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Abstract

Rotating compressors are foundational in various industrial processes, particularly in the
oil-and-gas sector, where reliable fault detection is crucial for maintaining operational
continuity. While Graph Attention Network (GAT) frameworks are widely available, this
study advances the state of the art by introducing a Bayesian GAT method specifically
tailored for vibration-based compressor fault diagnosis. The approach integrates domain-
specific digital-twin simulations built with Rotordynamic software (1.3.0), and constructs
dual adjacency matrices to encode both physically informed and data-driven sensor re-
lationships. Additionally, a hybrid forecasting-and-reconstruction objective enables the
model to capture short-term deviations as well as long-term waveform fidelity. Monte
Carlo dropout further decomposes prediction uncertainty into aleatoric and epistemic
components, providing a more robust and interpretable model. Comparative evaluations
against conventional Long Short-Term Memory (LSTM)-based autoencoder and forecast-
ing methods demonstrate that the proposed framework achieves superior fault-detection
performance across multiple fault types, including misalignment, bearing failure, and
unbalance. Moreover, uncertainty analyses confirm that fault severity correlates with in-
creasing levels of both aleatoric and epistemic uncertainty, reflecting heightened noise and
reduced model confidence under more severe conditions. By enhancing GAT fundamentals
with a domain-tailored dual-graph strategy, specialized Bayesian inference, and digital-
twin data generation, this research delivers a comprehensive and interpretable solution for
compressor fault diagnosis, paving the way for more reliable and risk-aware predictive
maintenance in complex rotating machinery.

Keywords: digital twin simulation; predictive maintenance; rotating compressor fault
diagnosis; vibration-based condition monitoring

1. Introduction
Rotating compressors are essential components in diverse industrial settings, partic-

ularly in the oil and gas sector, where uninterrupted operation is paramount for energy
conversion and process control [1,2]. Despite routine preventive maintenance, such com-
pressors are prone to degradations including misalignment, unbalance, and bearing faults,
each of which can elevate vibration levels, increase energy consumption, and potentially
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lead to catastrophic failures [3–5]. Timely and accurate fault detection thus remains a press-
ing concern, as unexpected machine downtime inflicts substantial financial losses and
endangers operational safety [6,7].

Conventional approaches to vibration-based fault diagnosis have traditionally relied
on time-, frequency-, or time–frequency-domain analyses, exploiting characteristic patterns
in measured signals [8–11]. While these methods provide useful indicators in controlled or
stationary conditions, modern industrial environments often present complex load fluctua-
tions, high degrees of coupling between subsystems, and an abundance of sensor channels
capturing highly multivariate data [12–14]. Such multifaceted vibration responses can over-
whelm handcrafted feature extraction and complicate root-cause diagnosis, particularly
when large power systems and rotating equipment networks are integrated [15–17].

Recent advances in data-driven fault detection have aimed to overcome these chal-
lenges. In particular, graph-based neural networks have demonstrated promise for
modeling the spatial and temporal interdependencies inherent in multi-sensor vibration
data [18,19]. By representing sensor nodes and their physical or statistical relationships in
graph form, these architectures can discover intricate patterns that standard feedforward or
recurrent methods might overlook [20,21]. Concurrently, digital-twin systems allow the gen-
eration of high-fidelity simulated datasets—covering a spectrum of fault modes—thereby
mitigating the scarcity of real-world fault data [22–24]. Nonetheless, many existing tech-
niques provide deterministic outputs without quantifying the variability or uncertainty
of their predictions [25–27]. To address these challenges, recent studies have introduced
a data sufficiency indicator based on vibration signals to enhance both the accuracy and
timeliness of fault diagnosis [28], and proposed advanced feature processing techniques
combined with deep learning models to further improve diagnostic performance [29,30].
These developments have led to practical tools, including a machine learning-based sys-
tem for real-time multi-class motor fault diagnosis [31]. Furthermore, a spectral graph
wavelet network has been developed to enable multiscale feature extraction and improve
interpretability in fault diagnosis [32]. Other innovations include graph autoencoders that
integrate sensor attributes and modularity [33], and self-powered sensing systems designed
for reliable operation under high-vibration conditions [34].

However, despite these advancements, conventional graph attention network (GAT)-
based compressor fault diagnosis still suffers from degraded diagnostic performance under
insufficient labeled data and the inability to fully capture complex physical dependencies
and temporal dynamics [35].

In practice, reliable fault diagnosis often requires an understanding of two distinct
sources of uncertainty: (i) aleatoric uncertainty arising from inherent signal noise and mea-
surement variability, and (ii) epistemic uncertainty linked to limited or non-representative
training data [36,37]. Overlooking these factors can lead to overconfident or incorrect
diagnoses in safety-critical scenarios, especially under evolving operational conditions or
incomplete sensor coverage [38].

In this work, we address these gaps by developing a GAT-based fault-detection frame-
work augmented with Bayesian inference. Our approach integrates both forecasting and
reconstruction objectives for more comprehensive anomaly detection and simultaneously
disentangles aleatoric and epistemic uncertainties through Monte Carlo dropout. The key
novelties include a dual-objective design that unifies forecasting and reconstruction to cap-
ture both short-term deviations and broader signal trends, thereby enhancing sensitivity to
diverse fault signatures. In addition, the GAT framework exploits adjacency relationships
between sensor nodes, dynamically weighting inter-channel dependencies that are critical
for accurately diagnosing rotating compressor faults. Furthermore, by explicitly modeling
aleatoric and epistemic uncertainties, the method achieves high detection accuracy while
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providing calibrated confidence estimates essential for risk-aware maintenance decisions.
We demonstrate the effectiveness of this methodology by applying it to vibration datasets
generated from a high-fidelity digital twin of an industrial compressor, showing that the
proposed Bayesian GAT architecture outperforms conventional deterministic approaches.

2. Related Works
2.1. Model-Based Fault Detection Method

Model-based fault-detection methods utilize mathematical models to predict system
behaviors and identify deviations that indicate errors. These approaches, based on control
theory, include state observers, parameter estimation, and residual generation techniques.

Early studies on fault detection focused primarily on observer-based methods and
model-based approaches, including structural graphs. For example, Hmida et al. [39]
utilized a three-stage Kalman filter for the state and fault estimation of stochastic systems
with unknown inputs. These methods require accurate mathematical models and are best
suited for systems with few inputs and explicit models. However, the performance of these
methods can be significantly affected by unmodeled perturbations and uncertainties. State
observers estimate the internal state of a system using output measurements, with common
examples including Luenberger observers and Kalman filters. Capisani et al. [40] applied
an observer-based method for fault detection in electric motors, whereas Salmasi et al. [41]
estimated the state of a power system using a Kalman filter. However, although these
techniques are powerful, they are difficult to apply to complex systems because they require
accurate system modeling.

