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An Improved Variational Autoencoder and Graph
Attention Network Method for Wear Prediction of

Aerospace Self-Lubricating Bearing Using
Acoustic Emission Signal
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Abstract—Aerospace self-lubricating bearings are critical
components in aircraft transmission systems, where wear-
induced degradation under high-load and dynamic con-
ditions poses significant challenges to operational safety
and system longevity. In recent years, deep-learning meth-
ods have shown promise in wear prediction by leveraging
abundant monitoring data from sensor networks. However,
these methods often struggle to detect early-stage degrada-
tion and rely on labor-intensive feature engineering, limiting
their effectiveness in handling noisy, high-dimensional data.
To overcome these issues, this article proposes an improved
variational autoencoder (VAE) and graph attention network
method for wear prediction based on acoustic emission (AE)
signals. First, a clustering-guided contrastive VAE (CGC-VAE)
model is proposed to process noisy, high-dimensional AE signals. The CGC-VAE employs K -means clustering to
segment wear stages, combined with Gaussian mixture model (GMM) regularization and contrastive learning, to extract
low-dimensional, discriminative latent features. Subsequently, a temporal graph attention network (T-GAT) is proposed
to construct a dynamic graph based on temporal proximity and feature similarity, which can effectively model the
spatiotemporal relationships of latent features. It employs graph attention mechanism and a long short-term memory
(LSTM) layer for accurate wear prediction. Finally, experimental validation on aerospace self-lubricating bearing datasets,
covering full lifecycle and partial wear scenarios, demonstrates the superior accuracy and adaptability of the proposed
method.

Index Terms— Acoustic emission (AE), graph attention network (GAT), self-lubricating bearing, variational autoencoder
(VAE), wear prediction.

I. INTRODUCTION

SELF-LUBRICATING bearings are essential for ensuring
the safe operation of aerospace systems [1]. However,

extreme operating conditions, such as high loads, oscillatory
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motions, and elevated temperatures, accelerate wear degrada-
tion in these bearings [2]. Such degradation increases friction,
reduces efficiency, and risks mechanical failures that threaten
flight safety, requiring accurate wear prediction to ensure
system reliability [3]. Nevertheless, current traditional meth-
ods, often relying on manual inspections or low-sensitivity
sensors, frequently fail to accurately capture wear degrada-
tion [4]. Consequently, effective wear prediction is critical
to enhancing system reliability, enabling predictive main-
tenance, and preventing catastrophic failures in aerospace
applications.

To address the shortcomings of traditional techniques,
acoustic emission (AE) has emerged as a valuable nonde-
structive testing technique for monitoring wear in mechanical
systems, including sliding bearings used in aerospace appli-
cations. AE technology captures high-frequency stress waves
from material deformation, enabling precise detection of wear-
related changes [5]. Its high sensitivity enables early detection
of wear-related phenomena, which is essential for preventive
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maintenance in critical applications [6], [7]. For instance,
Revill et al. [8] demonstrated the sensitivity of AE in track-
ing wear behavior in aerospace self-lubricating bearing liner
materials, noting its potential to detect subtle changes in
material composition. Similarly, König et al. [9] highlighted
AE’s potential to identify wear-critical conditions in sliding
bearings, especially under mixed friction regimes. However,
in complex aerospace environments, challenges persist as
wear-related signals can be obscured, such as mechanical
vibrations and environmental noise [10]. These challenges
emphasize the need for advanced data-driven methods to
effectively extract and interpret noisy, high-dimensional, and
nonstationary AE signals.

In recent years, deep learning has transformed the analysis
of such complex AE signals and become the mainstream solu-
tion [11], [12], [13], [14]. Unlike traditional machine-learning
methods, which depend on manual feature engineering,
deep learning uses multilayer neural networks to automati-
cally extract latent features from high-dimensional, nonlinear
data [15], [16], [17]. This method significantly reduces reliance
on prior knowledge [18]. Its strength lies in decoupling
noise from meaningful information, making it well-suited for
processing AE signals characterized by high dimensionality
and nonstationarity [19]. For example, Nashed et al. [20]
developed a convolutional neural network (CNN) combined
with a continuous wavelet transform (CWT) to classify gas
turbine faults using AE signals. Likewise, Moradi et al. [21]
integrated complete ensemble empirical mode decomposition
with adaptive noise (CEEMDAN) and long short-term memory
(LSTM) networks. They constructed health indicators for
single-stiffened composite panels under fatigue loading, lever-
aging AE signals to capture nonstationary damage behavior
in aerospace structures. Additionally, Han et al. [22] advanced
AE-based monitoring by proposing a deep CNN (DCNN) with
CWT. This method identified initial damage in aeroengines
using a single sensor, which can achieve feature extraction
from time-frequency images in complex environments. Other
studies have also shown deep learning’s versatility in AE-
based monitoring, such as convolutional autoencoders for
crack evaluation in welded joints [23] and stacked autoen-
coders for AE source localization in aerospace structures [24].
These advances highlight deep learning’s potential to address
AE signal analysis challenges, offering improved feature rep-
resentation for wear prediction in aerospace self-lubricating
bearings compared to traditional methods.

In spite of these advancements, existing deep-learning meth-
ods still face significant limitations in fully capturing the
complex dynamics of AE signals for wear-stage modeling.
For example, Han et al. [25] noted that while LSTM networks
excel in modeling temporal dependencies, they often struggle
with high computational costs and gradient vanishing issues
when processing high-dimensional signal sequences. Similarly,
CNNs are widely used for local feature extraction. However,
Cheng et al. [26] highlighted that their constrained receptive
fields make it challenging to model long-term dependencies in
complex time-series data. Standard variational autoencoders
(VAEs) also have drawbacks. They rely on simple prior
distributions that may fail to capture the intricate features in

AE signals. This limits their ability to extract discriminative
features for degradation states [27].

Recently, graph neural networks (GNNs) have emerged as
a promising paradigm to overcome the above limitations by
explicitly modeling spatial dependencies and spatiotemporal
relationships [28], [29]. For instance, Zhao et al. [30] pro-
posed a heterogeneous temporal GNN (HTGNN). This method
explicitly models diverse temporal dynamics in bearing load
prediction by using graph structures to integrate various signal
characteristics and operating conditions for reliable virtual
sensing. Similarly, Wang et al. [31] used a graph attention
network (GAT) to aggregate features from related signals
based on their similarity, improving the representation of com-
plex relationships. However, many GNN-based methods adopt
sequential architectures, extracting spatial features before tem-
poral modeling, which can lead to prolonged information
propagation paths and potential loss of spatiotemporal inter-
actions, as noted by He et al. [32]. These limitations are
particularly evident with AE signals, which are noisy and
have complex spatiotemporal dependencies. This highlights
the need for more robust feature extraction and modeling tech-
niques adapted to the challenges of AE-based wear prediction.

