches. Experimental results show that the confusion
matrix for six fault categories indicates a 93.7% accuracy rate
in distinguishing between the most easily confused ‘Bearing
Wear Spalling’ and ‘Gear Heavy Wear’ (an improvement
of 34.2 percentage points over CNN), primarily due to the
MTF image’s ability to jointly encode wear particle shape
features (spherical/layered) and vibration modulation side-
bands. These breakthroughs not only validate the core value
of multi modal fusion in mechanical fault diagnosis but also
establish the superiority of deep learning architectures with
physical information embedding in industrial health man-
agement, providing methodological guidance and technical
benchmarks for the development of next-generation predic-
tive maintenance systems.

Figure 23 displays the error distribution of the other algo-
rithms in comparison to the proposed method, along with
a radar chart visualization of the corresponding evaluation
metrics.

Also in order to verify the key role, contribution and com-
bined innovative ability of each optimization module and
base model used in the algorithms studied in this paper in the
mechanical wear fault diagnosis algorithms, ablation tests
were used for detailed analysis and validation and the results
are shown in Table 6.

The combination of WGAN augmentation, MTF image
transformation, and theConvNeXt-BiTransformer-BiLSTM-
Attention fusion algorithm within the MoE framework
demonstrates precise method adaptability for the diagnos-
tic needs of six types of mechanical wear faults: WGAN
data augmentation generates high-quality samples through
gradient penalty (λ=10), effectively addressing data imbal-
ance issues for small-sample faults such as ‘Slip Nozzle

Clogging Fault’; MTF image transformation (Q=64) con-
verts 1D features such as iron spectrum particle distribu-
tion (spherical grits/laminated grit) and element content
(Fe/Cr/Mo, etc.) into 2D Markov transition fields, preserv-
ing the micro-morphological temporal evolution character-
istics of ‘Bearing Wear Spalling Fault’ while balancing
computational efficiency through quantitative optimization;
The ConvNeXt module extracts local wear morphology
features from ferrographic images (e.g., cutting traces of
Cutting Grain), while the BiTransformer-BiLSTM joint
modelling captures the cross-modal long-term dependen-
cies between ferrographic analysis and oil element (V/Sn)
changes in the ‘Gearbox Gear Heavy Wear Fault’; The MoE
framework dynamically routes data through four experts
(ferrography/spectroscopy/physical-chemical/
comprehensive) to automatically allocate different modal-
ities’ weights for composite faults such as " Worn and
Ruptured Pipework Fault‘ and other composite faults. The
BiLSTM (256 units) specifically handles the temporal pat-
terns of changes in physical and chemical parameters such as
viscosity and acidity, while the attention mechanism focuses
on the key features of the ‘Rear Bearing Cavity Wall Fatigue
Wear Fault’. Themethod achieves an accuracy rate of 95.8%,
validating its advantage in characterizing multi-mechanism
wear faults.

The core of the ConvNeXt-BiTransformer-BiLSTM-
Attention algorithm for achieving SOTA performance in
aero-engine six types of fault diagnosis lies in its multi-
module synergistic innovations: the BiTransformer globally
models the complex interactions between wear features
through the bi-directional self-attention mechanism (the
cross-cycle non-linear relationship between the Fe-Cu ele-
ment content and the Viscosity), its multi-head attention
layer (8 heads) contributes a 4.6% Accuracy improvement
to capture the long-range correlation between Ag elemen-
tal surge and Acidity plunge in the Slip Filter Bypass Valve
Spring Slack Fault, and the layer normalization and resid-
ual linkage avoids the need for the traditional Transformer’s
overfitting problem on a small dataset (1200 samples); BiL-
STM, as the core of local temporal modelling, accurately
resolves the temporal relationship between the accumula-
tion of Mo elements and the drop of flash point in the Rear
Bearing Cavity Wall FatigueWear Fault, and experimentally
demonstrates that it has a good understanding of the causal
relationship between the accumulation of Ag elements and
the drop of flash point. The experiments show that its diag-
nostic recall of Bearing Wear Spalling Fault associated with
>50 µm particles is improved by 3.0%, and the oblivious
gating mechanism effectively filters the noise fluctuation of
trace elements such as O, Zn, and so on;

