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Abstract
Bearing faults involve complex contact dynamics that influence vibration signatures generated by localized defects. However,

limited run-to-failure datasets and reliance on empirically selected neural-network hyperparameters challenge the development of
robust data-driven models for bearing health assessment. This study develops a unified frequency-domain, Bayesian-optimized
one-dimensional convolutional neural network (1-D CNN) feature-learning framework for bearing fault diagnosis, degradation
assessment, and remaining useful life (RUL) prediction. The framework is evaluated using three NASA Intelligent Maintenance
Systems (IMS) run-to-failure datasets encompassing inner-race, rolling-element, and outer-race failures. Raw vibration signals are
transformed into frequency-domain representations using the Fast Fourier Transform (FFT). An objective-function-driven Bayesian
optimization strategy integrated with parallel computation systematically explores a broad multidimensional hyperparameter space
encompassing initial learning rates, L-2 regularization coefficients, and adaptive numbers of filters across convolutional layers.
Guided by model performance, the optimization identifies dataset-specific CNN configurations, while parallel computation
accelerates candidate evaluations and reduces computational burden. The optimized deep features are employed for Gaussian-
kernel Support Vector Machine (SVM)-based fault diagnosis and fused at the bearing level to construct degradation-sensitive health
indicators for Bayesian-optimized Gaussian Process Regression (GPR)-based RUL prediction. The proposed method achieves
diagnostic accuracies of 99.85%, 100.00%, and 99.98% for IMS Datasets #1, #2, and #3, respectively, compared with 99.69%,
96.69%, and 99.86% using the CNN-LSTM benchmark. The proposed framework also generates more progressive degradation-
sensitive health trajectories than the benchmark. These results demonstrate a unified data-driven framework for robust fault
diagnosis, degradation assessment, and RUL prediction, supporting intelligent predictive maintenance of rotating machinery.
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1 Introduction

1.1  Background
Rotating machinery commonly integrates various mechanical components, including bearings, shafts, gearboxes,
pulleys, and motor-driven systems. Among these components, rolling-element bearings play a critical role in
supporting rotating shafts, transmitting mechanical loads, and minimizing friction between moving surfaces [1-3].
Bearing faults are governed by complex elastohydrodynamic contact dynamics, where elastic deformation, lubricant-
film behavior, contact pressure, and rolling-element-raceway interactions influence vibration signatures generated by
localized defects [4]. Characterizing these dynamic responses throughout the bearing life cycle is essential for reliable
health assessment and prognostics. Consequently, any

defects or degradation in rolling-element bearings can Bearing ball

Bearing inner

adversely affect the structural integrity, operational race surface

performance, and overall health of rotating machinery. The
primary components of a rolling-element ball bearing
include the rolling elements (balls), inner-ring raceway, and
outer-ring raceway [5] as illustrated in Figure 1. The bearing
balls roll along the inner and outer raceways, minimizing

friction while efficiently transmitting applied loads. The  Bearing outer
race surface

inner-ring raceway serves as the contact interface between

the inner ring and the rolling elements, where localized Figure 1. Rolling clements of a ball bearing structure.
surface defects produce periodic dynamic responses corresponding to characteristic inner-race fault frequencies.
Similarly, localized defects on the outer-ring raceway produce repetitive impacts as the rolling elements pass over the
damaged region, resulting in characteristic outer-race fault frequencies [6, 7], illustrated in Figure 2. The health
condition of rolling-element bearings is commonly assessed using acoustic and vibration signatures, which can reveal

abnormal operating conditions through unusual machine noise and changes in structural vibration characteristics.

Good Bearing Ball Fault Inner Race Fault Outer Race Fault Combined Fault

Motor Bearing House - 1 Bearing House - 2

Figure 2. Different bearing health conditions of a rotating machinery.
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However, subtle or incipient bearing faults may produce weak signatures that are difficult to detect through
conventional observation alone, necessitating the integration of appropriate sensing technologies. In industrial
condition-monitoring applications, acoustic sensors, such as microphones, are used to capture sound signatures, while
accelerometers are widely employed to measure vibration responses generated by bearing dynamics [8, 9]. Analysis
of these sensor signals can provide valuable information for detecting, diagnosing, and monitoring the progression of
bearing faults. Bearing fault diagnosis based on vibration analysis is commonly performed under predefined fault
conditions by leveraging various artificial intelligence (Al) techniques, including machine learning, deep learning,
transfer learning, reinforcement learning, and, more recently, agentic Al approaches. However, many existing studies
rely on artificially induced or predefined fault conditions, which may not fully represent the progressive degradation
behavior of bearings during actual operation. In particular, the limited availability of run-to-failure bearing datasets
presents a significant challenge for understanding how vibration signatures evolve from a healthy operating state
through progressive degradation to eventual bearing failure. To address this limitation, this study utilizes the NASA
publicly available bearing dataset, which provides run-to-failure vibration measurements. The dataset enables

systematic investigation of bearing health 1.0

degradation and the evolution of vibration E E
signatures from healthy operation to fault (.8 - i Run-to-Failure i
development and final failure, providing a E Reglon E
realistic foundation for bearing fault diagnosis (.6 - E E

and RUL assessment. The bearing data was i E
generated by the Center for Intelligent 0.4 - i i
Maintenance Systems (IMS) and are widely De%r:;:tri‘on E EPost-F:_aiIure
known as the IMS bearing run-to-failure 0.2 I £ : met
datasets [10], which is illustrated in Figure 3. To i i
effectively diagnose bearing faults and predict 0.0 goe®-------coouoo- % ————————————————————— :~ ——————
RUL, a wide range of machine learning and deep i E
learning approaches have been developed by -0.2 0 500 1 0(;)0 1500 2000 : 2500

integrating signal processing, feature extraction, Run Index

and classification techniques [11, 12]. Among Figure 3. Bearing health evolution from degradation to run-to-failure and
post-failure regions based on the normalized health indicator.
these approaches, CNNs have been extensively

implemented because of their capability to automatically extract distinctive features from vibration signals. However,
CNN execution is highly determined on the applicable selection of hyperparameters. To address this challenge,
Bayesian optimization (BO)[13] with a Gaussian process (GP) surrogate model can be integrated with CNNs to
systematically optimize influential hyperparameters, including the learning rate, L-2 regularization factor, and
convolutional network depth [14-16]. This data-adaptive optimization framework can improve model performance
while reducing the computational burden associated with exhaustive hyperparameter searches, thereby supporting
accurate bearing fault diagnosis and RUL estimation. In this study, a frequency-domain-based Bayesian-optimized 1-