The limitations of existing methods reveal a critical research
gap in AE-based wear prediction for self-lubricating bearings:
the absence of a unified framework that integrates high-
dimensional feature extraction with robust spatiotemporal
dependency modeling. Current deep-learning methods, while
powerful, often struggle to balance noise robustness with com-
prehensive dependency capture, particularly for nonstationary
AE signals [33]. Similarly, GNN-based methods, in spite of
their spatial modeling capabilities, require enhanced integra-
tion of spatial and temporal features to capture the wear
degradation in self-lubricating bearings [34]. To tackle this
gap, this article proposes a new framework. It focuses on
three critical questions: 1) How can effective wear-related
features be extracted from high-dimensional, nonstationary
AE signals? 2) How can a robust model be developed to
predict self-lubricating bearing wear using AE signals? and
3) How can the proposed method be applied across diverse
operating conditions in aerospace self-lubricating bearings?
These questions are critical, as diverse aerospace operating
conditions demand a robust, adaptable method. Addressing
these questions is essential for ensuring reliable wear
prediction under complex and dynamic environments.

To address the above challenges, this article proposes a
novel wear prediction method integrating a clustering-guided
contrastive VAE (CGC-VAE) and a temporal graph attention
network (T-GAT). Unlike traditional VAEs, CGC-VAE innova-
tively combines K -means clustering with contrastive learning
and Gaussian mixture model (GMM) regularization to extract
discriminative latent features from noisy, high-dimensional
AE signals. This integration enhances the model’s ability
to distinguish wear stages by leveraging pseudo labels and
structured priors, a significant advancement over the standard
VAE’s uniform prior assumption. Complementing this, T-GAT
constructs a dynamic graph based on temporal proximity and
feature similarity, employing a multihead attention mechanism
and an LSTM layer to effectively capture spatiotemporal
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Fig. 1. Framework of the proposed method.

dependencies. This approach overcomes the limitations of
sequential GNNs by reducing information propagation delays
and enhancing feature aggregation.

The main contributions are summarized as follows.
1) A CGC-VAE model is developed to handle high-

dimensional, noisy AE signals. It uses K -means clus-
tering to segment different wear stages, and applies
contrastive learning with GMM regularization to extract
low-dimensional, discriminative latent features that
effectively capture wear degradation patterns.

2) A T-GAT model is proposed to construct a dynamic
graph based on temporal proximity and latent feature
similarity. The model uses a graph attention mechanism
and an LSTM unit to robustly model spatial and tempo-
ral dependencies for wear prediction.

3) The proposed method is validated on experimental
datasets of aerospace self-lubricating bearings. The
results demonstrate superior performance across full
lifecycle and partial wear scenarios through transfer
learning, outperforming baseline methods in wear
prediction accuracy.

The structure of the remaining sections is as follows.
Section II details the proposed wear prediction method,
including AE signal preprocessing, CGC-VAE, and T-GAT
models. Section III describes the experimental design for
aerospace self-lubricating bearing wear testing and presents
the validation results, including full lifecycle and partial wear
predictions.

II. PROPOSED METHOD

The framework of the proposed method for self-lubricating
bearing wear prediction is illustrated in Fig. 1. Initially,

raw AE signals are preprocessed through filtering and nor-
malization to mitigate noise and ensure data consistency.
Subsequently, the CGC-VAE extracts low-dimensional latent
features, enhanced by GMM regularization and contrastive
learning guided by K -means clustering. These features are
then processed by T-GAT, which constructs a dynamic graph
to capture spatiotemporal dependencies, leveraging a graph
attention mechanism and an LSTM layer for wear prediction.
Sections II-A–II-C elaborate on each component of this frame-
work.

A. Data Preprocessing
Raw AE signals, characterized by high-frequency content

and susceptibility to environmental noise, undergo a pre-
processing pipeline to enhance their suitability for analysis.
This pipeline consists of two primary stages: filtering and
normalization, addressing the nonstationary and noisy nature
of the signals.

Filtering eliminates low-frequency noise components that
obscure wear-related information. A high-pass filter with a
cutoff frequency fc is applied, where fc is selected to preserve
the frequency band associated with AE phenomena, such as
friction and crack propagation, while suppressing mechanical
vibrations from external sources [35]. As recommended by [8],
fc is set to 100 kHz to effectively capture AE characteristics.
This filtering process enhances the signal-to-noise ratio, ensur-
ing that the filtered signal x f (t) retains critical characteristics
for subsequent processing.

Following filtering, normalization standardizes the
amplitude of the filtered signals across samples, facilitating
subsequent model training. Min-max normalization is adopted,
scaling the signal to a range [0, 1] according to the
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transformation

xnorm (t) =
x f (t)−min

(
x f (t)

)
max

(
x f (t)

)
−min

(
x f (t)

) (1)

where xnorm(t) denotes the normalized signal, x f (t) indicates
the filtered AE signal, and max(x f (t)) and min(x f (t))
represent the maximum and minimum values of the filtered
AE signal, respectively.

B. Clustering-Guided Contrastive VAE
Self-lubricating bearings in aerospace applications undergo

a distinct wear degradation, typically divided into three stages:
the running-in stage, steady stage, and severe stage [36]. The
running-in stage involves initial surface adaptation with high
AE activity due to material transfer and smoothing. The steady
stage exhibits stable wear behavior with consistent AE signals,
while the severe stage is marked by accelerated degradation
and intensified AE events due to material failure. Capturing
these stages is crucial for accurate wear prediction, as they
reflect the evolving degradation dynamics under high-load and
oscillatory conditions.

To address this, a clustering-based method is employed to
segment the preprocessed AE signals into three distinct wear
states. The K -means clustering algorithm is adopted due to its
stability and efficacy in unsupervised learning scenarios, as it
iteratively minimizes intracluster distances while maximizing
intercluster distances. This segmentation leverages the inherent
similarities in AE signal features, enabling the model to
distinguish degradation states without manual intervention.