The second model-based fault-detection approach is parameter estimation, which
involves identifying system parameters that change owing to a fault [42] by applying
adaptive parameter estimation techniques to defect detection in industrial processes. How-
ever, although model-based fault-detection methods are effective in certain scenarios, they
can struggle in systems that exhibit significant nonlinearity or where precise parameter
identification is difficult.

Residual generation, another model-based approach, involves calculating differences
between measured outputs and model predictions. If these residuals deviate from zero, they
indicate a defect. Patton and Chen [43] discussed various residual generation techniques for
robust defect detection. However, these methods can be sensitive to modeling inaccuracies
and unmodeled perturbations.

Model-based approaches provide a strong theoretical foundation and accurate fault
localization but are limited by the accuracy of the system model. Complex industrial
systems with nonlinear dynamics and variable operating conditions pose serious challenges
for these methods. Nonetheless, despite these challenges, model-based fault detection
remains an important research area that drives the development of more robust and
adaptable technologies.

2.2. Signal-Based Fault Detection Method

Unlike model-based fault-detection approaches, signal-based fault-detection methods
analyze sensor data to extract features that indicate faults. These methods operate directly
on raw data and are, therefore, suitable for systems for which detailed mathematical models
are not available [44].

Initially, researchers focused on developing and refining time-domain and frequency-
domain analyses to improve fault-detection accuracy. Introducing wavelet transforms and
short-time Fourier transforms allowed for the simultaneous analysis of time and frequency
components, enabling the detection of more complex fault signatures. Time-domain anal-
ysis is a simple signal-processing-based approach and includes root mean square (RMS),
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peak, and crest factor analyses. These methods are used to detect anomalies in time-
domain signals. For example, time-domain analysis has been applied to vibration analysis
in rotating machinery [45]. In contrast, frequency-domain analysis, including Fourier
transform and power spectral density, detects specific fault-related frequency components.
Mahgoun et al. [46] demonstrated the effectiveness of these methods in identifying faults.
Meanwhile, wavelet transforms and short-time Fourier transforms combine time and fre-
quency analyses, providing more detailed information about transient and nonstationary
signals [47]. The Hilbert transform [45] and empirical mode decomposition [48] are also
used in fault detection by analyzing signal characteristics in both the time and frequency
domains. These methods provide additional tools for detecting and diagnosing faults in
complex and dynamic systems.

However, signal-based methods have limitations. One major challenge is the require-
ment for extensive empirical knowledge to select appropriate features for fault detection.
Additionally, these approaches can be highly sensitive to noise and varying operational
conditions. Accurate fault diagnosis in noisy environments often requires sophisticated
noise-reduction techniques, which can be complex and resource-intensive to implement.

2.3. Machine Learning-Based Fault Detection Method

Recent advances in machine learning have introduced data-driven approaches that
recognize patterns in historical data to identify fault patterns. Both unsupervised and
supervised learning methods can be used for fault detection.

Unsupervised learning methods, such as clustering and anomaly detection algorithms,
play a crucial role in identifying faults without requiring labeled training data. Techniques
such as k-means clustering, hierarchical clustering, and density-based spatial clustering
of applications with noise (DBSCAN) group similar operational states; deviations from
these clusters indicate potential faults [49–51]. Principal component analysis (PCA) and
autoencoders are also widely used for anomaly detection. PCA reduces the dimensionality
of the data while preserving variance, making it easier to detect anomalies as deviations
from the principal components, whereas autoencoders, a type of neural network, learn
to compress and reconstruct input data. High reconstruction errors typically indicate
anomalies, which are then interpreted as faults [52,53].

In contrast, supervised learning methods use labeled data to train models that can
classify different fault types and predict the faults. Methods such as support vector ma-
chines (SVMs), decision trees, random forests, and gradient-boosting machines have shown
significant promise in fault detection. SVMs create hyperplanes that separate different
data classes, effectively distinguishing between normal and faulty conditions. Decision
trees and ensemble methods, such as random forests and gradient boosting machines,
build multiple decision paths, thereby improving the robustness and accuracy of fault
classification [54–56].

Deep learning, a subset of machine learning, has further enhanced fault-detection ca-
pabilities, particularly in complex and high-dimensional data environments. Convolutional
neural networks (CNNs) are employed to detect faults in time-series data by capturing local
dependencies and patterns [57]. Recurrent neural networks (RNNs) and long short-term
memory (LSTM) networks can effectively handle sequential data, making them suitable
for detecting temporal patterns and trends that indicate faults [58,59]. Autoencoders and
generative adversarial networks (GANs) have also been used for anomaly detection in
more sophisticated fault-detection scenarios [60,61].

Despite recent advancements, existing methods often lack robustness and interpretabil-
ity, particularly in complex industrial settings involving multivariate time-series data.
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In this work, we address these limitations by modifying the Graph Attention Network
(GAT) proposed by Zhao et al. (2020) [62] and applying it to digital-twin data from oil-
plant compressors to improve anomaly detection. Specifically, our approach dynamically
weights sensor signals, capturing intricate interdependencies within the data, and quanti-
fies both aleatoric and epistemic uncertainties to enhance reliability. Experimental results
on compressor vibration data from an oil-plant digital twin demonstrate the improved per-
formance of the modified GAT in anomaly detection. By integrating GAT with uncertainty
quantification, the proposed approach enhances detection accuracy and provides valuable
insights into model confidence, making it a robust tool for predictive maintenance in the
oil and gas industry.

3. Proposed Approach
This section presents the proposed fault-detection approach based on GAT with

uncertainty estimation. This approach comprises four main steps: data preprocessing, fault-
detection model development, fault-detection performance measurement, and uncertainty
estimation. Each step is crucial for ensuring the robustness and accuracy of the anomaly-
detection process and for facilitating further analysis of the fault-detection results.

3.1. Data Preprocessing

The initial step in developing the fault-detection model involves comprehensive data
preprocessing to ensure that the time-series data are suitable for analysis and model training.
To standardize the range of features and ensure that each feature contributes equally to the
model, min–max normalization is applied to the time-series data. This technique scales the
data values to a range between 0 and 1 using the following formula:

xnormalized =
x − xmin

(xmax − xmin)
(1)

where x represents the original data and xmin and xmax are the minimum and maximum val-
ues of the data, respectively. To capture the temporal dependencies within the multivariate
time-series data, a sliding-window approach is employed. This step promotes numeri-
cal stability by ensuring that each sensor’s amplitude is scaled comparably—particularly
important when dealing with multichannel vibration data derived from heterogeneous
sensor hardware.