D CNN feature-learning framework was employed for integrated bearing fault diagnosis and RUL prediction using
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the IMS run-to-failure bearing datasets. To characterize the evolution of bearing health, vibration signals were
extracted from different stages of each bearing’s operational lifetime, including the first 10% and last 10% of the
recorded signals, representing early-stage and late-stage operating conditions, respectively. Integrating vibration
signatures across these stages enables the framework to capture the progressive changes in signal characteristics
associated with bearing degradation, thereby providing valuable information for fault diagnosis and RUL prediction
under run-to-failure conditions. The methodological foundation of this study integrates time-to-frequency-domain
signal transformation, Bayesian-optimized 1-D CNN feature learning, Gaussian-kernel support vector machine (SVM)
classification [17], and Gaussian process regression (GPR)[13, 18, 19]. First, the raw vibration signals are converted
from the time domain to the frequency domain to capture frequency-specific characteristics associated with bearing
degradation. A Bayesian-optimized 1-D CNN is then employed to automatically extract discriminative features, with
Bayesian optimization used to determine the optimal CNN hyperparameters. The extracted features are subsequently
utilized by a Gaussian-kernel SVM for bearing fault detection. In parallel, the learned features are incorporated into a
GPR model for RUL prediction, providing an integrated framework for bearing fault diagnosis and prognostic

assessment.

1.2  Technical contribution

Based on the above methodological foundation, the proposed framework provides the following key technical
contributions for effective bearing fault diagnosis and RUL prediction under run-to-failure conditions:

e Adaptive learning-rate optimization: Bayesian optimization systematically searches a learning-rate range of
to, enabling the 1-D CNN to adapt its learning behavior according to the objective function and improve
model convergence.

e Improved generalization through L-2 regularization: An L-2 regularization range of is incorporated into the
Bayesian optimization process to control model complexity, reduce overfitting, and improve generalization
across different bearing conditions.

o Computationally efficient hyperparameter optimization: Bayesian optimization, integrated with parallel
computing, efficiently identifies optimal CNN hyperparameters, including the adaptive selection of
convolutional filter numbers, while reducing the computational burden associated with exhaustive
parameter searches.

e High fault-diagnosis performance: The Bayesian-optimized 1-D CNN feature-learning framework achieves
approximately 99.94% bearing fault classification accuracy, outperforming the benchmark CNN-LSTM-
based feature extraction method, which achieves an average accuracy of approximately 98.74%.

e Integrated diagnosis and prognosis: The optimized CNN features are utilized for both GPR-based RUL

prediction, providing a unified framework for assessing predicting future degradation.
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2  Related work

2.1 Hyperparameters optimization methods

An effective optimization algorithm enhances the reproducibility and performance of CNN-based feature extraction
[20, 21], enabling fair comparisons among different architectures and facilitating the selection of the most appropriate
model under a consistent optimization strategy [22, 23]. Various hyperparameter optimization methods have been
leveraged for CNN, including manual tuning (gradient/greedy search), grid search (GS), random search (RS), gradient
descent (GD), and Bayesian optimization (BO) [24, 25]. A brief overview of these methods is presented below. (i)
Manual Tuning (Gradient/Greedy Search): Manual hyperparameter tuning represents one of the earliest approaches
for optimizing CNN models and primarily relies on trial-and-error experimentation. Although simple to implement,
this approach becomes increasingly inefficient as model complexity, nonlinear interactions among hyperparameters,
and the size of the hyperparameter space increase [26—28]. These limitations have motivated the development of
automated hyperparameter optimization methods. (ii) Grid Search (GS): Grid search is a widely used exhaustive
optimization strategy that evaluates every possible combination of predefined hyperparameter values [29-31]. While
this approach guarantees comprehensive search within the specified parameter space, its computational cost increases
exponentially with the number of hyperparameters, making it impractical for high-dimensional optimization problems.
(iit) Random Search (RS): Random search was introduced to address the computational limitations of grid search by
randomly sampling hyperparameter combinations within predefined search ranges. The selected candidates are
evaluated until a specified optimization objective is achieved [32—34]. Although more computationally efficient than
grid search, random search does not exploit information from previously evaluated configurations, which may result
in redundant evaluations and slower convergence toward the optimal solution. (iv) Stochastic Gradient Descent (SGD):
Stochastic Gradient Descent is a classical optimization algorithm that iteratively updates parameters in the direction
of the negative gradient to minimize an objective function. When gradients of the hyperparameters can be computed,
gradient descent provides efficient convergence toward a local optimum [35-37]. However, for non-convex or non-
differentiable optimization problems commonly encountered in CNN hyperparameter tuning, gradient descent may
converge to a local minimum rather than the global optimum. (v) Bayesian Optimization (BO): Bayesian optimization
is an efficient automated hyperparameter optimization technique that identifies the optimal hyperparameter
configuration by minimizing an objective function [14, 38, 39]. Unlike grid search and random search, Bayesian
optimization exploits information obtained from previously evaluated hyperparameter combinations and constructs a
probabilistic surrogate model, typically based on a Gaussian Process (GP) [40, 41], to guide subsequent evaluations.
This sequential learning strategy substantially reduces the number of expensive objective function evaluations while
improving optimization efficiency, making Bayesian optimization particularly suitable for computationally intensive

deep learning models.