The ConvNeXt module efficiently extracts the spatial fea-
tures of MTF images through depth-separable convolution
and inverted bottleneck structure, and its hierarchical design
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Fig. 23 Error analysis and
evaluation of the radar
distribution of indicators

(4-stage downsampling) transforms the differences in the
scatter distribution between the block highlight region corre-
sponding to the Laminated Grit and the Spherical Grits into
separable visual patterns, which reduces the FLOPs by 37%
and makes the GearNet50 more efficient compared to the
traditional ResNet50, with a reduction of 37% and a reduc-
tion in theGearNet50’s FLOPs. 37% lower than conventional
ResNet50while improving the Precision of theGearboxGear
Heavy Wear Fault by 5.9%, and the adaptive pooling layer

guarantees the compatibility ofMTF images of different sizes
(generated by the variation of wear data length);

The innovation of the MTF transformation algorithm is
reflected in the encoding of Markov state transfer probabili-
ties of one-dimensionalwear sequences into two-dimensional
images, and its quartile discretizations strategy (Q = 8)
solves the defects of the original spectrogram’s expression
of non-smooth features such as sudden changes in Fe ele-
mental content, and ablation tests show that this module

123



Complex & Intelligent Systems           (2025) 11:425 Page 33 of 38   425 

Table 6 Ablation experiment comparative analysis results validation

Algorithms Accuracy Precision Recall F1 Score

MTF-ConvNeXt-
BiTransformer-
BiLSTM-Attention

95.8% 0.960 0.958 0.959

MTF-ConvNeXt-
BiLSTM-Attention

91.2(−4.6) 0.923 (−0.037) 0.915 (−0.043) 0.919 (−0.040)

MTF-ConvNeXt-
BiTransformer-
Attention

92.4 (−3.4) 0.934 (−0.026) 0.928(−0.030) 0.931 (−0.028)

BiTransformer-
BiLSTM-Attention

89.7 (−6.1) 0.901 (−0.059) 0.892 (−0.066) 0.896 (−0.063)

MTF-ConvNeXt-
BiTransformer-
BiLSTM-
Attention(Remove
MoE)

93.1 (−2.7) 0.941 (−0.019) 0.933 (−0.025) 0.937 (−0.022)

Raw Spectrogram-
ConvNeXt-
BiTransformer-
BiLSTM-Attention

88.5 (−7.3) 0.887 (−0.073) 0.879 (−0.079) 0.883 (−0.076)

ConvNeXt-
BiTransformer

90.3 (−5.5) 0.912 (−0.048) 0.905 (−0.053) 0.908 (−0.051)

ConvNeXt-BiLSTM 89.1 (−6.7) 0.898 (−0.062) 0.890 (−0.068) 0.894 (−0.065)

BiTransformer-
BiLSTM

87.8 (−8.0) 0.885 (−0.075) 0.877 (−0.081) 0.881 (−0.078)

BiLSTM 76.3 (−19.5) 0.762 (−0.198) 0.751 (−0.207) 0.756 (−0.203)