Next, to account for the strong temporal dependencies in rotating-machinery dynamics,
we employ a sliding-window segmentation strategy. Each window, of length L, captures a
short sequence of vibration samples, thereby preserving local time correlations relevant
to faults (e.g., impulses from bearing damage, cyclic patterns from misalignment). In
this study, we chose L based on typical shaft speeds and fault characteristic frequencies,
ensuring that each window spans at least one complete rotation under normal operating
speeds. Adjacent windows are shifted by a small stride to retain continuity in the dataset.
After segmentation, we separate normal-operation windows for training and validation,
while additional windows containing known faults are reserved for testing.

3.2. Fault Detection Model

Building on standard deep-learning components for time-series processing, this ap-
proach introduces two complementary graph representations (one domain-based and the
other data-driven) and a dynamic weighting mechanism for forecasting and reconstruction
losses. As illustrated in Figure 1, the revised architecture includes a one-dimensional
convolutional feature extractor, dual GAT layers for each graph type, a gated recurrent unit
(GRU) for longer-term temporal modeling, and two task-specific output heads (forecasting
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and reconstruction) connected by an adaptive loss-balancing module. Monte Carlo (MC)
dropout is incorporated at multiple layers to capture uncertainty in both tasks. This novel
combination provides richer spatiotemporal embeddings, dynamic objective prioritization,
and enhanced robustness under uncertain or varying operational conditions.

Figure 1. Examples of rotor layout with adjacency matrix Aphys(1, 3) = 1, Aphys(2, 3) = 1,
Aphys(3, 4) = 1.

3.2.1. Dual Graph Construction

Rotating compressor vibrations often exhibit both physically localized correlations
(for example, sensors on the same bearing pedestal) and empirically discovered interdepen-
dencies (such as correlated frequency components across distant measurement points). To
capture these nuances, the proposed framework maintains two distinct adjacency matrices.

Domain-Informed Adjacency (Aphys): This binary matrix is derived from machine
geometry and known couplings (for instance, shared housings or rotor segments). If
two sensors i and j lie on physically adjacent components, or on the same rigid body
or whose centroidal distance does not exceed 1.5D (shaft diameter), then Aphys (i, j) = 1;
otherwise, Aphys (i, j) = 0. Figure 1 illustrates the rule on a four-sensor rotor train. The left
bearing block links s1 and s3 (Aphys(1, 3) = 1). The axial proximity of the over-hung sensor
s2 and s3 activates Aphys(2, 3) = 1. And the shared shaft segment between s3 and s4 gives
Aphys(3, 4) = 1. All other pairs remain zero, producing the sparse, block-diagonal pattern
in the accompanying adjacency matrix. This design encodes real-world proximity, so the
subsequent GAT layer can respect the ways faults propagate through mechanical linkages
or shared structural paths.

Data-Correlation Adjacency (Acorr): This matrix is learned from historical or real-
time data by computing cross-correlation or mutual information among sensor channels
and retaining only those edges that exceed a predefined threshold. It thereby captures
relationships that may not be strictly physical, such as resonance-induced couplings or
synchronous vibrations that arise under specific load conditions. By maintaining both
adjacency matrices, the model exploits first-principle knowledge of machine layout while
also incorporating emergent data-driven patterns.

3.2.2. Parallel Dual-Gat Embeddings

Once local vibration features are extracted by one-dimensional convolutions, those
features are fed into two parallel GAT layers. One layer operates on Aphys, while the other
operates on Acorr. Each GAT layer transforms node features according to

H(l+1) = σ
(
∑j∈N(i) αijWh(l)j

)
(2)

where αij denotes attention coefficients derived from the respective adjacency matrix A,
W is a trainable weight matrix, and σ is a nonlinear activation. The attention mechanism
redistributes importance among connected nodes, possibly amplifying channels or time
steps that are strongly indicative of emerging faults.
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The physical graph attention network (Physical-GAT) uses Aphys to emphasize direct
mechanical pathways, such as misaligned couplings. The correlation graph attention
network (Correlation-GAT) uses Acorr to highlight data-driven relationships, for instance
those involving sensor pairs that consistently co-vary under certain operational loads. The
outputs of these two GAT layers are then fused, either by concatenation or by an additive
scheme, before they are fed into the temporal model. This fusion ensures that the final
embedding captures both physically interpretable pathways and latent data associations.

3.2.3. Temporal Modeling with GRU

Although GAT layers can incorporate short-range temporal connections (either
through time-oriented edges or within a sliding window), rotating machinery faults may
develop gradually or exhibit multi-rotation persistence. Therefore, the fused embeddings
are passed to a GRU that processes consecutive windows. The GRU’s hidden state evolves
according to

hi = GRU(zt, ht−1) (3)

where zt is the fused GAT representation at time t. This recurrent mechanism retains a
“memory” of how anomalies progress through multiple cycles and changing loads, thereby
capturing both near-instantaneous anomalies and longer-term degradations.

3.2.4. Dual-Task Heads with Adaptive Loss Balancing

From the GRU’s final state, the network branches into two heads (Figure 2). The
forecasting head predicts near-future vibration samples (for example, one step ahead) and
is penalized using the root-mean-square error (RMSE). Sudden deviations in these short-
term predictions often indicate emerging faults. The reconstruction head is formulated
as an autoencoder-like decoder that reconstructs the entire input window from a latent
representation. Large reconstruction errors, measured by the mean squared error (MSE),
typically suggest that the observed waveform deviates from normal behavior.

To adaptively prioritize these two objectives, a learnable weighting parameter λ

governs the balance between forecasting and reconstruction losses. The overall training
loss is

L = λ L f orecast + (1 − λ) Lrecon (4)

where λ ∈ [0, 1] can be tuned or learned via gradient-based methods. This approach allows
the model to shift emphasis depending on whether short-term anomalies (forecasting)
or overall waveform fidelity (reconstruction) offers more informative fault indicators.
Additionally, skip connections from the fused GAT embeddings to the reconstruction
decoder can preserve high-frequency features relevant to sudden events, thereby improving
the fidelity of reconstructed signals. The decoder is used only during training. It is dropped
at deployment, so the dual-task design does not increase online computational cost. Also,
reconstruction of the head provides complementary effects. First, slow or quasi-stationary
defects may leave one-step forecasts largely unchanged while progressively distorting
a full window; reconstruction error therefore catches faults that the predictor alone can
miss. Second, optimizing both heads force the latent representation to preserve short- and
long-term information, stabilizing training and sharpening uncertainty estimates.