2.2 Optimizing hyperparameters

2.2.1 Learning rate
Several hyperparameters play a fundamental role in determining the learning capability, convergence behavior, and

predictive performance of CNN [24]. Among these, the learning rate, L-2 regularization, and convolutional layer depth
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are considered the most influential because they directly affect the optimization process, model generalization, and
feature extraction capability. Learning rate governs the step size used to update network weights during the
optimization process. An excessively high learning rate can lead to unstable training by causing the optimization
process to overshoot the optimal solution, while a very low learning rate can result in slow convergence and increased
computational cost [42, 43]. Therefore, selecting an appropriate learning rate is essential for achieving rapid
convergence while maintaining stable and accurate model training. Recent advances in bearing fault diagnosis have
demonstrated the widespread application of CNN for automatic feature learning and real-time condition monitoring.
Wan et al. [44] developed a 1-D CNN using vibro-acoustic signals and carefully selected network architecture
parameters, although neither the optimization algorithm nor the learning rate selection strategy was discussed. Several
subsequent studies also relied on fixed learning rates during CNN training. Jiang et al. [45] employed the gradient
descent-based ADAM optimizer for bearing fault diagnosis with a fixed learning rate of 0.0001. To improve CNN
performance, several researchers have incorporated optimization techniques and hyperparameter tuning. Li et al. [46]
utilized transfer learning based on the Stochastic Gradient Descent (SGD) optimization method together with learning
rate of 0.0005 for bearing fault diagnosis. Despite achieving excellent classification accuracy, determining the optimal
learning rate required extensive trial-and-error experiments. Ni et al. [47] proposed a wavelet-based CNN framework
that incorporated fundamental network parameters, including the ReLU activation function, batch size, dropout rate,
and training epochs, while maintaining a fixed learning rate of 0.01. Zheng et al. [48] manually searched for an
appropriate learning rate by evaluating multiple candidate values of 0.01 and 0.0001, resulting in a computationally
intensive optimization process. Although these studies reported promising diagnostic performance, they provided

limited discussion regarding the optimization algorithms and tunable hyperparameters used during CNN training.

2.2.2 L-2 regularization

L-2 regularization is a widely adopted technique for improving the generalization performance of CNNs by penalizing
large model weights during training. As network complexity increases, the likelihood of overfitting also grows,
reducing the model’s ability to generalize to unseen data. By constraining the magnitude of the network parameters,
L-2 regularization mitigates overfitting, enhances model robustness, and improves classification reliability. Alam et
al. [49] employed the gradient descent-based adaptive moment estimation (ADAM) optimizer with a fixed learning
rate of 0.001 and applied L-2 regularization with a regularization coefficient of 0.01 to improve the generalization
performance of the CNN model. Liu et al. [50] incorporated L-2 regularization and a learning rate into their CNN
architecture; however, they did not specify the hyperparameter optimization strategy used to determine these values.
Li et al. [51] employed a multi-deep learning framework incorporating L-2 regularization and the gradient descent-
based ADAM optimizer with a fixed learning rate of 0.001; however, no hyperparameter optimization strategy was
reported. Igbal et al. [52] proposed an intelligent fault diagnosis approach combining deep transfer learning and LSTM
networks with L-2 regularization and the gradient descent-based ADAM optimizer using a fixed learning rate of 0.001.
However, the study did not specify the L-2 regularization coefficient or introduce a systematic hyperparameter
optimization strategy for selecting the learning rate or other tunable parameters. Su et al.[53] developed a LeNet-5
CNN model using the gradient descent-based ADAM optimizer with predefined values for the learning rate and L-2

regularization. Nevertheless, no automated hyperparameter optimization method was employed to determine these
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parameters. Song et al.[54] proposed a bearing fault diagnosis method based on elastic net transfer learning and LSTM
networks, incorporating L-2 regularization and a predefined learning rate. However, the study neither reported the
specific values of these hyperparameters nor employed a systematic hyperparameter optimization strategy. Although
CNN-based methods have demonstrated remarkable performance in bearing fault diagnosis, most studies rely on
manually predefined or fixed values for critical hyperparameters, particularly the learning rate and L-2 regularization
coefficient. Such empirical tuning strategies require considerable trial-and-error experimentation, increase
computational cost, and may result in suboptimal model performance. Therefore, an automated hyperparameter
optimization framework is essential for systematically identifying optimal training configurations, improving model

generalization, and reducing computational complexity.

2.3  Summary of research gaps

Table 1 Summary of existing CNN hyperparameter optimization studies and identified research gaps.

CNN Advantages Research gaps
hyperparameter
studies
Learning rate =  Learning rate significantly =  Most studies employ fixed or manually predefined
optimization influences CNN convergence, learning rates [45—47].
training stability, and classification =  Learning rate selection is typically based on trial-and-
accuracy. error experimentation [48].
= Adaptive optimization methods =  Optimization strategies are often not explicitly reported
(e.g., SGD and ADAM) improve [44].
training efficiency.
L-2 = Reduces overfitting and improves = Regularization coefficients are generally fixed or
regularization model generalization. manually selected.
optimization = Widely incorporated into CNN- = Many studies do not report on the selected coefficient
based diagnosis. [50, 52, 53].
=  Automated optimization is rarely considered.
Integrated =  Automated optimization can =  Existing studies typically optimize only one
hyperparameter improve convergence, hyperparameter.
optimization generalization, and diagnostic =  Learning rate, L-2 regularization, filter numbers, feature
accuracy. dimension, mini-batch size, and network depth are

seldom optimized simultaneously.
= A unified Bayesian optimization framework remains
largely unexplored.