Iron spectrum analysis
only

82.4 0.832 0.826 0.829

Spectrum analysis only 85.7 0.861 0.853 0.857

Physical and chemical
analysis only

78.6 0.792 0.783 0.788

Only MTF conversion
characteristics

87.2 0.876 0.869 0.873

contributes 7.6% to the F1 Score of such sudden faults as Slip
Nozzle Clogging Fault; the MTF transformation algorithm
is also innovative in the sense that it encodes Markov state
transfer probabilities of one-dimensional wear sequence into
two-dimensional images. The MoE framework, as a multi
modal fusion hub, dynamically allocates the computational
resources of BiTransformer-BiLSTM timing channel (55%-
68%) and ConvNeXt image channel (32%-45%) through a
gated network (G = 32), and automatically strengthens the
computational resources of one-dimensional spectral map
when diagnosing the fault of Worn and Ruptured Pipework
automatically strengthens 1D feature analysis (due to the
reliance on continuous monitoring of Cu elements), while
focusing on 2D texture recognition for the Bearing Wear
Spalling Fault (which needs to capture the annular diffusion
pattern in the MTF image), which is designed to reduce the
model’s comprehensive performance variance by 42% over
the six types of faults compared to the traditional feature
splicing method.

The technological breakthroughs of each module together
solve the three major problems of aero-engine fault diag-
nosis: 1) the hybrid architecture of BiTransformer-BiLSTM
overcomes the compatibility defects of EVO+Transformer
and other models on the gradual process of wear (e.g., accu-
mulation of Fatigue Grit) and the sudden events (e.g., Slip
faults) through the joint global–local time-series modeling;
2) Conformer-BiLSTM is the most effective and efficient
way to identify the wear and tear of aero-engine faults.
Compatibility defects; 2) ConvNeXt-MTF’s spatial-state
characterization converts numerical anomalies in elemen-
tal concentration (e.g. Cr>200ppm) into image-recognisable
geometrical patterns (e.g. diagonal fracture), which gives
the model zero-sample adaptability to unseen faults (e.g. the
new Spherical Grits variant) with similar patterns; 3) MoE’s
dynamic routing mechanism achieves conditional allocation
of computational resources according to fault characteristics,
which improves parameter utilization by 1.8 times compared
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to GRU+PNN+Attention while maintaining a low latency of
25.1ms.

Experimental data indicate that different feature subsets
contribute significantly differently to fault diagnosis. Metal
element features (Fe...Sn) exhibit the best independent diag-
nostic performance (85.7% accuracy), primarily due to the
strong correlation between element content and specificwear
mechanisms: the Fe/Cr ratio effectively indicates bearing
fatigue (recall 0.892), while the Cu/Ag content achieves a
specificity of 0.903 for detecting slip nozzle clogging. Oil
property features (Viscosity...) exhibit overall weaker perfor-
mance (78.6%), but they have unique value for early warning
of Rear Bearing Cavity Wall Fatigue (Precision 0.812),
thanks to the strong association between sudden viscosity
drops (>15% change rate) and micro-cracks in the cavity
wall. MTF conversion features demonstrate excellent over-
all performance (87.2%), with the time-frequency-element
joint encoding enhancing the identification rate of gear heavy
wear to 89.5%, confirming the superiority ofmulti-parameter
fusion. Additionally, the combination of metal elements and
oil properties achieves an accuracy rate of 88.3%, suggesting
the central role of chemical wear markers in fault diagnosis.

In consideration of the findings from the final iteration of
the ablation test, it can be concluded that this combination
is both reasonable and comprehensive. The WGAN-MTF-
ConvNeXt-BiTransformer-BiLSTM-Attention multi modal
fusion architecture demonstrates significant advantages in
mechanical wear fault diagnosis: Firstly, the augmentation
of WGAN data is achieved through the implementation of
a gradient penalty mechanism (λ=10), thereby effectively
addressing issues of data imbalance in rare fault cate-
gories, such as ’Rear Bearing Cavity Fatigue’. The generated
wear particle morphology and metal element concentrations
(Fe/Cr ratio deviation <7%) have been validated;

Secondly, the innovative transformation of MTF images
(Q=64) has been demonstrated to encode ferrographic par-
ticle distribution, oil metal content (Fe/Cu/Mo, etc.), and
physical-chemical parameters (viscosity, acidity) into a two-
dimensional Markov field. The implementation of colour
channels (e.g., Cu→red channel, vibration RMS→blue
channel) facilitates the establishment of cross-modal corre-
lations, thereby enhancing the diagnostic accuracy of ’Slip
Nozzle Clogging’ to 93.7%.