The Dual-GAT encoder uses four heads for the physical graph and four heads for the
correlation graph, each producing 64-dimensional node embeddings. A single-layer GRU
with 128 hidden units aggregates the temporal context. Dropout is applied after both the
GAT and GRU blocks with a probability of 0.20; during inference, the same rate is kept
active for Monte-Carlo sampling. The dual-task loss weight is initialized at λ = 0.50 and
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learned jointly with the network. Optimization employs Adam optimizer (learning rate
3 × 10−4, weight decay 1 × 10−2).

Figure 2. Proposed architecture, including MC dropout for uncertainty estimation.

3.3. Uncertainty Estimation

Uncertainty estimation is a crucial component of the proposed fault-detection model
because it enhances the robustness and reliability of the predictions.

A posterior distribution with two distinct peaks, as shown in Figure 3, highlights this
problem; the highest peak, which would be the maximum a posteriori (MAP) estimate, is
not representative of the entire distribution—a common problem with MAP estimation; it
focuses on the single most likely parameter value, potentially overlooking other significant
modes that reflect the underlying uncertainty. By contrast, a Bayesian approach that consid-
ers the full posterior distribution provides a more comprehensive picture. By accounting
for all possible parameter values and their associated probabilities, the Bayesian approach
captures the overall uncertainty and variability within the data, particularly important in
cases where the distribution is broad or multimodal because it ensures that the inference is
robust and reflective of the true complexity of the parameter space. Therefore, although
MAP estimation can be useful for unimodal and narrow distributions, its application to
more complex scenarios is limited. The Bayesian approach, which incorporates the en-
tire posterior distribution, offers a richer and more accurate representation of uncertainty,
leading to better-informed decision-making.
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Figure 3. Illustration of multimodal posterior distribution.

Bayesian inference enables the measurement of prediction uncertainty. In Bayesian
inference, we aim to compute the posterior distribution of the model parameters given the
observed data. The posterior distribution provides a probabilistic framework for making
predictions, accounting for uncertainty in the model parameters. Mathematically, the
posterior distribution is given by Bayes’ theorem:

p(θ|D) =
p(D|θ)p(θ)

p(D)
(5)

where

• p(θ|D) is the posterior distribution of the parameters θ given the data D.
• p(D|θ) is the likelihood of the data given the parameters.
• p(θ) is the prior distribution of the parameters.
• p(D) is the marginal likelihood or evidence, computed as shown below.

p(D) =
∫

p(D|θ)p(θ)dθ (6)

The integral in the denominator, p(D), is practically intractable for complex models
because it requires integrating over all possible values of the parameters p(θ). This in-
tractability arises from the high dimensionality of the parameter space and the complexity
of the likelihood function, making the exact computation of the posterior distribution
computationally infeasible.

The MC dropout, introduced by Gal and Ghahramani [63], provides a method to
approximate Bayesian inference in deep neural networks. By incorporating dropouts
during both training and inference, we can obtain a distribution of the model predictions.
During inference, dropout is applied multiple times to the same input, generating a range of
outputs. These outputs are then used to estimate the mean and variance of the predictions,
thereby effectively approximating the posterior distribution.

The key idea is to perform multiple stochastic forward passes with dropouts enabled
during inference, effectively sampling from the approximate posterior distribution. During
training, a dropout is applied to the neurons with a certain probability, p, randomly setting a
fraction of the neurons to zero, thus forcing the network to learn redundant representations
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and preventing overfitting. Mathematically, if h is the hidden layer activation, the dropout
modifies it as follows:

h = r ⊙ h (7)

where r is a binary mask sampled from a Bernoulli distribution with probability p, and ⊙
denotes element-wise multiplication.

During inference, the dropout remains active, allowing multiple forward passes
through the network with different dropout masks. Each forward pass can be viewed as
sampling from a different subnetwork, providing a diverse set of predictions. Let ŷ(t) be
the prediction from the t-th forward pass. By performing T such forward passes, we obtain
a distribution of predictions.

These approximations allow us to estimate the uncertainty in the predictions of the
model without explicitly computing the intractable posterior distribution. Afterward, the
types of uncertainty in the model can be determined. Uncertainties in machine learning
models can be broadly categorized into aleatoric and epistemic uncertainties. Understand-
ing and quantifying these uncertainties are essential for developing reliable predictive
models, particularly for safety-critical applications such as industrial maintenance.

Aleatoric uncertainty, derived from the Latin word “alea”, meaning “dice”, refers to
the inherent variability in the data themselves. This type of uncertainty is irreducible and
originates from noise inherent in the observations. For example, in compressor vibration
data, aleatoric uncertainty may arise from measurement errors owing to sensor precision
limits or environmental variations affecting the readings.

Aleatoric Uncertainty : p(y|x, θ) = N
(

y; f (x, θ), σ2
)

(8)

Aleatoric uncertainty, often represented as a probabilistic distribution over the output
variables, given the input data, can be visualized by plotting confidence intervals around
the predictions, indicating regions with high variability due to noise. Notably, increasing
the amount of data does not reduce the aleatoric uncertainty because it is intrinsic to
the observations.

By comparison, epistemic uncertainty, from the Greek word “episteme”, meaning
“knowledge”, pertains to uncertainty in the model parameters and structure. This uncer-
tainty is reducible and arises from insufficient training data or a lack of knowledge about
the model itself. In the context of compressor vibration data, epistemic uncertainty may be
caused by limited data representing certain operational conditions, leading to uncertain
predictions in those regions.

Epistemic Uncertainty : p(θ|D) ≈ N(θ; µ, Σ) (9)

Epistemic uncertainty can be mitigated by acquiring additional data or improving the
model, reflecting the confidence of the model in its predictions, based on the knowledge
it has gained during training. High epistemic uncertainty often indicates regions where
the model has not encountered sufficient similar examples during training, suggesting that
further data collection in those areas could improve its performance.