3 Overview of the proposed method

The proposed framework presents a unified three-stage diagnostics and prognostics approach for intelligent bearing
condition monitoring, which is illustrated in Figure 4. In stage # 1, multi-channel vibration signals are transformed
into frequency-domain representations using the FFT. The first and last 10% of the bearing life are selected as early-
and late-stage training samples (total 20 %) to train a Bayesian-optimized 1-D CNN and remaining 80 % used for
feature extraction. Bayesian optimization automatically determines the optimal CNN hyperparameters, including the
learning rate, mini-batch size, regularization coefficient, feature dimension, and convolutional filters, enabling robust

frequency-domain feature learning. The optimized CNN is subsequently employed to extract discriminative deep

Page 7 of 29



feature vectors from all remaining bearing runs. In stage # 2, the extracted deep feature vectors are utilized for bearing
fault diagnosis using a Bayesian-optimized Gaussian kernel multiclass support vector machine (SVM). Bayesian
optimization determines the optimal SVM hyperparameters, including the box constraint and kernel scale, while an
Error Correcting Output Code (ECOC) framework performs multiclass classification. Diagnostic performance is
evaluated using accuracy, precision, recall, and Fl-score over multiple shuffled runs to ensure robustness and

generalization. In stage # 3, the learned deep features from channels
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ch1 :° ; —_
05 b °
o o o1 o o2 9 03 0% o4 o ps 150 o0 2
Time (s) Frequency (Hz) 1.0 - +
05, 150 1 H i
g batb | Run-to-Fail
E ‘ © | _ ‘ ! :
o !“ 005 (X} 015 02 025 03 035 04 [E 500 1000 1500 2000 2500
Tine 6) Frequency (He)
: o atare
i_Rogion |
chc © :
= o X P | (sl [V SOARIng 103 JE
005 5 02 025 03 035 04 ! o 500 1000 1500 2000 2500
Time {s) —— Frequency (Hz) Syt -0.2 3 H
. . . 1 500 1000 1500 2000 2500
Input training Feature extraction First 10% runs Last 10% runs Run Index
samples size 20% samples size 80% T Output: Predicted RUL

1

Gaussian Process
Regression based
model
(Bayesian optimized)

1D CNN Architecture Deep feature

Extracted Features
Output layer

Output: Bearing fault diagnosis

Class label Predicted Class

Healthy e lla o Bayesian optimization of
SVM hyperparameters
0 ¢c; O

| [

Gaussian Kernel

Multiclass SVM
Inner race fault

True class

Roller element fault

Figure 4. proposed framework presents a unified three-stage diagnostics and prognostics approach for intelligent
bearing condition monitoring.

belonging to the same bearing are fused to construct a bearing-wise health representation. A Relative Squared Error
(RSE)-based health indicator is generated, smoothed, normalized, and used to determine an adaptive failure threshold.
A Bayesian-optimized GPR model is then trained using the healthy degradation trajectory to forecast the future health
indicator together with its uncertainty. Finally, the predicted failure point is identified when the health indicator reaches
the adaptive threshold, enabling estimation of the bearing’s RUL. This integrated framework provides a
comprehensive. solution for both accurate bearing fault diagnosis and reliable prognostics within a single frequency-

domain deep learning architecture.
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3.1 Frequency-domain-based 1-D CNN feature extraction

3.1.1 Time-to-frequency domain formulation
Let the raw vibration signal from run i and channel ¢ can be xi‘c(n), n=20,1,..,L — 1, where L is the number of
time-domain samples. The discrete Fourier transform is presented in equation (1). The two-sided amplitude spectrum

is shown in equation (2), where the single-sided FFT spectrum is shown in equation (3).

Cats —j2mkn

Xic(k) = Z xic(me T ,k=01,..,L-1 (1)
n=0
X; .(k
AOE L0 L( ) @)
)
AEZC (k), k=0ork=1L/2

A (k) ={ L (3)

242(k), 1<k s5-1

Thus, each signal is transformed into an FFT feature vector is presented in equation (4), where Ny = % +1

Po = [A;c (), A (D), ., Ao (L/2)]" € RN “)
Regarding the early-late training dataset: let the full dataset contain N runs and C sensor channels. The first 10 % of
runs are labelled as early-stage condition: Iy = {1,2,3 ...., N,} and the last 10 % of runs are labelled as last-state
condition: I;, = {N -N,+1,...,N }, where N, = round (0.10N). For each selected run and each channel, the FFT
vector is used as one CNN input sample: X; . = P; . with label as shown in equation (5). Therefore, the total number

of training samples is shown in equation (6).

_ Early, i €l
Yie = {Late, i €1, ®)
Nirgin = C(”El + |1L|) (6)

The CNN receives each FFT vector as X; . € RNF X X1 The convolution operation at layer ¢ is presented in equation
(7), where * denotes convolution, W is the convolution kernel, and b is the bias. Batch normalization is applied
as in equation (8) and followed by ReLU activation shown in equation (9). Max pooling reduces the feature dimension

and shows in equation (10).

70 — WO s« HE-D 4 p® %)
@ _
20_ 2"~ Hs ®)
o+ €

Page 9 of 29



h® = max(0,Z®) ©)

£ max
b = gh? @ (10)

After convolution, pooling, and global average pooling, CNN maps the FFT input to a learned
feature vector: fi. = ¢ (Pi,c ; (E)) € RY, where d is the optimized feature dimension from Bayesian optimization. The

final classification probability is computed using Softmax in the equation (11).

exp (sq )

——————,where q € {Early, Late} (11
r=1€xp(s;)

Py =qlPic) =

3.1.2 Bayesian optimized -1D CNN training
CNN is trained by minimizing cross-entropy loss with L, regularization and shows in equation (12), where M is the

number of training samples, A is the L, regularization coefficient, and © represents CNN trainable parameters.

1 M 2 A ,
L®) = =23 > ymglog(mg) + 210113 (12)

m=1q=1

The Bayesian optimization formulation and hyperparameter vector is a« = [n,B,A,d, F;, F,, F3], where 1 is the
learning rate, B is the mini-batch size, A is L, regularization, d is the feature dimension, and F;, F,, F5 are the numbers
of filters in the first three convolution layers. For each candidate «, the CNN is trained on a holdout training set and

evaluated on validation data. Validation accuracy is shown in equation (13).

> 1@ = ym) (13)

The Bayesian optimization objective is J(@) = 1 — Acc,q; (@) and the optimal hyperparameters are obtained as a* =
min

a€A J(a), where A is the bounded hyperparameter search space.

arg

3.1.3 Feature extraction

After Bayesian optimization, the final CNN is trained using the best hyperparameters, which is shown in equation
(14).
O" =argminL(0; a”
gmin L( ) (14)
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For each remaining run i € I, where I = {1,...,N} \ {Iz U I} and the CNN feature vector is extracted from the

layer fi. = ¢ (Pi,c; 0*) € R% and for all channels, the final combined feature vector is shown in equation (15).