The selection of K = 3 as the number of wear stages is
supported by domain knowledge of bearing wear mechanisms.
According to [8], the wear progression in self-lubricating
bearings under aerospace operating conditions is systemat-
ically divided into three phases. The running-in stage is
defined by the initial contact of bearing surfaces, where micro-
asperity interactions lead to elevated friction, material transfer,
and plastic deformation, generating pronounced AE signals.
The steady wear stage follows as surface adaptation occurs,
resulting in a consistent wear rate with moderate AE activity,
reflecting the effectiveness of the lubricating layer. The severe
wear stage is marked by the depletion of lubrication or
the onset of material fatigue, leading to rapid wear, crack
propagation, and heightened AE emissions due to subsurface
damage and debris formation. This tripartite classification,
as proposed in [8], serves as a theoretical foundation for setting
K = 3 in the clustering process.

VAE is a generative model that learns latent representations
by optimizing the evidence lower bound (ELBO), defined as

L (θ, φ; x) = Eqφ(z | x)

[
log pθ (x | z)

]
− DKL

(
qφ (z | x) ∥ p (z)

)
(2)

where qφ(z|x) is the encoder’s approximate posterior, pθ (x |z)
is the decoder’s likelihood, and p(z) ∼ N (0, I ) is the prior
distribution. While VAEs effectively capture general data dis-
tributions, their ability to extract discriminative features from
complex data patterns with varying degradation states is lim-
ited [37]. Building on the K -means segmentation, CGC-VAE

Fig. 2. Structure of CGC-VAE.

is proposed to extract low-dimensional, discriminative latent
features from high-dimensional AE signals. The CGC-VAE
integrates a GMM prior and a contrastive learning loss, both
guided by the K -means clustering results, to enhance feature
discriminability. The structure of the CGC-VAE is illustrated
in Fig. 2. The encoder, composed of 1-D convolutional layers,
maps the preprocessed AE signals to latent representations z,
outputting the mean µ and variance σ . Latent features are
sampled using the reparameterization trick

z = µ+ σ ⊙ ϵ, ϵ ∼ N (0, 1) (3)

where zi ∈ Rd represents the latent feature vector, and
d denotes the latent dimension. The decoder reconstructs the
input as x̂ , while the latent representations z are regularized
by the GMM prior and contrastive learning loss to capture
wear degradation patterns. The training objective balances
reconstruction quality (Lrec), regularization (LKL), and feature
discriminability (LCL), as detailed in Sections II-B.1–II-B.3 .

1) GMM Prior Construction: Standard VAEs rely on a single
gaussian prior, which is inadequate for capturing the com-
plex distributions of AE signals across different wear stages.
To overcome this limitation, a GMM prior is incorporated into
the CGC-VAE, inspired by clustering-based VAEs [38]. The
GMM prior is defined as

pstate (z) =
∑K

k=1
πkN (z | µk, 6k) , (4)

where K = 3 corresponds to the number of wear stages,
πk denotes the mixing coefficient, µk is the mean vector, and
6k is the covariance matrix of the kth Gaussian component.
The subscript “state” reflects the prior’s alignment with the
wear stages.

The GMM prior is initialized using the K -means clustering
results from the preprocessed AE signals. The clustering
assigns pseudo labels {yi }

N
i=1, where yi ∈ 1, 2, 3 denotes the

wear stage of sample i . The GMM parameters are computed
as follows.

1) πk = Nk/N , where Nk =
∑N

i=1 1(yi = k) is the number
of samples in the K th cluster, and N is the total number
of samples.

2) µk = (1/Nk) ·
∑

i :yi=k zi , the mean of latent features in
the K th cluster.
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3) 6k = (1/Nk)·
∑

i :yi−k(zi−µk)(zi−µk)
⊤, the covariance

of latent features in the K th cluster.
The latent features zi are obtained from an initial encoder
pass. This GMM prior captures the complex distribution of
AE signals across the wear stages, facilitating subsequent
contrastive learning.

2) Contrastive Learning: Contrastive learning is a self-
supervised learning technique that learns representations by
contrasting positive pairs (similar examples) against negative
pairs (dissimilar examples), showing great promise in various
domains [39]. In the context of unsupervised feature learning
for complex sequential data, contrastive learning enhances the
discriminability of latent features by leveraging the pseudo
labels from K -means clustering. In this framework, contrastive
learning encourages features within the same wear stage
to be similar while separating those from different stages,
capturing wear degradation patterns effectively. Inspired by
InfoNCE [40], the contrastive learning loss is defined as

LCL = −
1
N

∑N

i=1
log

∑
j :yi=y j

exp
(
sim

(
zi , z j

) /
τ
)

∑N
k=1 exp

(
sim (zi , zk)

/
τ
) (5)

where sim(zi , z j ) is the cosine similarity, τ is a temperature
parameter controlling the softness of the distribution, and
yi , y j ∈ 1, 2, 3 are the cluster labels corresponding to the
wear stages. The value of τ is chosen based on contrastive
learning theory, which indicates that a lower τ sharpens
the similarity distribution, aiding in the separation of wear
stages. LCL maximizes the similarity of the same cluster while
minimizing the similarity of different clusters, enhancing the
robustness of the extracted features.

3) Loss Function and VAE Framework: The CGC-VAE inte-
grates the GMM prior and contrastive learning within a
variational framework, optimizing a combined loss function.
Three loss components are defined to balance reconstruction,
regularization, and feature discriminability.

First, the reconstruction loss measures the difference
between the input data x and its reconstruction x̂ , ensuring
the decoder captures the input’s structural patterns

Lrec =
1

N · L

∑N

i=1

∑L

j=1

(
xi, j − x̂i, j

)2 (6)

where xi, j and x̂i, j are the original and reconstructed signal
values for sample i at time step j , with N samples and signal
length L .

Next, the KL divergence regularizes the encoder’s approxi-
mate posterior qφ(z|x) to align with the GMM prior pstate(z)

LKL = DKL
(
qφ (z|x)

∥∥pstate (z)
)

(7)

where qφ(z|x) = N (z|µφ(x), 6φ(x)) is the encoder’s output
distribution. The contrastive learning loss LCL is as defined
in (5). The total loss is

LCGC−VAE = Lrec + β · LKL + γ · LCL (8)

where β and γ are hyperparameters balancing the trade-
off between reconstruction, regularization, and feature
discriminability.