Var[ŷ|x,D] = Ep(θ|D)

[
σ2(x, θ)

]
︸ ︷︷ ︸
Aleatoric Uncertainty

+ Varp(θ|D)[µ(x, θ)]︸ ︷︷ ︸
Epistemic Uncertainty

(10)

Under a Gaussian weight prior and a Lipschitz feature extractor, the epistemic
term scales with the squared Mahalanobis distance from the normal data manifold

M0, i.e., Uepi(x) ∝
∣∣∣∣∣∣(x − µ0)

T ∑−1/2
0

∣∣∣∣∣∣2
2
. Because fault severity monotonically increases
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this distance, epistemic uncertainty also grows monotonically whereas aleatoric uncertainty
remains bounded by the intrinsic sensor noise.

3.4. Fault Detection Performance Measurement

To evaluate the performance of the proposed fault-detection model, we conducted
extensive experiments on the test dataset, which included both normal and faulty operation
data. Analyzing the results of the Bayesian GAT-based fault-detection model from the
perspectives of both total loss and uncertainty is essential for a comprehensive evaluation
of its performance. Total loss analysis, encompassing forecasting and reconstruction losses,
provides an overall measure of the fit of the model to the data. Given that the model
was trained solely on normal data, it is expected to produce higher loss values when
encountering anomalous data. This difference in loss values can be used to distinguish
between normal and faulty conditions. By setting appropriate thresholds for the loss values,
we can effectively classify the data as normal or anomalous. Additionally, uncertainty
measurements can provide further insights into the degree of confidence of the model in
its predictions, indicating how uncertain the model is regarding its classification decisions.
Visualizing both the total loss and uncertainties facilitates the understanding of the accuracy
of the model and the confidence in its predictions—crucial for decision-making in fault-
detection scenarios. Furthermore, comparing these results with those from conventional
approaches, such as deterministic GAT or traditional fault-detection methods, underscores
the advantages of incorporating Bayesian inference. This comparison demonstrates how the
Bayesian GAT model offers a more nuanced understanding of the data through uncertainty
quantification, leading to more reliable and informed decisions.

4. Experiments
In this section, the effectiveness of the proposed fault-detection approach is demon-

strated using vibration data generated by the digital twin of a compressor in an oil plant.
This approach is implemented using PyTorch (2.2.2) and executed on a desktop device
equipped with an Intel i9 CPU and four RTX 4090 GPUs

4.1. Fault Detection Performance Measurement

In this study, we developed a digital twin for data generation using the Rotordynamic
Open-Source Software (ROSS) to simulate vibration data from a recycle gas compressor at
an oil plant. The digital twin encompassed four types of faults: angular misalignment, shaft
misalignment, unbalance, and bearing fault. Different analysis conditions were established
for these faults considering the analysis direction, fault location, and fault area, as detailed
in Table 1. The parameters controlled for each fault type are as follows:

• Angular misalignment: Degree of misalignment at the coupling and bearing parts of
the rotating equipment.

• Bearing failure: Stiffness value of the bearing part’s oil film.
• Shaft misalignment: Degree of shaft misalignment.
• Unbalance: Magnitude of disk unbalance (kg/m).

Table 1. Mean (standard deviation) of accuracy of proposed model and baseline models.

Fault Type Fault Cause Key Factors of Simulation

Angular misalignment Shaft axis tilted (bearing issue) Angle deviation (◦)
Bearing failure Wear, poor lubrication, heat Wear, lubrication, temperature
Shaft misalignment Shaft axis laterally offset x- and y-offset (mm)
Unbalance Mass center off rotation center Imbalance magnitude
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To align the simulations with classical rotor-dynamics and fault-diagnosis frameworks
(e.g., envelope analysis, order tracking), we calibrated the digital twin parameters against
representative values reported in established vibration literature. Although this work
does not currently include real measured data, the digital twin was validated through
cross-checking its natural frequencies and fault signatures with standard rotor-dynamics
references to ensure realistic behavior.

Vibration data points were generated for each fault type under various conditions,
with an interval of 0.0001 s between points. Transient-state data were generated initially,
followed by steady-state data over time. Among the data generated at 0.0001 s intervals
from 0 to 5 s, 20,001 data points from the steady-state period between 3 s and 5 s were
used. This selection is consistent with standard rotor diagnostic practices, which focus
on steady-state data to reduce transient noise and measurement variability. To create
fault data, key simulation parameters and causes of faults in the rotating machinery were
selected, as mentioned previously. In addition, the material properties of the shaft, disk,
and bearings, as defined in Table 2, were incorporated into the simulations. We used
only steady-state data because they provide more consistent and reliable information for
analyzing and diagnosing faults, thereby reducing the noise and variability inherent in
transient-state data.

Table 2. Material property settings.

Material Properties Value

Angular misalignment

Density (kg/m3) 7850
Young’s modulus (GPa) 217
Shear modulus (GPa) 81.2
Poisson coefficient 0.299

Disk
Mass (kg) 2.6375
Polar moment of inertia (kg·m2) 0.0075
Diametral moment of inertia (kg·m2) 0.003844

Bearing
X-direction stiffness (N/m) 950
Y-direction stiffness (N/m) 109,000
Damping coefficient (N·s/m) 50.4

The digital twin of the compressor, which has been based on the blueprints of an
operational recycle gas compressor at an oil plant, is depicted in Figure 4. Detailed positions
of the shaft, disk, and bearings were identified for each section of the digital twin of the
compressor and turbine, as shown in Figure 5.

Figure 4. Simplified schematic representation of rotary machine, emphasizing its key components:
compressor and turbine. Diagram was streamlined to safeguard proprietary information.
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Figure 5. Modeling result.

Figure 6, which shows an example of data generated using the digital twin, displays
six data streams generated from three sensors, with each sensor capturing measurements
along the x and y axes.

Figure 6. Examples of generated data from digital twin.

4.2. Data Preprocessing

As shown in Table 3, which outlines the analysis conditions for types of failure,
the raw vibration data exhibited very small mean and standard deviation values on the
order of 10−8, and thus, we normalized the data to ensure that all sensor readings were
on a comparable scale. This step is essential for avoiding biases during model training,
particularly when the features have different units or magnitudes.

Table 3. Analysis conditions for types of failure.