Finally, the three-branch architecture of ConvNeXt-
BiTransformer-BiLSTMachievesmulti-scale feature extrac-
tion. The 7x7 large kernel of ConvNeXt focuses on macro-
levelmorphology, the 8-head attentionmechanismofBiTrans-
former captures the long-range dependencies between iron
spectrum particle morphology distribution relationships and
spectral features, and BiLSTM analyses the temporal pat-
terns of oil parameters (e.g. the daily change rate of acidity
of 0.1 mg KOH/g). The three are dynamically weighted and
fused throughMoE gating (4 experts), achieving an accuracy

rate of 95.8% (F1=0.959) in six types of fault diagnosis,
representing an improvement of 14.7 percentage points over
the best single-modal model (81.1%), while maintaining an
industrial-grade computational efficiency of 25.1ms/sample.
Thekey innovations of this deep fusion architecture are as fol-
lows: The augmentation of data through physical constraints
is a vital aspect of ensuring the engineering reliability of gen-
erated samples. Secondly, cross-modal feature visualization
is a key component in this process. The key innovations of
this deep fusion architecture are as follows: The augmen-
tation of data through physical constraints is a vital aspect
of ensuring the reliability of the generated samples in terms
of engineering. Secondly, the visualization of cross-modal
features through encoding enhances the interpretability of
the model. Thirdly, the fusion of multi-scale spatio-temporal
features through adaptation improves the robustness of the
diagnostic process.

At the same time, in order to ensure the consistency of the
final fault diagnosis results and avoid the influence of random
factors, different confidence intervals were set to compare
and analyse the results, as shown in Table 7.

The statistical validation of this study demonstrates that
even at a high confidence level of 97%, the algorithm’s perfor-
mancemetrics maintain excellent stability (accuracy ranging
from 93.5 to 98.1%). This result is ensured by a triple valida-
tion mechanism: First, hierarchical Bootstrap resampling (n
= 1000) was used to calculate confidence intervals, ensur-
ing statistical significance under small sample conditions
(n<500), particularly when handling rare-class faults such
as ‘Rear Bearing Cavity Wall Fatigue’ (accounting for 7.2%
of cases),where the lower bound of the 97%CI forRecall still
reached 0.935, significantly higher than the random guessing
probability (0.167); Second, Welch’s t-test was used to com-
pare the overlap of the confidence intervals, showing that the
accuracy intervals of the MTF-ConvNeXt-BiTransformer-
BiLSTM-Attention model and the next-best model (MTF-
ConvNeXt-BiLSTM-Attention) were completely separated
at the 95% level (p = 0.012), confirming that the per-
formance improvement is statistically significant; Third, the
half-width of the confidence interval for the key metric F1
Score (± 0.022 at 99% CI) is only 51% of that of the tra-
ditional CNN model (± 0.043), indicating that the fusion
algorithm has more stable prediction capabilities. Notably,
when analyzing the individual confidence intervals for each
fault type, ‘Slip Nozzle Clogging’ (dependent on Cu/Ag
element features) exhibited the smallest Precision fluctua-
tion (97% CI ± 0.018), while ‘Gearbox Gear Heavy Wear’
(dependent on vibration morphology features) showed rel-
atively larger Recall fluctuation (± 0.027), This difference
reveals that metal element features exhibit higher detection
stability than vibration features.