The CGC-VAE is trained by minimizing the total loss
LCGC−VAE, as outlined in Algorithm 1. The GMM prior

Algorithm 1 Training Procedure of CGC-VAE
Input: AE signals: {xi }

N
i=1, xi ∈ RN , wear depth data: {di }

N
i=1

Output: Latent features: {zi }
N
i=1, zi ∈ Rd

Parameter: number of wear states K , temperature coefficient τ ,
latent dimension d , number of iterations T , hyperparameters β, γ

1: Preprocess wear states: {yi }
N
i=1 ← K _means({xi }, {di }, K )

2: Construct GMM prior according to (4)
3: Initialize VAE parameters: initialize encoder θenc and decoder θdec
4: Train CGC-VAE:
for t = 1 to T do
5: Calculate LCL,Lrec,LKL according to (5),(6) and (7).
6: Update parameter: θ̂enc, θ̂dec

(θ̂enc, θ̂dec)← argmin
θenc,θdec

Lrec + β LKL + γ LCL

end
7: Extract latent features: {zi }

N
i=1 ← Encoder

θenc
(xi )

8: Return {zi }
N
i=1

Fig. 3. Structure of T-GAT.

parameters are updated iteratively using the expectation-
maximization (EM) algorithm, ensuring the prior adapts to the
evolving latent representations. During inference, the encoder
outputs discriminative latent features {zi }

N
i=1, which are used

for downstream wear prediction tasks.

C. Temporal Graph Attention Network
In this section, the T-GAT is developed to model the

spatiotemporal dependencies of the latent features extracted
by the CGC-VAE. As shown in Fig. 3, the latent features
are first used to construct a dynamic graph capturing spatial
and temporal relationships. The graph attention network then
aggregates spatial information, followed by an LSTM layer
to model temporal dynamics, and a fully connected layer to
produce the final prediction.Sections II-C.1–II-C.4 elaborate
on each component.

1) Feature Graph Construction: The latent features extracted
by CGC-VAE, denoted as {zi }

N
i=1, where zi ∈ Rd and N

is the number of samples, are used to construct a graph
G = (V, E, A, X). Here, V represents the set of nodes with
|V | = N , E denotes the edge set, A ∈ RN×N is the adjacency
matrix encoding node connectivity, and X ∈ RN×D contains
the node features. The adjacency matrix A is designed to
integrate temporal proximity and feature similarity, capturing
the spatiotemporal dynamics of the data.

Temporal adjacency, denoted as Atime, is established by
connecting consecutive samples in the sequence to capture
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temporal evolution

Atime (i, i + 1) = Atime (i + 1, i) = 1 (9)

where Atime(i, j) = 0 otherwise. This configuration ensures
that the graph preserves the sequential nature of the
degradation process.

Similarity adjacency, denoted as Asim, is constructed using
the K -nearest neighbors (KNNs) method based on cosine
similarity between latent features, quantifying the structural
resemblance between samples. The cosine similarity is com-
puted as

sim
(
zi , z j

)
=

zi · z j

∥zi∥∥z j∥
(10)

where ∥ · ∥ represents the Euclidean norm. For each node i ,
the cosine similarity sim(zi , z j ) is calculated for all nodes j ,
sorted in descending order, and the K most similar neighbors
are selected to form the similarity neighbor set Si (K ). This
set is defined as

Si (K ) =
{

j | j ∈ Top-K
(
{sim (zi , zk)}

N−1
k=1

})
(11)

where Top-K ({sim(zi , zk)}
N−1
k=1 }) denotes the set of indices

corresponding to the K largest values of sim(zi , zk) after
sorting in descending order. The similarity adjacency matrix
is then defined as

Asim (i, j) =

{
1, if j ∈ Si (K )

0, otherwise.
(12)

The final adjacency matrix integrates both temporal and
similarity relationships

A (i, j) =

{
1, if Atime (i, j) = 1 or Asim (i, j) = 1
0, otherwise.

(13)

2) Graph Attention Network: Graphs provide an efficient
representation of latent features as nodes, with edges capturing
their spatial and temporal relationships. To effectively process
this graph-structured data and fuse information, the GAT is
employed. Introduced by Veličković et al. [41], GAT lever-
ages self-attention mechanisms to capture spatial dependencies
within the graph, assigning attention weights to neighboring
nodes to emphasize the most salient features.

The core of GAT is the graph attention layer (GAL), which
computes node feature representations by focusing on influen-
tial neighbors. The neighborhood set Ni = { j |A(i, j) = 1} is
defined based on the adjacency matrix A. The input features
for node i are denoted as zi ∈ Rd . These features are linearly
transformed using a shared weight matrix W ∈ Rd ′×d , where
d ′ is the reduced dimension. To enhance the stability of the
attention learning process, a multihead attention mechanism
with H heads is adopted. Each head independently computes
the unnormalized attention score eh

i j between nodes i and j
as

eh
i j = LeakyReLU

((
α⊤h ·

[
W zi

∥∥W z j
])

(14)

where αh ∈ R2d ′ is a learnable attention vector for the hth
head, and ∥ denotes concatenation. A mask ensures attention
is applied only to connected nodes

ẽh
i j =

{
eh

i j , if A (i, j) = 1
−∞, otherwise

(15)

and the normalized attention coefficients are obtained via the
Softmax function

αi j = Softmax j
(
ei j

)
=

exp
(
ẽi j

)∑
k∈Ni

exp (ẽik)
(16)

where Ni = { j | A(i, j) = 1} is the neighborhood of node i .
The updated feature for node at the hth head is computed as

zh
i = σ

(∑
j∈Ni

αh
i j W z j

)
(17)

where σ(·) is a nonlinear activation function. The outputs from
all H heads are aggregated to produce the final output

z′i =
1
H

∑H

h=1
zh

i . (18)

3) Temporal Modeling Layer: After the above processing, the
latent features are transformed into time-series representations.
Effectively capturing the temporal dynamics of these sequen-
tial data is essential for accurate wear prediction. To address
this, an LSTM layer is integrated into the temporal modeling
block of the T-GAT. LSTM is widely recognized as one of
the most effective variants of recurrent neural networks for
time-series analysis, designed to address the vanishing gradient
problem in long-term prediction [42], [43]. The LSTM unit,
as illustrated in Fig. 3, consists of a memory cell and a set of
gates, including an input gate, a forget gate, and an output gate.
The memory cell stores and passes memory information across
different time steps, while the gates regulate the addition,
removal, or output of this information, enabling the model
to capture long-term dependencies in the wear degradation.