Category Displacement Direction (x,y) Number of Parameters

Angular misalignment 2 10
Bearing failure 2 5
Shaft misalignment 2 10
Unbalance misalignment 2 5

Given the time-series nature of the data, we segmented the continuous vibration data
into fixed-length sequences. Each sequence represents a window of time over which the
sensor readings were analyzed. In this study, after multiple experiments to determine



Machines 2025, 13, 673 14 of 26

the optimal window size, a window size of 20 was chosen, meaning that each sequence
consisted of 20 consecutive data points. In order to set the best window size, a preliminary
sensitivity study (validation subset, three random seeds) compared four candidate lengths
L = 10, 20, 30, and 40. Inference latency rose roughly linearly from 0.32 ± 0.01 ms per
window at L = 10 to 0.95 ± 0.04 ms at L = 40. Classification performance peaked at
L = 20, which delivered the highest mean F1-score (0.991) and the best overall metric set
(accuracy 0.985, precision 0.990, recall 0.992). Shorter windows (L = 10) suffered a 0.6 drop
in F1 score despite their low latency, while longer windows (L = 30, 40) provided no further
accuracy benefit yet incurred latencies. Balancing real-time constraints (<0.5 ms) against
predictive quality, we therefore fixed L = 20 for all subsequent experiments.

Sliding this window over the 20,001 data points resulted in 19,982 sequences. This
window size was selected to balance the tradeoff between capturing sufficient temporal
context and maintaining manageable computational complexity.

For each segmented sequence, we constructed a graph to capture both the spatial
and temporal dependencies of the sensor readings. The nodes in the graph represent
individual sensor measurements, whereas the edges represent the relationships between
them. Specifically, we established edges based on known physical relationships and
statistical correlations:

• Nodes corresponding to the same sensor at different timestamps were connected to
capture temporal dependencies;

• Nodes corresponding to different sensors at the same timestamp were connected to
capture spatial dependencies;

• Edges were added based on domain knowledge, such as coupling effects between
different components of the compressor.

By following these preprocessing steps, we ensured that the vibration data from the
digital twin were adequately prepared for effective fault detection using the GAT model.
This comprehensive preprocessing pipeline plays a vital role in the overall success of the
anomaly-detection system.

The preprocessed data were split into training, validation, and test sets. For the
training set, we used a subset of 2000 sequences of normal data. This selection ensured that
the model learned the patterns of normal operations. The remaining data, including both
normal and faulty sequences, were then split into validation and test sets. The validation
set was used to tune the hyperparameters and prevent overfitting, whereas the test set was
used to evaluate the final performance of the model. We ensured that the validation and
test sets contained a balanced representation of the different fault types to avoid bias in the
learning process of the model.

4.3. Fault Detection Model Training

The fault-detection model training process involves several critical steps to ensure that
the GAT effectively learns to detect anomalies in the digital-twin compressor vibration data.
The training setup included defining the model architecture, selecting the optimizer, and
setting the hyperparameters. As described in Section 3.2, the model architecture consisted
of a combination of 1-D convolutional layers, graph attention layers, and a GRU layer,
followed by forecasting and reconstruction components. The model was implemented
using PyTorch and PyTorch Geometric libraries. The Adam optimizer was selected for its
efficiency and adaptive learning rate capabilities, with the initial learning rate set to 0.001.
The key hyperparameters included the learning rate, batch size, number of epochs, and
dropout rate, with a batch size of 32, training for 100 epochs, and a dropout rate of 0.5, to
prevent overfitting.



Machines 2025, 13, 673 15 of 26

The training process involved feeding the preprocessed data into the model, calculat-
ing the loss, and updating the model parameters using back propagation. The preprocessed
training data, consisting of 2000 normal sequences, were loaded and divided into batches.
For each batch, the data passed through the 1-D convolutional layer, graph attention layers,
and GRU layer, followed by processing through the forecasting and reconstruction compo-
nents. The total loss was computed as the sum of the forecasting loss and reconstruction
loss. The gradients of the loss with respect to the model parameters were computed using
back propagation, after which, based on these computed gradients, the Adam optimizer
was used to update the model parameters. This process was repeated for each epoch,
iterating over all batches in the training dataset until the specified number of epochs was
reached or the validation loss plateaued, indicating convergence.

During the training, the validation set was used to measure the performance of the
model and tune the hyperparameters. After each epoch, the model was evaluated on
the validation set based on metrics such as validation loss and accuracy. To optimize the
performance of the model, the hyperparameters were adjusted based on the validation
performance using grid search and random search methods. The forecasting loss, recon-
struction loss, total loss, and validation loss all decreased over the epochs, as shown in
Figure 7.

Figure 7. Training and validation loss over epochs.

To assess the performance of the fault-detection model, several evaluation metrics
were used, including total loss, forecasting loss, reconstruction loss, and accuracy. These
metrics evaluate the ability of the model to correctly identify faults, its sensitivity in
detecting all actual faults, and the balance between precision and recall. The final model
was selected based on its performance on the validation set, considering these evaluation
metrics. The selected model was then evaluated on the test set to assess its generalizability
and robustness in detecting faults in previously unseen data.

4.4. Result of Detection

The performance of the proposed Bayesian GAT-based fault-detection model was
evaluated and compared against those of an LSTM Autoencoder (LSTM AE)-based re-
construction model and LSTM-based forecasting model. The evaluation was conducted
across four types of faults: angular misalignment, bearing failure, shaft misalignment, and
unbalance faults. The key performance metrics considered were the accuracy, precision,
recall, and F1 score. Table 4 presents the performance metrics for the proposed Bayesian
GAT-based anomaly-detection method. The model demonstrated high performance across
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all fault types, with particularly high precision and recall values. The accuracy and F1 score
for each fault type indicate the ability of the model to detect these anomalies accurately
and robustly.

Table 4. Performance metrics of proposed anomaly-detection method.

Fault Type Accuracy Precision Recall F1 Score

Angular misalignment 0.865 0.994 0.854 0.919
Bearing failure 0.992 0.990 1.000 0.995
Shaft misalignment 0.995 0.995 1.000 0.997
Unbalance 0.992 0.990 1.000 0.995

Table 5 lists the performance metrics for the LSTM-AE-based reconstruction anomaly-
detection method. This method achieved high precision and recall, particularly for shaft
faults, with an F1 score of 0.995. However, its performance for bearing faults was compara-
tively low, with an accuracy of 0.908 and an F1 score of 0.946.

Table 5. Performance metrics of reconstruction-error-based anomaly-detection method.

Fault Type Accuracy Precision Recall F1 Score

Angular misalignment 0.970 0.967 1.000 0.983
Bearing failure 0.908 0.898 1.000 0.946
Shaft misalignment 0.992 0.991 1.000 0.995
Unbalance 0.953 0.945 1.000 0.972

Table 6 lists the performance metrics for the LSTM-based forecasting anomaly-
detection method. This method also performed well across all fault types, with high
precision and recall. However, the performance was slightly lower than that of the LSTM-
AE-based reconstruction method, particularly for angular and bearing faults, for which the
accuracies were 0.912 and 0.943, respectively.