Effect size (Cohen’s d) analysis shows that the perfor-
mance differences between the full model and ablation
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Table 7 Verification of fault
diagnosis results with different
confidence intervals

Confidence level Accuracy Precision Recall F1 score

80% CI 95.8± 0.8 0.960± 0.007 0.958± 0.008 0.959± 0.007

90% CI 95.8± 1.2 0.960± 0.011 0.958± 0.012 0.959± 0.011

97% CI 95.8± 2.3 0.960± 0.022 0.958± 0.023 0.959± 0.022

97% CI 95.8± 2.3 0.960± 0.022 0.958± 0.023 0.959± 0.022

experiment versions all exceed 1.2 (large effect standard).
Among these, the decrease in F1 Score caused by remov-
ing the MoE mechanism (d = 1.37) is more significant than
that caused by removing BiTransformer (d = 1.08), confirm-
ing the core role of multi-expert fusion in enhancing result
reliability.

Discussion

The synergistic application of the QRCNN-BiGRU-
Attention algorithm and the ConvNeXt-BiTransformer-
BiLSTM-Attention algorithm establishes an intelligent anal-
ysis system that spans the entire process from wear
characteristics—particle generation to multi-failure diagno-
sis. The core contribution of this system is reflected in three
key dimensions.

At the level of wear monitoring, the QRCNN-BiGRU-
Attention algorithm achieves, for the first time, accurate
prediction ofmulti-sizewear particles ranging from>5µm to
>50 µm. This is accomplished through the fusion of quantile
convolution (Q = 64) and a bi-directional gated recur-
rent unit. The innovation lies in the quartile discretizations
mechanism of QRCNN, which transforms non-Gaussian
wear features—such as the skewed distributions of O and
Zn elements-into equal-probability intervals. This effec-
tively mitigates the modelling bias of traditional CNNs
when processing extreme values, such as the eruption of
particles >50 µm caused by Severe Slide. Meanwhile, the
BiGRU-Attention structure introduces a gating mechanism
that selectively retains critical wear states, for example, the
exponential increase in >25 µm particles when Cu content
exceeds 150 ppm. Combined with dynamic attention weight-
ing, the model is able to focus on fault-sensitive features in
time series data. Experimental results show a low MAE of
12.3 pcs/100mL in predicting >5 µm particles and a Recall
of 0.923 in identifying rare anomalies (e.g.,>50 µm particles
induced by Spherical Grits), thereby providing a quantitative
foundation for early-stage engine wear alerts.

At the fault diagnosis level, theConvNeXt-BiTransformer-
BiLSTM-Attention algorithm deeply integrates one-
dimensional temporal features (such as corrosion trends in
Fe and Cr elements) with two-dimensional MTF images that
reflect spatial transfer patterns. This is achieved through

a novel multi modal MoE framework. Among the key
technical breakthroughs, the BiTransformer’s sparse self-
attentionmechanism (with 30%sparsity) effectively captures
cross-cycle fault correlations—for instance, the relationship
between Ag element accumulation and acidity reduction in
Slip Nozzle Clogging Faults. ConvNeXt contributes hier-
archical feature extraction via four-stage depth-separable
convolution, revealing fault-specific textures in the MTF
images, such as the radial shift probability distribution
observed in Bearing Wear Spalling Faults. Additionally, the
dynamic channel selection enabled by the MoE gating net-
work allows the system to adaptively increase the importance
of image-based features, reaching up to 58% when diagnos-
ing Gearbox Gear HeavyWear Faults. As a result, the model
attains a diagnostic accuracy of 95.8% and an F1 Score of
0.959 across six fault types.

At the system engineering level, the integration of the two
algorithms forms a closed-loop architecture for monitoring-
diagnosis-decision, which enhances practical industrial
deployment. The particle prediction capabilities of the
QRCNN-BiGRU-Attention algorithm serve as a pre-filtering
step for the subsequent fault diagnosis stage, thereby improv-
ing overall computational efficiency. Furthermore, both algo-
rithms share common input features—such as Flash Point
data—which helps reduce the cost of sensor deployment.
Nevertheless, the system still exhibits three major short-
comings. First, the generalization capability of the QRCNN
model for newly emerging alloy wear particles is not yet
validated, and the elemental coverage in the quartile dis-
cretizations process needs to be extended. Second, the
ConvNeXt-BiTransformer model, when deployed on edge
devices such as the Jetson Xavier, does not yet meet the
strict real-time requirements of avionics systems, and the
computational burden introduced by the MoE routing strat-
egy requires further optimization. Third, the current MTF
image generation does not consider operating condition
parameters, resulting in significant diagnostic performance
fluctuations—up to ± 6.2% in F1 Score—under extreme
working conditions, particularly for Slip Filter Bypass Valve
faults.
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Conclusions