The output of the GAL, z′i ∈ Rd ′ , forms a sequence {z′i }
N
i=1

that encodes spatially aggregated features over time. This
sequence is fed into the LSTM layer to model the temporal
evolution of wear degradation patterns in the AE signals. The
detailed computations of the LSTM unit are given by

it = σ (Wi xt +Ui ht−1 + bi )

ft = σ
(
W f xt +U f ht−1 + b f

)
ot = σ (Woxt +Uoht−1 + bo)

gt = tan h
(
Wgxt +Ught−1 + bg

)
ct = ft ⊙ ct−1 + it ⊙ gt

ht = ot ⊙ tan h (ct )

(19)

where it , ft , and ot are the activation vectors of the input,

forget, and output gates, respectively, gt is the cell input activa-
tion vector, ct is the cell state vector, and ht is the hidden state
vector at time step t . Here, xt = z′t ∈ Rd ′ is the input feature,
Wi , W f , Wo, Wg and Ui , U f , Uo, Ug are the weight matrices
for input and recurrent connections, respectively, bi , b f , bo, bg
are bias vectors. The LSTM processes the sequence {z′i }

N
i=1

over N time steps, producing a sequence of hidden states
{ht }

N
t=1. The final hidden state hN , encapsulates the temporal
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Fig. 4. Self-lubricating bearing structure.

Fig. 5. Self-lubricating bearing experimental platform.

dynamics of the wear process, integrating both past and current
degradation patterns.

4) Prediction Layer: Following the temporal modeling,
a fully connected layer is employed as the output layer to
perform a linear transformation on hN . The predicted wear
value is computed as

ŷ = Wp · hN + bp (20)

where Wp and bp are the weight and bias of the fully
connected layer, and ŷ represents the predicted wear value.

III. EXPERIMENTAL VERIFICATION

A. Experimental Setup and Dataset
The experimental study focuses on a self-lubricating bear-

ing designed with precise geometric specifications, tailored
for monitoring wear under simulated operational conditions.
Fig. 4 shows the self-lubricating bearing structure, highlight-
ing its key components, including the outer ring, inner ring,
and liner. The bearing consists of an outer ring with an outer
diameter of 36.512 mm and a width of 19.05 mm, paired
with an inner ring having an inner diameter of 19.05 mm,
an outer diameter of 23.37 mm, and a width of 15.06 mm. The
bearing features a spherical outer raceway with a curvature of
0.254 mm and supports an angular misalignment capability of
up to 8◦, ensuring reliable performance under varying loads
and oscillatory motions.

The experimental setup for evaluating the wear performance
of the self-lubricating bearing is a custom-designed test rig,
as depicted in Fig. 5. The test platform integrates four primary
systems: a driving system, a loading system, a control system,
and a measurement system. The driving system employs a
servo motor (Delta ECMA-J11010RS) coupled with a 35:1
reduction gearbox to enable reciprocating oscillation of the

Fig. 6. Experimental setup for wear testing with AE signals.

bearing, simulating real-world operational dynamics. The load-
ing system facilitates both radial and axial force application
through servo-electric cylinders. In the axial direction, loading
is achieved by connecting a loading plate to the bearing
housing via a long screw, with tension and pressure transmitted
through an electric cylinder, and a force transducer measures
the axial loading force. In the radial direction, the loading
module is linked to a servo-electric cylinder via a loading
actuator, with the cylinder mounted on a bracket secured to
a cast iron base using connecting rods and bolts. The control
system, managed by an industrial computer and servo drivers
integrated into a unified control cabinet, ensures accurate
regulation of motion and load parameters via a programmable
logic controller (PLC). The measurement system is equipped
with multiple sensors to capture critical parameters: a torque
sensor monitors torque variations, a temperature sensor tracks
thermal changes, and AE, axial, and radial force sensors
collect mechanical responses for bearing health evaluation.
Specifically, the AE sensor is directly mounted on the outer
ring of the self-lubricating bearing to capture the AE signals
generated during wear degradation with high sensitivity.

Fig. 6 presents the detailed schematic of the experimental
setup for wear testing, highlighting the integration of key com-
ponents. The experimental procedure begins with mounting the
bearing onto the bearing housing, ensuring proper alignment
for axial and radial measurements. Predefined radial and axial
loads, set to replicate real-world bearing stresses, are applied
using servo-electric cylinders. The driving system induces
reciprocating oscillation at a specified frequency, controlled
by the servo motor and gearbox, to simulate cyclic motion.
Throughout the experiment, the measurement system continu-
ously records essential parameters, including torque, axial and
radial forces, temperature, and AE signals. The AE signals,
which capture bearing mechanical responses under loading
and motion, are collected at a 2 MHz sampling frequency.
Among these, the AE signals are acquired by an AE sensor
using 16-bit AD sampling, amplified with a 40 dB gain by
a preamplifier, and digitized by AE hardware before being
processed using AE software for subsequent analysis.

In this section, the proposed method is validated using
experimental data from three wear prediction tasks, as detailed
in Table I. Task 1 involves a complete wear cycle of
bearing 1–1 and bearing 1–2, each with 150 000 wear cycles,
where bearing 1–1 serves as the labeled training set with
wear progression until failure, and bearing 1–2 acts as the
unlabeled test set to validate the model’s performance under
identical experimental conditions. Task 2 and task 3, involving
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TABLE I
DETAILED INFORMATION OF THE DATASET

TABLE II
ARCHITECTURE OF T-GAT

bearing 2 and bearing 3, respectively, contain partial wear data
with 50 000 and 60 000 wear cycles, and are used to evaluate
the model’s ability to predict the wear failure time through
transfer learning. The validation process includes training the
model on task 1 data, transferring the trained model to task 2
and task 3 with limited data.

B. Model Training and Prediction on Task 1
1) Model Training: The full wear cycle data of task 1 is

divided into training data (bearing 1–1) and testing data
(bearing 1–2). The proposed method is first trained on
bearing 1–1 and validated on bearing 1–2 to evaluate its
performance in wear prediction under a complete lifecycle
scenario. The training process involves several key steps.

First, the raw AE signals are preprocessed through high-pass
filtering and normalization to mitigate noise interference,
as described in Section II. The preprocessed signals are then
input into the CGC-VAE, which employs K -means clustering
to segment wear stages, enhancing feature discriminability via
contrastive learning.

Next, the latent features extracted by CGC-VAE are directly
fed into the T-GAT model, which constructs a dynamic graph
structure to capture the spatiotemporal dependencies of the
AE signals. To enhance the model’s capability, a multihead
attention mechanism with H heads is adopted for the GALs.
The architecture of T-GAT consists of two GAT layers to
model spatial dependencies, one LSTM layer to capture
temporal dynamics, and one fully connected layer for final
wear prediction. The GALs compute attention coefficients to
weigh the importance of neighboring nodes, while the LSTM
layer models the temporal evolution of the wear degradation,
enabling the model to effectively integrate both spatial and
temporal information. The detailed structure of the T-GAT
model is summarized in Table II.