Fi= [fi,pfi,z, ...... 'fi,c] € RC+d .

e Algorithm 1: frequency-domain-based training data preparation

Table 2. FFT-based training data preparation.

Input: Raw run data R, early early index set I, late index set I, number of FFT points N¢
Output: CNN input tensor X;rqin, labels Yirqin
1. Initialize empty training tensors and label vector.
2. Foreachruni € Ig:
Compute FFT spectrum P; . for each channel c.
Assign label “Early”
3. Foreachruni € I;:
Compute FFT spectrum P; . for each channel c.
Assign label “Late”

4.  Return X¢pqin and Yipqin

e Algorithm 2: Bayesian-optimized -1D-CNN training

Table 3. Bayesian-optimized 1-D CNN training

Input: X;,4in and Ygqin, hyperparameter search space A
Output: Optimal hyperparameters a*, trained CNN model
1. Partition the training dataset into separate training and validation subsets using a holdout validation approach.
2. For each Bayesian optimization iteration:
Select candidate hyperparameters «
Construct CNN architecture using a
Train CNN using ADAM optimizer
Predict validation labels
Compute validation accuracy
Return objective value ] = 1 — Accyq;
3. Select the best hyperparameters a*
4. Train the final CNN using a*
5. Return the optimized CNN model.

e Algorithm 3: Feature extraction
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Table 4. Bayesian-optimized 1-D CNN for feature extraction.

Input: Optimized CNN, feature extraction runs Iz, FFT vectors
Output: Channel-wise CNN features and combined CNN feature matrix
1. Foreachchannelc =1,...,C
For each feature extractionruni € Ip
Compute FFT vector P;
Feed P; . into the optimized CNN
Extract feature vector from the CNN last layer
2.  Store channel-wise features f; .
3. Concatenate all channel features: F; = [fi,p | PR ,fl-',;]

4. Return to the final feature matrix.

3.2 Bearing fault diagnostics

3.2.1 Multiclass Gaussian SVM classification

The extracted Bayesian optimized FFT-1D CNN feature vectors are used as inputs to a Gaussian kernel multiclass
SVM classifier. Let the CNN feature vector extracted from run i and channel c be f; . = [fi,c,li fic2 oo ,f,-‘c‘d]T €
R%, where d denotes the optimized CNN feature dimension. The complete classification dataset is represented as
Dsyy = {(fic,2;c)}, where z; . denotes the fault class label. For example, the IMS 1Ist Test dataset, the class

assignments are presented in equation (16).

1,c€{1,2,3,4} (16)
Zie = { 2,c € {5,6}
3,c €{7,8}

>

corresponding to {Healthy, Inner Race Fault, Roller Element Fault}, respectively.

2
lxi=x;

The Gaussian kernel function is defined as K (xi, x]-) = exp(— -

), where o denotes the kernel scale. The
multiclass SVM classifier is implemented using an Error Correcting Output Code (ECOC) framework with a one-
versus-one coding strategy. For K classes, the total number of binary SVM classifiers is Ngyp = %_1), for the IMS
1st Test dataset K = 3 and therefore N, = 3 binary Gaussian SVM classifiers are trained. The final class prediction

is obtained through majority voting: Z = arg max Vi, where V,, denotes the vote count for class k. Bayesian

Optimization of Gaussian SVM, the SVM hyperparameter vector is § = [Cs, 0], where C; is the SVM box constraint,
and o is the Gaussian kernel scale. For each candidate hyperparameter vector, 3, a five-fold cross-validation procedure
is performed. The cross-validation accuracy is defined in the equation (17). The Bayesian optimization objective is
shown in equation (18). The optimal hyperparameters are obtained as in equation (19), where B denotes the bounded

SVM hyperparameter search space. The optimized classifier is therefore shown in equation (20).
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Ncv

Accoy(B) = == ) 1l — ) (17)
cv m=1
Jsvm(B) =1 — Accey (B) (18)
p" = argmin Jsyu (B) (19)
g®) =g ) (20)

3.2.2 Classification performance evaluation

The classification performance of the proposed and benchmark methods is evaluated using accuracy, precision, and
recall, as defined in equations (21) to (23), respectively. Accuracy measures the overall fraction of samples that are
correctly classified, whereas precision indicates the proportion of correct positive classifications among all samples
predicted as positive. Recall evaluates the ability of the classifier to correctly identify positive samples from all actual
positive instances. For multiple shuffled runs, the mean classification accuracy is calculated using equation (24) to
provide a robust estimate of the overall classification performance. For R independent shuffled runs, the mean
classification accuracy is calculated as equation (24), where TP, TN, FP, and FN denote true positives, true negatives,
false positives, and false negatives, respectively. Accuracy, denotes the classification accuracy obtained from the r-

th shuffled run, and R denotes the total number of shuffled runs.

Accuracy = TP+ X 100 201
TP +TN + FP +FN

Precision = L (22)

TP + FP
Recall = _r (23)

TP+ FN
1 R
Mean accuarcy = EZ Accuracy, (24)
r=1

3.3 Bearing remaining useful life prediction

3.3.1 Bearing-wise feature fusion for GPR-RUL

After the optimized CNN extracts channel-wise features, f;. = ¢ (Pi,c; ('r)*) € R?, the features belonging to the same
bearing are fused. For bearing b, let the channel set be C,, = {c;, ¢3, ... ... , Cm } and the bearing-wise feature vector is
Fip = [ficy Ficy Sfic,| € R™ and X, = [Fyp, Fpp, . .. +Fy,»]" € RVP*™@_ The healthy baseline length is
shown in equation (25). The baseline feature matrix is calculated in equation (26). The baseline mean and standard

deviation are shown in equations (27) and (28).
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Nbase = max(S,round(pbaser)) (25)

Xbase = Xbase(l: Nbase,:) (26)
1 Npase
oase = 57— . Xo(i)) @7)
base im1
1 Npase
Opase,j = N 1 Z (Xb(l:]) - .u-base,j)2 (28)
Nbase 1 im1

RSE-Based Health Indicator: The relative error is e; ; = o@D~ Bases and the relative squared error is RSE; =