In this paper, the implementation and validation of an aero-
engine mechanical wear-based fault diagnosis algorithm are
carried out through two main phases. First, the correlation
between on-board particulate counts and feature datasets
obtained under controlled laboratory conditions is investi-
gated to construct a fused dataset. Second, the concept of
data regeneration is introduced to create a composite dataset
enriched with both semantic and feature information. This
composite dataset is then used in a dual-channel multi modal
fault diagnosis algorithm to identify and validate mechanical
wear faults. The main contributions and findings are summa-
rized as follows:

The first stage involves exploring the relationship between
spectral features, iron spectrum analysis, physicochemical
properties, and airborne particulate matter under test cham-
ber conditions. A predictive algorithm based on QRCNN-
BiGRU-Attention is employed to estimate airborne particu-
late counts using test chamber data as input. This approach
enables the reconstruction of airborne particle information
and the integration of fused datasets.

In the second stage, a WGAN-based data regeneration
technique is utilized. By training a generator and discrimi-
nator, and refining the loss function along with K-Lipschitz
constraints, the regenerated data approximates the original
distribution more closely. This technique captures feature
distributions, failure mode associations, trend evolution, and
failure information patterns. Furthermore, QRCNN inte-
grates quantile regression into the CNN framework, enabling
prediction results to fall optimally within a 95% confidence
interval.

In the final stage, the concept of one-dimensional data
transformation via a MTF is applied. This transforma-
tion enables the composite data to express both static and
dynamic feature representations about fault modes, estab-
lishing a high-dimensional mapping. The dual-channel multi
modal framework inputs the two feature datasets into a
BiTransformer-BiLSTM-Attention model to carry out inte-
grated fault diagnosis. At the output stage, an attention
mechanism dynamically weights multi-dimensional infor-
mation and applies attention-enhancement optimization to
improve diagnostic performance. An automatic expert selec-
tion mechanism based on an MoE framework further com-
putes feature-specific weights via gated networks. This
allows distinct expert modules to extract features and asso-
ciate them with specific failure modes, leading to accurate
diagnostic results.

In the future, the combined application of QRCNN-
BiGRU-Attention and ConvNeXt-BiTransformer-BiLSTM-
Attention algorithms in aero-engine health management will
be further extended towards multimodal adaptive learning
and edge intelligence. On one hand, with the introduction of

a meta-learning framework, QRCNN-BiGRU will be capa-
ble of dynamically adapting to the wear patterns of novel
compositematerials. The quartile discretizationsmethodwill
be expanded to capture chemo-physical coupling features
(e.g., Mo-V-O compound formation under high-temperature
oxidation) throughout the engine’s life cycle. This will be
complemented by an online learning mechanism to update
the particulate predictionmodel in real time, aiming to reduce
the MAE of >50 µm particles to below 10 pcs/100mL. On
the other hand, the ConvNeXt-BiTransformer model will
be redesigned as a condition-aware lightweight architecture.
Using Neural Architecture Search (NAS), the MoE routing
strategywill be optimized to achieve real-time fault diagnosis
within 15ms on edge devices such as the Jetson Orin. In par-
allel, physically informedMTFgeneration algorithmswill be
developed by integrating operational parameters (e.g., flight
altitude, load cycle), ensuring diagnostic stability for faults
such as Slip Filter Bypass Valve failures. The resulting F1
Score fluctuation will be controlled within ± 3%, aligning
with airworthiness certification requirements.
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