The selection of H = 8, as reflected in Table II, is chosen
based on its ability to process diverse feature subspaces

Fig. 7. Convergence of the training loss on task 1.

in parallel, capturing complex spatiotemporal dependencies
in AE signals effectively. Finally, a fully connected layer
transforms the aggregated temporal features from the LSTM
into the predicted wear value. The model is optimized using
the Adam optimizer with an initial learning rate of 0.001 over
200 iterations, employing the mean absolute error (MAE)
as the loss function to minimize the discrepancy between
predicted and actual wear values. The model training results
are shown in Fig. 7.

2) Compared Methods and Evaluation Metrics: To evaluate
the effectiveness of the proposed method, five baseline meth-
ods are introduced for comparative experiments.

a) SVR: This method uses support vector regression on
statistical features of preprocessed AE signals, employing an
RBF kernel, with parameters C and gamma optimized via grid
search for wear prediction.

b) CNN + LSTM: This method uses CNN to extract
features from the AE signals, followed by a two-layer LSTM
network for wear prediction. The CNN consists of six convo-
lutional layers and a fully connected layer to map the features
into the latent space. The LSTM model captures temporal
dependencies but ignores spatial relationships.

c) CNN + T-GAT: This method also employs a CNN to
extract features from the AE signals, which are then fed into
the T-GAT model for wear prediction. The T-GAT model
leverages both spatial and temporal dependencies through its
graph attention and LSTM layers.

d) VAE + T-GAT: This method replaces CGC-VAE with
a standard VAE to extract latent features, which are then fed
into the same T-GAT model for wear prediction.

e) HTGNN: This method adopts the HTGNN
framework [30], which models preprocessed AE signals
as distinct node types within a graph structure to capture
their spatiotemporal relationships.

The performance of all methods is assessed using two
widely adopted metrics: MAE and root mean squared error
(RMSE). These are defined as follows:

MAE =
1
N

∑N

i=1

∣∣yi − ŷi
∣∣ (21)

RMSE =

√
1
N

∑N

i=1

(
ŷi − yi

)2 (22)

where N denotes the total number of samples, ŷi is the
predicted wear value, and yi is the actual wear value. Notably,
a smaller value for both MAE and RMSE indicates superior
model performance.
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Fig. 8. Wear prediction results of task 1. (a) SVR. (b) CNN + LSTM.
(c) CNN + T-GAT. (d) VAE + T-GAT. (e) HTGNN. (f) Proposed method.

TABLE III
WEAR PREDICTION RESULTS ON TASK1 TEST DATASET

3) Results and Analysis: The wear prediction results for all
methods over the 150 000 wear cycles of task 1 are shown in
Fig. 8. Each subplot compares the predicted wear amount with
the true wear amount, along with a 95% confidence interval
(CI) for the predictions and a histogram of prediction errors.

The quantitative results on the test dataset of task 1 are
summarized in Table III, showing the MAE and RMSE values
for wear prediction. The proposed method achieves the lowest
MAE and RMSE, outperforming all baseline methods. From
Table III and Fig. 8, several key observations can be made.

a) SVR [Fig. 8(a)]: This method demonstrates the highest
deviations in wear prediction. These deviations are attributed
to its dependence on statistical features and the absence of
a mechanism to model temporal dynamics, which restricts
its capability to accurately represent the complex wear
degradation patterns.

b) CNN + LSTM [Fig. 8(b)]: This method shows signifi-
cant deviations between the predicted and true wear values,
particularly in the later stages (after 80 000 cycles). The
predicted wear consistently underestimates the true wear in
the later stages, indicating that the CNN + LSTM method
struggles to capture the complex wear degradation patterns,
likely due to its inability to model spatial dependencies.

c) CNN + T-GAT [Fig. 8(c)]: The performance improves
compared to CNN + LSTM, with the predicted wear values
generally closer to the true wear across the wear cycles. How-
ever, the method still exhibits noticeable deviations in the later

stages, where the predicted wear slightly underestimates the
true wear. This suggests that while T-GAT’s ability to model
spatial dependencies helps, the CNN’s feature extraction lacks
the robustness of CGC-VAE, limiting overall accuracy.

d) VAE + T-GAT [Fig. 8(d)]: This method shows larger
deviations compared to CNN + T-GAT, with the predicted
wear often underestimating the true wear, especially in the
early and later stages (before 30 000 and after 80 000 cycles).
The VAE’s lack of contrastive learning and GMM regular-
ization likely results in less discriminative features, leading
to poorer wear prediction performance in spite of the use of
T-GAT for spatiotemporal modeling.

e) HTGNN [Fig. 8(e)]: This method exhibits predicted
wear values with a strong correlation to the true wear.
Nevertheless, minor deviations persist, suggesting that while
HTGNN effectively captures spatiotemporal relationships, its
performance is marginally surpassed by the proposed method,
potentially due to differences in modeling AE signals.

Compared to the above models, the proposed method
[Fig. 8(f)] demonstrates the highest prediction accuracy, with
the predicted wear values closely matching the true wear
across the entire wear cycle. It excels particularly in the
stable wear growth region (60 000–130 000 cycles), where the
predicted wear aligns almost perfectly with the true wear
trend. The combination of CGC-VAE’s contrastive learning
and GMM regularization enables effective feature extraction
from AE signals. Additionally, T-GAT’s ability to model both
spatial and temporal dependencies allows the model to capture
the complex wear degradation patterns more accurately than
the baseline methods.

C. Wear Prediction for Tasks 2 and 3 Using Transfer
Learning

This section applies the model validated in task 1 to predict
the wear failure cycles of bearings 2 and 3 in tasks 2 and 3,
respectively, through transfer learning. Task 1 encompasses
a complete wear cycle, including running-in, steady, and
severe stages, whereas tasks 2 and 3 contain partial wear
data from early operational stages (50 000 and 60 000 cycles,
respectively, as shown in Table I), covering only the running-in
and steady stages without reaching the failure threshold. The
objective is to adapt the pretrained model to these new
bearings and estimate the cycles at which wear failure occurs,
simulating an online prediction scenario with limited data.