Obase,j

DLZ?L eizj, where D, = md. The smooth health indicator is denoted in equation (29). The normalized health
Y S

indicator is shown in equation (30).

i+[5]
1
HI; = — z RSE, (29)
w . w.
r=i-[5]
norm. HI; — min(HI)
HIM™ = (30)

max(HI) — min(HI) + €

Adaptive Failure Threshold: The baseline threshold is Tyese = U(HIpoma") + Ko(HIJ") and the late-stage

base

threshold is Tjqee = u(HIjgz,™) — 0.5 o(HIj,;,™) and the percentile threshold is T, = Poo(HI™™). The final
adaptive failure threshold is Ty = max(Tpgse, Tigte, Tp) , With bounded adjustment: Ty = min(Tf, 0.98) and Tf =

min(Tf, Thase)-

Bayesian Optimized GPR Prediction: The time index is t; =i, i = 1,2, ...., Np. The GPR training dataset is Dgpg =

{(t;, HITT™YVEPR  where Ngpr = round (pgprNy). The GPR model is HI™™(t) = g(t) + &, where g(t)

i=1

GP(m(t),k(t,t")) and e ~ N(0,52). Using the squared exponential kernel, which shown in equation (31).

(t—t)?

2z ) GD

k(t,t") = ofexp(—

The GPR hyperparameter vector is y = [l, g,,] and Bayesian optimization estimates y* = arg min J;pr (¥).
12
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3.3.2 Failure point and RUL estimation

The future prediction range is t* = 1,2,...., N, + H and the predicted HI is HI(t*) = GPR(t*,y"). The predicted
failure point is t; = min{t": HItY) = T¢}. If no crossing occurs, tr = N, + H and the current point is t, = Nj, . The
predicted RUL in samples is RULgqmpres = max(ty — t.,0) and the predicted RUL in hours is RULpgyrs =

RULsamples* (At)

0 ; The predicted RUL in days is RULgqys = RULnours

24

3.4 Benchmark method

To assess the effectiveness of the proposed deep feature-learning framework, a benchmark prognostic approach
integrating FFT with a CNN-LSTM architecture is employed for comparative evaluation. [55]. Initially, frequency-
domain features extracted using CNN-LSTM from multiple vibration channels belonging to the same bearing were
fused to construct a bearing-wise feature representation. Across IMS Bearing Datasets 1-3, the first 10% and the last
10% of the data were used for CNN training and validation, while the remaining 80% were reserved exclusively for
feature extraction. The same data-allocation strategy was also applied to benchmark method to ensure a consistent and
fair comparison of feature-extraction performance and bearing fault diagnosis conditions. The Relative Squared Error
(RSE) between each bearing feature vector and the corresponding healthy baseline was subsequently computed to
quantify the progression of bearing degradation over time. The resulting RSE sequence was smoothed using a moving-
average filter and normalized to generate a bearing health indicator (HI). An adaptive failure threshold was
subsequently determined by combining statistical information from the healthy baseline, late-stage degradation, and
the 90th percentile of the normalized HI. Finally, a Bayesian-optimized Gaussian Process Regression model
employing a squared exponential kernel was trained using the healthy degradation trajectory, where Bayesian

optimization automatically determined the optimal kernel scale and noise variance. The trained GPR model predicted

Radial Load

Lo

Bearing 3

Bearing 4

Motor

Figure 5. Bearing loading setting in Intelligent Maintenance Systems (IMS).
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the future health degradation trajectory together with its confidence intervals, and the RUL was estimated as the first
predicted time at which the health indicator reached the adaptive failure threshold. This benchmark provides a
representative probabilistic prognostics approach based on handcrafted frequency-domain features for comparison

with the proposed deep learning-based framework.

4  Testbed- dataset

The bearing data was generated by NASA: IMS and is widely known as the IMS bearing run-to-failure datasets, which
is demonstrated in Figure 5. Table 5 provides IMS dataset with different run-time and channels. Set 1 contains 827.56
h of eight-channel vibration data, with two channels assigned to each bearing, and resulted in an inner-race defect in
Bearing 3 and a rolling-element defect in Bearing 4. Sets 2 and 3 contain 163.83 h and 753.57 h of four-channel data,
respectively, with one channel assigned to each bearing. Set 2 resulted in an outer-race failure in Bearing 1, whereas
Set 3 exhibited an outer-race failure in Bearing 3. All datasets were recorded at 10-minute intervals, providing run-to-
failure vibration measurements suitable for investigating bearing degradation and failure progression. Across IMS
Bearing Datasets 1-3, the first 10% and the last 10% of the data were used for CNN training and validation, while the
remaining 80% were reserved exclusively for feature extraction. The same data-allocation strategy was also applied

to benchmark method to ensure a consistent and fair comparison of feature-extraction performance.

Table 5. IMS datasets with different run-time and channels.

Dataset Recording  No. of Channel arrangement Recording Failure description
duration channels interval
(hours) (minutes)
IMS Bearing 827.56 8 Bearing 1: Ch 1-2 10 Inner race defect in bearing 3
dataset # set 1 Bearing 2: Ch 3-4 and roller element defect
Bearing 3: Ch 5-6 in bearing 4
Bearing 4: Ch 7-8
IMS Bearing 163.83 4 Bearing 1: Ch1 10 Outer race failure in bearing 1
dataset # set 2 Bearing 2: Ch 2

Bearing 3: Ch 3

Bearing 4: Ch 4
IMS Bearing 753.57 4 Bearing 1: Ch'1 10 Outer race failure in bearing 3
dataset # set 3 Bearing 2: Ch 2