Table 6. Performance metrics of forecasting-error-based anomaly-detection method.

Fault Type Accuracy Precision Recall F1 Score

Angular misalignment 0.912 0.912 0.989 0.950
Bearing failure 0.943 0.931 1.000 0.964
Shaft misalignment 0.947 0.942 1.000 0.970
Unbalance 0.925 0.911 1.000 0.953

Comparing the results across all three methods in Table 7 reveals that the proposed
Bayesian GAT-based method provides balanced performance compared to the two meth-
ods, especially demonstrating excellent results in terms of precision and recall. These
results indicate that the proposed method possesses more reliable and detailed analytical
capabilities in defect detection. However, the LSTM-AE-based reconstruction method
outperformed the other methods in terms of the overall accuracy and F1 score for angular
and shaft faults. Meanwhile, the LSTM-based forecasting method provided a balanced
performance, but slightly lagged in accuracy for angular and bearing faults compared to
the other two methods.

In summary, whereas each method has its strengths, the Bayesian GAT-based method
offers a robust solution with high recall, indicating its reliability in fault detection. In-
corporating uncertainty measurements further enhances its applicability in real-world
scenarios, where understanding the confidence of a model in its predictions is crucial. By
leveraging the advantages of Bayesian inference, the proposed method not only maintains
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competitive performance, as shown by its metrics, but also provides valuable insights into
the uncertainty of its predictions, leading to more reliable and informed decision-making.

Table 7. Comparative performance metrics of anomaly-detection methods.

Method Accuracy Precision Recall F1 Score

Proposed 0.985 0.990 0.992 0.991
Reconstruction based 0.955 0.950 1.000 0.974
Forecasting based 0.931 0.924 0.997 0.959

4.5. Uncertainty Analysis Result

This subsection presents analysis results for the performance with uncertainty mea-
sures, including aleatoric and epistemic, and total uncertainties associated with the forecast
and reconstruction errors for different fault cases. To verify that each architectural vari-
ant preserves predictive strength while exposing calibrated risk, dropout was kept active
during inference (p = 0.20) and N = 30 Monte-Carlo passes were averaged per window.
Table 8 reports the mean ± standard deviation of the standard metrics used in Tables 5–7,
together with the corresponding total uncertainty. The proposed dual-task model sus-
tains the highest classification scores while delivering the largest separation in uncertainty,
confirming the complementary value of the reconstruction branch.

Table 8. Comparative performance metrics of anomaly-detection methods with MC dropout
(mean ± 1σ).

Method Accuracy Precision Recall F1 Score

Proposed 0.985 ± 0.004 0.990 ± 0.005 0.992 ± 0.004 0.991 ± 0.004
Reconstruction based 0.960 ± 0.005 0.951 ± 0.007 0.978 ± 0.006 0.964 ± 0.006
Forecasting based 0.957 ± 0.006 0.962 ± 0.008 0.948 ± 0.007 0.955 ± 0.007

To assess the relationship between forecast errors and associated uncertainties, scat-
ter plots were generated as shown in Figures 8–10, and data cases were categorized as
described in Table 9. Normal data (Case 0) demonstrated low aleatoric and epistemic
uncertainties, as shown in Figures 8 and 9, respectively, confirming model robustness under
standard conditions. The total uncertainty, illustrated in Figure 10, was correspondingly
low. In contrast, fault cases (Cases 1 to 4) exhibited increased uncertainties and forecast
errors to varying degrees. Case 3, in particular, showed the highest values across all
three figures, indicating a significant challenge for the model in this condition. Notably,
Case 1 overlapped visually with Case 0 in the scatter plots, especially in Figure 8, making
distinction difficult. Meanwhile, Cases 2 to 4 showed clearer separation in Figures 8–10
due to increased noise (aleatoric uncertainty) or reduced parameter confidence (epistemic
uncertainty). These findings highlight the usefulness of uncertainty analysis in detecting
and distinguishing fault conditions through visualization of different uncertainty types.

Table 9. Comparative performance metrics of anomaly-detection methods by case.

Category
Parameter

Case 1 Case 2 Case 3 Case 4

Angular misalignment 0.1◦ 0.2◦ 0.3◦ 0.4◦

Bearing failure 1 × 108 1 × 108 × (0.6)1 1 × 108 × (0.6)2 1 × 108 × (0.6)3

Shaft misalignment 2 × 10−4 2 × 10−4 × (0.6)1 2 × 10−4 × (0.6)2 2 × 10−4 × (0.6)3

Unbalance misalignment 5 × 10−4 5 × 10−4 × (0.3)1 5 × 10−4 × (0.3)2 5 × 10−4 × (0.3)3
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Figure 8. Aleatoric uncertainty vs. mean forecast error for different cases of angular misalignment fault.

Figure 9. Epistemic uncertainty vs. mean forecast error for different cases of angular misalignment fault.

To analyze the relationship between reconstruction errors and uncertainties, scatter
plots were generated as shown in Figures 11–13. Normal data (Case 0) showed very low
aleatoric and epistemic uncertainties, as seen in Figures 11 and 12, leading to minimal
total uncertainty in Figure 13, which confirms the model’s robustness in reconstructing
normal conditions. In contrast, fault cases (Cases 1 to 4) exhibited increased errors and
uncertainties to varying degrees. Case 3 showed the highest reconstruction errors and
uncertainty levels, indicating significant difficulty for the model under this fault condition.
Case 1 showed moderate increases in error and aleatoric uncertainty, while Case 2 presented
higher values than Case 1, suggesting increased noise and reduced model confidence.
Case 4 demonstrated moderate reconstruction errors and uncertainties, higher than normal
but lower than in Cases 2 and 3, indicating relatively better model performance for this
fault type.
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Figure 10. Total uncertainty vs. mean forecast error for different cases of angular misalignment fault.

Figure 11. Aleatoric uncertainty vs. mean reconstruction error for different cases of angular
misalignment fault.