1) Transfer Learning Strategy: The transfer learning method
uses the CGC-VAE and T-GAT models pretrained on task 1.
Given that tasks 2 and 3 lack the severe wear stage, the feature
distribution of their AE signals differs from that of task 1.
To address this discrepancy, the CGC-VAE is fine-tuned to
adapt to the partial wear data. Specifically, the encoder and
decoder of the CGC-VAE, pretrained on task 1, are partially
frozen to preserve general feature extraction capabilities, while
K -means clustering is re-applied to the preprocessed AE
signals of tasks 2 and 3, setting K = 2 to segment the
running-in and steady stages. Subsequently, the GMM prior
is updated with two gaussian components based on the new
clustering results, ensuring the latent feature space aligns with
the data distribution of tasks 2 and 3.
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TABLE IV
WEAR PREDICTION RESULTS FOR FINE-TUNING

STRATEGIES ON TASKS 2 AND 3

The T-GAT model is then fine-tuned using all available data
from tasks 2 and 3. To optimize adaptation while mitigating
overfitting, four fine-tuning strategies are evaluated.

1) FC, where only the final fully connected layer is fine-
tuned.

2) FC + 1G, where the FC layer and the last GAT layer
are fine-tuned.

3) FC + 2G, where the FC layer and both GAT layers are
fine-tuned.

4) Full, where the entire T-GAT model, including GAT,
LSTM, and FC layer, is fine-tuned.

Fine-tuning is performed over 50 epochs using the Adam
optimizer with a learning rate of 0.0005, adjusted from task
1 to account for the limited data. The loss function remains
MAE, consistent with task 1.

2) Wear Prediction Results: Using the fine-tuned T-GAT
model and features extracted by the adjusted CGC-VAE, wear
degradation is predicted beyond the labeled data until the
wear reaches the failure threshold, estimating the failure cycles
for bearings 2 and 3. The performance of four fine-tuning
strategies is assessed by computing MAE and RMSE on the
labeled data and analyzing the predicted failure cycles, with
results summarized in Table IV.

It can be seen from Table IV that the FC+1G strategy
achieves the best performance, with an MAE of 0.01215 for
task 2 and 0.01156 for task 3. This strategy effectively bal-
ances adaptability and generalization by fine-tuning only the
final FC layer and the last GAT layer, preserving the pretrained
spatial and temporal features while adapting to the new data.
In contrast, the FC strategy, with limited adaptation, yields
higher errors, while the FC+2G strategy performs slightly
worse than FC+1G due to overfitting risks from fine-tuning
both GAT layers. The full strategy results in the highest
errors due to excessive fine-tuning across all layers, including
the LSTM, leading to overfitting. Across all strategies, task
3 consistently outperforms task 2, which can be attributed
to its larger dataset, providing more representative data for
fine-tuning, as well as the adjusted CGC-VAE’s improved
feature alignment with the partial wear stages. Using the
FC+1G strategy, the model predicts failure at 152 600 cycles
for bearing 2 and 151 500 cycles for bearing 3, with task 3’s
lower MAE suggesting greater reliability in its failure cycle
prediction. The predicted wear curves, along with 95% CIs, are
presented in Fig. 9. The CIs indicate moderate uncertainty in
the failure cycle predictions, primarily due to the limited data
coverage, which lacks the severe wear stage, and the relatively
small dataset sizes in tasks 2 and 3. In summary, the improved

Fig. 9. Wear prediction results using the FC+1G fine-tuning strategy.
(a) Task 2 and (b) Task 3.

Fig. 10. Comparison of prediction performance in ablation experiments
on task 1.

performance of task 3 reflects the effectiveness of the fine-
tuning process, supported by the adjusted CGC-VAE and the
larger dataset.

D. Ablation Analysis
To further assess the effectiveness and importance of each

module in the proposed method, several variant models are
developed by removing key components and assessed using
the wear cycle data of bearing 1. Specifically, the models are
trained on the full wear cycle data of bearing 1–1 and tested
on bearing 1–2, with performance evaluated using MAE and
RMSE as metrics. The variant models are defined as follows.

1) w/o CL: The contrastive learning loss in CGC-VAE is
removed (γ = 0).

2) w/o GMM: The GMM regularization in CGC-VAE is
removed (β = 0), using standard KL divergence instead.

3) w/o Single GAT: The T-GAT model uses only one GAT
layer instead of two.

4) w/o GAT: All GAT layers in T-GAT are removed.
5) w/o LSTM: The LSTM layer in T-GAT is removed.
The prediction performance of these variants is presented

in Fig. 10, which illustrates the impact of removing each
component on MAE and RMSE. The w/o CL variant exhibits
the most pronounced increase in error metrics, indicating that
contrastive learning plays a crucial role in enhancing the
discriminability of latent features within the CGC-VAE. The
w/o GMM variant shows a noticeable rise in errors, suggesting
that GMM regularization is vital for maintaining a structured
latent distribution. When comparing the w/o Single GAT and
w/o GAT variants, both demonstrate a clear degradation in
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TABLE V
SENSITIVITY ANALYSIS FOR PARAMETER τ , β, AND γ ON TASK1

performance, highlighting the importance of multiple GAT
layers in capturing spatial dependencies among AE signals.
Similarly, the w/o LSTM variant reveals a substantial decline
in accuracy, underscoring the essential contribution of the
LSTM layer in modeling temporal dynamics and ensuring pre-
cise tracking of wear degradation over time. In summary, these
results demonstrate that each module significantly contributes
to the overall predictive capability of the proposed method.

E. Parameter Sensitivity Analysis
1) Analysis of Hyperparameters τ, β, and γ : The CGC-VAE

loss function contains three key hyperparameters: the GMM
regularization weight β, the contrastive learning weight γ ,
and the temperature parameter τ in the contrastive loss. The
value of τ was tested in the set {0.03, 0.05, 0.07, 0.10,
0.15, 0.20, 0.30, 0.50}, a range commonly used in contrastive
representation learning for time-series tasks [39]. The weights
β and γ were determined by grid search over [0.1, 1.0] with a
step size of 0.1. The performance is evaluated on task 1 using
MAE and RMSE, and the results are summarized in Table V.

Table V summarizes the sensitivity of the three hyperparam-
eters. The lowest prediction errors are obtained at τ = 0.10,

β = 0.4, and γ = 0.6. For the temperature parameter τ ,
the performance is best near 0.10 and degrades when τ is
either significantly lower or higher than this value, which is
consistent with the widely observed behavior in contrastive
learning for time-series data. For β, errors decrease from
0.1 to 0.4 and increase beyond 0.4, indicating that moderate
GMM regularization effectively aligns the latent posterior
with the multimodal distribution of wear stages without
over-constraining the representation. Similarly, for γ , errors
decrease from 0.1 to 0.6 and rise thereafter, showing that
an appropriate contrastive weight enhances intrastage cohe-
sion and interstage separation while preserving reconstruction
fidelity.