Bearing 3: Ch 3

Bearing 4: Ch 4

4.1 Results and discussion

4.1.1 Hyperparameter selection

The proposed 1-D CNN architecture was developed using a Bayesian optimization framework to systematically
determine the optimal network and training hyperparameters. The numbers of convolutional filters in the first, second,
and third convolutional layers were optimized within the ranges of 8 — 32, 16 — 64, and 32 — 128, respectively. The

network employed Rectified Linear Unit (ReLU) activation functions within the convolutional layers, while a Softmax
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activation function was used in the output layer for classification. A dropout rate of 0.20 was incorporated to mitigate
overfitting and improve the generalization capability of the CNN model. The network was trained using the ADAM
(Adaptive Moment Estimation) optimizer. During Bayesian optimization, the initial learning rate was searched over
the logarithmic range of [107°~1072], while the L-2 regularization coefficient was optimized between
[107% ~ 1072]. The mini-batch size was optimized within the range of 16 —128, and the CNN feature dimension was
optimized between 32 and 128. An 80%/20% training—validation partition was employed during hyperparameter
optimization. Each candidate CNN architecture was trained for 10 epochs, while Bayesian optimization was conducted
for up to 30 objective-function evaluations using the expected-improvement-plus acquisition function. Validation
accuracy was used to evaluate the candidate configurations, with the optimization objective defined as: objective
function = 1— Accuracy,,,;. Following identification of the optimal hyperparameter configuration, the final CNN
model was trained for 30 epochs and subsequently employed for FFT-based feature extraction. All computational
experiments were executed on a workstation equipped with an Intel® Core™ i7-13700 processor and an NVIDIA

GeForce RTX 4060 GPU.

4.1.2 Bayesian optimization computation cost

Bayesian optimization was independently employed for the three bearing datasets to identify dataset-specific
hyperparameter configurations for the proposed 1-D CNN-based feature learning framework. For the first bearing
dataset, the optimal configuration consisted of an initial learning rate of 0.0010794, a mini-batch size of 24, an L-2
regularization coefficient of 1.2515 X 107°, a feature dimension of 34, and 19, 48, and 97 filters in the first, second,
and third convolutional layers, respectively. For the second bearing dataset, the corresponding optimized parameters
were 0.0016086, 17, 9.1205 X 107°, 97, and 18, 27, and 100 filters, respectively. For the third bearing dataset,
Bayesian optimization selected an initial learning rate of 1.1123 x 107°, a mini-batch size of 84, an L-2
regularization coefficient of 1.1135 x 107°, a feature dimension of 91, and 8, 48, and 52 filters, respectively. These
results demonstrate that Bayesian optimization produced distinct CNN configurations for the three bearing datasets

rather than imposing a single fixed hyperparameter configuration across datasets, which is shown in Table 6.

Table 6. Dataset-specific hyperparameters of the Bayesian-optimized 1-D CNN for feature learning.

Optimized parameter 1%t bearing dataset 2" bearing dataset 3" bearing dataset
Initial learning rate 0.0010794 0.0016086 1.1123 x 107°
Mini-batch size 24 17 84

L-2 regularization 1.2515 x 107° 9.1205 x 107° 1.1135 x 107
Feature dimension 34 97 91

No. of filters — 1% convolutional layer 19 18 8

No. of filters — 2" convolutional layer 48 27 48

No. of filters — 3" convolutional layer 97 100 52
Estimated objective function value 0.0027152 —3.621 x 1077 —0.00015599
Estimated function evaluation time (s) 16.3743 59717 31.0187
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4.1.3 Comparative results for bearing conditions diagnostics

Tables 7 to 9 compare the bearing fault diagnostic performance of the proposed frequency-domain Bayesian-optimized
1-D CNN feature-learning method and the benchmark CNN-LSTM method without Bayesian optimization across the
three IMS run-to-failure datasets. For IMS Dataset #1, the proposed method achieved an overall classification accuracy
of 99.85%, compared with 99.69% for the benchmark method. For healthy bearings, the proposed method obtained
average precision and recall values of 0.9992 + 0.0007 and 0.9983 + 0.0008, respectively, whereas the benchmark
method achieved 0.9962 + 0.0011 precision and 0.9994 + 0.0004 recall. For inner-race faults, the proposed method
achieved 0.9963 + 0.0014 precision and a perfect recall of 1.0000 = 0.0000, compared with 0.9994 + 0.0005 precision
and 0.9977 + 0.0008 recall for the benchmark. Similarly, for roller-element faults, the proposed method achieved
0.9996 + 0.0008 precision and 0.9975 £ 0.0019 recall, while the benchmark produced 0.9969 + 0.0015 precision and
0.9921 + 0.0019 recall. Although both methods demonstrated excellent diagnostic performance, the proposed method
provided higher overall accuracy and particularly improved recall for the inner-race and roller-element fault classes.
The consistently low standard deviations further indicate stable diagnostic performance across the repeated
evaluations. For IMS Dataset #2, the performance advantage of the proposed method was considerably more
pronounced. The proposed method achieved 100.00% overall classification accuracy, with both precision and recall
reaching 1.0000 £ 0.0000 for the healthy and outer-race fault conditions. In comparison, the benchmark CNN-LSTM
method achieved an overall accuracy of 96.69%. For healthy bearings, the benchmark achieved 0.9698 + 0.0057
precision and 0.9955 + 0.0016 recall, while for the outer-race fault it obtained 0.9955 + 0.0016 precision but only
0.9068 + 0.0182 recall. The lower outer-race fault recall indicates that the benchmark method missed a noticeably
greater proportion of fault instances. Consequently, the proposed method improved the overall diagnostic accuracy by
3.31 percentage points and demonstrated substantially stronger sensitivity to outer-race degradation. These findings
indicate that Bayesian-optimized 1-D CNN feature learning provides a more discriminative representation of the
healthy and degraded bearing conditions in IMS Dataset #2. For IMS Dataset #3, both approaches again demonstrated
very high classification performance, although the proposed method maintained a slight advantage. The proposed
method achieved 99.98% overall accuracy, compared with 99.86% for the benchmark method. For healthy bearings,
the proposed method achieved precision and recall values of 0.9999 + 0.0002 and 0.9999 + 0.0001, respectively,
whereas the benchmark achieved 0.9993 + 0.0006 precision and 0.9976 £ 0.0015 recall. For outer-race faults, the
proposed method obtained 0.9997 + 0.0003 precision and 0.9996 + 0.0005 recall, compared with 0.9992 + 0.0005
precision and 0.9980 £ 0.0018 recall for the benchmark. Thus, while the difference in overall accuracy was relatively
small for IMS Dataset #3, the proposed method consistently maintained slightly higher class-wise precision and recall
together with lower variability. Overall, the results across IMS Datasets #1 to #3 demonstrate that the proposed
Bayesian-optimized 1-D CNN feature-learning framework provides consistently high bearing fault diagnostic
performance compared with the fixed-hyperparameter CNN-LSTM benchmark. The improvements in overall
accuracy were 0.16 percentage points for Dataset #1, 3.31 percentage points for Dataset #2, and 0.12 percentage points
for Dataset #3. The most substantial improvement was observed for IMS Dataset #2, where the proposed method
achieved perfect classification and substantially increased outer-race fault recall. These results suggest that the