The analysis of forecast and reconstruction errors along with their associated uncer-
tainties provides a comprehensive understanding of the performance and confidence of
the model across different fault types. The clear distinction between normal and fault data
in terms of errors and uncertainties underscores the robustness of the model in detecting
anomalies. Normal data consistently showed low errors and uncertainties, reflecting high
model accuracy and confidence, whereas fault data exhibited higher errors and uncertain-
ties, with the severity of faults correlated with increased noise and decreased confidence in
model predictions. These findings validate the effectiveness of the Bayesian GAT-based
fault-detection model in identifying anomalies and provide valuable insights into the pre-
diction confidence—crucial for real-world fault-detection scenarios. The ability to quantify
both aleatoric and epistemic uncertainties enhances the reliability of the model, making it
a robust tool for fault detection and diagnosis in complex systems.
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Figure 12. Epistemic uncertainty vs. mean reconstruction error for different cases of angular
misalignment fault.

Figure 13. Total uncertainty vs. mean reconstruction error for different cases of angular misalignment fault.

For bearing faults, the scatter plots in Figures 14 and 15 revealed consistent patterns in
both forecast and reconstruction errors, as well as in the associated uncertainties. Normal
data (Case 0) showed low aleatoric and epistemic uncertainties, indicating stable and
confident model performance. As fault severity increased (Cases 1–4), errors and uncer-
tainties also increased across all measures. In Figure 14, related to forecast errors, aleatoric
uncertainty increased with severity, with Case 4 showing the highest levels, suggesting sig-
nificant inherent noise. Epistemic uncertainty also rose sharply in severe faults, indicating
reduced model confidence, and total uncertainty peaked in Case 4, combining both factors.
Similarly, Figure 15, which presents reconstruction errors, showed increasing aleatoric and
epistemic uncertainties with fault severity. Once again, Case 4 exhibited the greatest spread
and highest total uncertainty, highlighting the model’s challenge in handling more severe
bearing faults.
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Figure 14. Total uncertainty vs. mean forecast error for different cases of bearing fault.

Figure 15. Total uncertainty vs. mean reconstruction error for different cases of bearing fault.

In the case of shaft misalignment faults, scatter plots were used to examine the re-
lationship between forecast and reconstruction errors and their associated uncertainties.
For normal data (Case 0), both aleatoric and epistemic uncertainties were minimal, in-
dicating low inherent noise and high model confidence. As the fault severity increased
(Cases 1–4), a wider spread in both errors and uncertainties was observed. According
to Figure 16, aleatoric uncertainty in forecast errors increased with fault severity, with
Case 4 showing the highest values, suggesting a rise in data noise under more severe
conditions. Epistemic uncertainty also rose, indicating decreasing model confidence, and
total uncertainty followed the same trend—lowest in normal data and highest in Case 4.
Figure 16 also shows that reconstruction errors grew with fault severity, contributing to
higher aleatoric uncertainty. In Figure 17, epistemic uncertainty in reconstruction errors
increased alongside fault severity, with fault cases—particularly Case 4—exhibiting a wider
range of uncertainty. Total uncertainty in reconstruction errors also peaked in Case 4,
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highlighting the combined effects of increased data noise and reduced model confidence
under severe misalignment conditions.

Figure 16. Total uncertainty vs. mean forecast error for different cases of shaft misalignment fault.

Figure 17. Total uncertainty vs. mean reconstruction error for different cases of shaft misalignment fault.

In the case of unbalance faults, similar trends were observed in both forecast and recon-
struction errors and their associated uncertainties. Normal data (Case 0) showed minimal
aleatoric and epistemic uncertainties, indicating low noise and high model confidence. As
the fault severity increased (Cases 1–4), both types of errors and uncertainties also increased.
Figure 18 shows that aleatoric uncertainty in forecast errors increased with fault severity,
with Case 4 displaying the highest values, reflecting significant inherent noise. Epistemic
uncertainty also increased in severe fault cases, suggesting reduced model confidence, and
total uncertainty followed the same trend—lowest in normal data and highest in Case 4. In
Figure 19, reconstruction errors showed increasing aleatoric and epistemic uncertainties as
fault severity rose, with normal data remaining compact and fault cases, particularly Case 4,
exhibiting a broader spread. Total uncertainty in reconstruction errors also peaked in
Case 4, indicating the combined effect of noise and model uncertainty. These results demon-
strate the model’s ability to capture both inherent data variability (aleatoric uncertainty)
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and confidence in model parameters (epistemic uncertainty), offering a comprehensive
understanding of uncertainty across different unbalance fault severities.

Figure 18. Total uncertainty vs. mean forecast error for different cases of unbalance fault.

Figure 19. Aleatoric uncertainty vs. mean reconstruction error for different cases of unbalance fault.

5. Conclusions
This paper presents a comprehensive analysis of the performance of a Bayesian GAT-

based fault-detection model that considers both conventional performance metrics and
uncertainty quantification. On the digital-twin test set, the proposed model attained an
overall accuracy of 0.985, precision of 0.990, recall 0.992, and F1 score of 0.991, outper-
forming both reconstruction-only and forecasting-only baselines. The model therefore
consistently distinguishes between normal and faulty conditions, achieving high accuracy,
precision, recall, and F1 scores across various fault types, including angular misalignment,
axial misalignment, bearing faults, and unbalance faults. Notably, it outperforms conven-
tional reconstruction- and forecasting-error-based approaches, thus demonstrating superior
fault-detection capabilities. By incorporating aleatoric and epistemic uncertainties, the
proposed framework offers valuable insights into the confidence of its predictions: aleatoric
uncertainty reflects the intrinsic noise of the data, whereas epistemic uncertainty indicates
the model’s confidence in its parameters. Both types of uncertainty increase with fault
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severity, indicating that the model is sensitive to the degree of abnormality and reveal-
ing heightened challenges in predicting severe faults. By jointly examining forecasting
and reconstruction errors with uncertainty measures, this dual-task approach provides
a comprehensive view of model performance that accounts for both data-driven noise and
model-related uncertainty. The practical implications are significant: the ability to quantify
and interpret uncertainties, along with achieving high detection metrics, facilitates more
informed decision-making in real-world applications by elucidating the confidence of the
model’s outputs. Overall, the Bayesian GAT-based model exhibits robust performance and
delivers a detailed perspective on prediction uncertainties, underscoring the importance
of incorporating uncertainty quantification to enhance fault-detection reliability and effec-
tiveness. Although the present study is confined to a physics-based digital twin, future
work will apply the Bayesian Dual-GAT to field-recorded compressor data as such datasets
become available, thereby broadening external validity, and will rigorously evaluate the
model’s stability under representative sensor perturbations.

Nonetheless, the absence of real-world experimental validation remains a key limita-
tion, which may affect the model’s direct applicability in practical environments. Accord-
ingly, future research will incorporate actual field data to comprehensively validate the
model’s effectiveness and reliability under realistic operating conditions.
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