Theoretically, β controls the strength of the KL
regularization toward the GMM prior, balancing latent
structure and flexibility, whereas γ governs the contribution
of the clustering-guided contrastive loss. The selected values
τ = 0.10, β = 0.4, and γ = 0.6 achieve the best trade-off
among reconstruction accuracy, latent distribution alignment,
and feature discriminability.

2) Analysis of the Number of Adjacent Nodes K: In the
T-GAT model, the graph structure is constructed using a KNN

Fig. 11. Performance comparison with K values change on task 1.

method, where each sample node is connected to its K most
similar neighbors based on cosine similarity. The choice of
K significantly affects the graph’s quality and the model’s
ability to capture spatial dependencies for wear prediction.
To determine an optimal K value, a grid search was conducted
over a range of K from 1 to 20, with performance evaluated on
the wear cycle data of bearing 1 from task 1 using MAE and
RMSE as the metrics. The search was performed by training
the T-GAT model with each K value while keeping other
hyperparameters constant, and the results are summarized in
Fig. 11.

The grid search results reveal that K = 1 results in the
highest prediction error due to an overly sparse graph, which
fails to capture sufficient spatial relationships among AE
signal segments. As K increases from 1 to 8, the prediction
error decreases progressively, indicating improved modeling
of spatial dependencies with an increasing number of neigh-
bors. The minimum prediction error is observed at K = 8,
suggesting that this configuration achieves an optimal bal-
ance between capturing relevant local structures and avoiding
excessive noise. Beyond K = 8, the prediction error increases
with noticeable fluctuations, particularly as K approaches 20,
attributable to the inclusion of less relevant neighbors that
degrade graph quality and predictive accuracy. This trend
underscores the trade-off between connectivity and noise, with
K = 8 identified as the point of optimal performance.
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TABLE VI
SENSITIVITY AND STABILITY ANALYSIS OF K -MEANS

WEAR-STAGE CLUSTERING

Based on the grid search analysis, K = 8 is selected as the
neighborhood size for KNN-based graph construction in the
T-GAT model, providing a data-driven justification for its
use in capturing spatiotemporal dependencies effectively.
This value is recommended for practical applications in
self-lubricating bearing wear prediction to ensure robust and
reliable performance.

3) Analysis of K-Means Clustering for Wear-Stage Segmen-
tation: Although the selection of three clusters (K = 3) is
physically supported by the classical three-stage wear mech-
anism of self-lubricating bearings, the significant noise and
nonstationarity of AE signals necessitate quantitative veri-
fication of clustering stability. A systematic sensitivity and
stability analysis was, therefore, performed on the complete
dataset of bearing 1–1. First, K -means clustering was per-
formed for K ranging from 2 to 6, and the resulting partitions
were evaluated using the silhouette coefficient (SC) and the
Calinski–Harabasz index (CHI). Second, to assess robustness
against random initialization, the clustering with K = 3 was
repeated 50 times using different random seeds. Consistency
was measured by the adjusted rand index (ARI) relative to the
first run. The results of both experiments are summarized in
Table VI.

As shown in Table VI, both the SC and the CHI reach
their highest values at K = 3, which agrees well with
the three-stage wear mechanism of self-lubricating bearings.
In addition, the ARI averaged over 50 random initializations
is 0.969 with a standard deviation of 0.019. This indicates
that the clustering result for K = 3 is highly consistent and
insensitive to random initialization. The above results confirm
that setting the number of wear stages to three is reasonable
and that the K -means clustering applied to the latent features
is sufficiently stable. Therefore, the pseudo labels generated
by this clustering can be reliably used to guide the contrastive
learning and GMM regularization in the CGC-VAE.

4) Performance Under Multibearing Mixed Training: To fur-
ther verify the robustness of the proposed method to individual
differences among bearings, an additional multibearing mixed
training experiment was conducted. The experimental dataset
was constructed by combining the data from bearings 1-1, 1-2,
2, and 3. The pooled data were split into training, validation,
and test sets using a 7:2:1 ratio. The test set contains wear
cycles from bearings 2 and 3, which were not included in
the training process. The training set includes both partial and
full life-cycle data to adequately capture individual variabil-
ity among bearings. Model architecture and hyperparameters
remain identical to previous experiments. Table VII compares

TABLE VII
PERFORMANCE COMPARISON BETWEEN SINGLE-BEARING

AND MULTIBEARING MIXED TRAINING

the performance of single-bearing training versus multibearing
mixed training.

As shown in Table VII, multibearing mixed training reduces
MAE and RMSE by approximately 13%, demonstrating signif-
icantly enhanced robustness to individual bearing differences.
The multibearing mixed training experiment shows that the
proposed method maintains excellent performance even across
different bearing individuals.

IV. CONCLUSION

In this article, a novel method is proposed for wear predic-
tion of aerospace self-lubricating bearings using AE signals,
overcoming challenges associated with high-dimensional and
noisy data in complex operational environments. Initially,
CGC-VAE is employed to extract discriminative latent features
from preprocessed AE signals, using K -means clustering to
segment distinct wear stages, along with contrastive learning
and GMM regularization to enhance feature discriminability.
T-GAT is subsequently integrated to model the spatiotemporal
dynamics of these features through a dynamic graph structure
based on temporal adjacency and feature similarity, facilitating
accurate wear prediction across diverse scenarios. Finally,
experimental validation on aerospace bearing datasets demon-
strates the method’s effectiveness in both full lifecycle and
partial wear scenarios, showcasing its robustness and adapt-
ability through transfer learning. Ablation study and parameter
analysis further validate the critical role of each component,
ensuring reliable performance for predictive maintenance in
aerospace applications.

In spite of these advancements, the proposed method
has certain limitations that warrant consideration. First, the
reliance on a limited dataset may restrict the model’s gen-
eralization ability across diverse bearing types or operating
conditions, as the current validation is based on specific exper-
imental datasets. Second, the computational complexity of the
T-GAT and CGC-VAE models poses challenges for real-time
prediction, particularly in resource-constrained environments
such as edge devices. Third, the method currently uses only
AE signals, potentially missing complementary insights from
multimodal data sources like torque or temperature signals,
which could enhance overall prediction accuracy. These limi-
tations provide valuable insights for future research.

For future research, integrating multimodal data, such as
torque or temperature signals, could further enhance the anal-
ysis of wear degradation. Additionally, exploring advanced
graph-based models to capture more intricate dependencies
in AE signals may improve prediction accuracy across diverse
operating conditions. Last, adapting the framework for real-
time industrial applications, with a focus on computational
efficiency and robustness, presents a promising direction for
practical deployment.
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