proposed frequency-domain feature-learning framework provides improved class separability and robust fault-
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sensitive representations across different run-to-failure operating conditions. Table 10 further presents a representative
confusion-matrix comparison between the proposed and benchmark methods for bearing fault diagnosis using IMS
Dataset #1, considering healthy, inner-race fault, and roller-element fault conditions. The proposed method achieved
an accuracy of approximately 99.79%, correctly classifying 1,918 healthy, 960 inner-race fault, and 954 roller-element
fault samples. Only eight samples were misclassified: two healthy samples were identified as inner-race faults, four
roller-element fault samples were classified as healthy, and two roller-element fault samples were classified as inner-
race faults. Notably, all inner-race fault samples were correctly identified. Based on the confusion-matrix counts
provided for the benchmark method, it correctly classified 918 healthy, 958 inner-race fault, and 953 roller-element
fault samples, with 11 total misclassifications, corresponding to an accuracy of approximately 99.61%. The benchmark
errors included two healthy samples classified as roller-element faults, two inner-race fault samples misclassified, and
seven roller-element fault samples assigned to other conditions. Overall, the confusion-matrix results further indicate
that the proposed method produces slightly stronger class discrimination and fewer misclassifications than the CNN-
LSTM benchmark for IMS Dataset #1. One important issue to check before publication: in Table 10, the proposed
confusion matrix contains 3,840 samples (1920+960+960), whereas the benchmark confusion matrix contains only
2,840 samples (9204+960+960). If both methods were evaluated using the same train/test physical-run split, those
totals should normally be identical. I would verify whether the benchmark healthy row should be 1,918/1,920-range
rather than 918/920-range before finalizing Table 10.

Table 7. Comparative results of bearing fault diagnosis in IMS dataset # 1.

Class label Metric Bearing fault diagnostics # 1st dataset

Proposed method Benchmark method

Avg. Std. Avg. Std.

Healthy bearing Precision  0.9992  0.0007 0.9962  0.0011

Recall 0.9983  0.0008 0.9994  0.0004
Inner race fault Precision  0.9963  0.0014 0.9994  0.0005

Recall 1.0000  0.0000 0.9977  0.0008
Roller element fault ~ Precision ~ 0.9996  0.0008 0.9969  0.0015

Recall 0.9975  0.0019 0.9921  0.0019
Total accuracy 99.85% 99.69%

Table 8. Comparative results of bearing fault diagnosis in IMS dataset # 2.

Class label Metric Bearing fault diagnostics # 2nd dataset

Proposed method Benchmark method

Avg. Std. Avg. Std.
Healthy bearing Precision  1.0000  0.0000 0.9698 0.0057
Recall 1.0000  0.0000 0.9955 0.0016
Outer race fault Precision  1.0000  0.0000 0.9955 0.0016
Recall 1.0000  0.0000 0.9068 0.0182
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Total accuracy 100.00% 96.69%

Table 9. Comparative results of bearing fault diagnosis in IMS dataset # 3.

Class label Metric Bearing fault diagnostics # 3rd dataset
Proposed method Benchmark method
Avg. Std. Avg. Std.
Healthy bearing ~ Precision  0.9999 0.0002  0.9993 0.0006
Recall 0.9999 0.0001  0.9976 0.0015
Outer race fault Precision  0.9997 0.0003  0.9992 0.0005
Recall 0.9996 0.0005  0.9980 0.0018
Total accuracy 99.98% 99.86%

Table 10. Bearing fault diagnosis accuracy on IMS dataset #1.

Bearing conditions Proposed method Benchmark method
Predicted class Predicted class
Healthy 5 1918 2 0 5 918 0 2
Inner race fault e 0 90 0 i 1 958 1
Roller element fault ; 4 2 954 2 6 1 953

4.1.4 Comparative results for RUL predictions

Figures 6 to 9 present the comparative RUL prediction results of the proposed method and the benchmark method for
the failed bearings across the three IMS run-to-failure datasets. The normalized health indicator (HI) represents the
progressive health condition of each bearing, while GPR is used to extrapolate the degradation trajectory from the
selected prediction point toward the predefined failure threshold. The corresponding 95% confidence interval (CI)
illustrates the uncertainty associated with the RUL prediction. The intersection of the predicted HI trajectory with the
failure threshold determines the predicted failure point and, consequently, the estimated RUL. For IMS Dataset #1,
Figures 6 and 7 show the RUL prediction results for Bearing 3 with an inner-race defect and Bearing 4 with a rolling-
element defect, respectively. The proposed method produces an HI trajectory that more clearly represents the
progressive evolution of bearing degradation prior to failure. Following the prediction point, the observed HI exhibits
an increasing degradation tendency and eventually approaches or exceeds the failure threshold. This progressive
behavior provides a physically meaningful basis for extrapolating the degradation trajectory and estimating the
remaining operating period. In comparison, the benchmark method exhibits less representative degradation behavior
in several regions, including rapid changes and saturation of the HI near its upper limit, which can reduce the reliability
of long-horizon degradation extrapolation. Figure 8, corresponding to Bearing 1 with an outer-race failure in IMS
Dataset #2, further demonstrates the difference between the two approaches. The proposed method captures a gradual
evolution of the HI before the onset of accelerated degradation. Although uncertainty increases as the prediction
horizon extends, the GPR prediction maintains a progressive trend toward the failure threshold. In contrast, the

benchmark HI reaches a relatively high normalized level considerably earlier and remains close to saturation over a

Page 20 of 29



substantial portion of the bearing lifetime. Such early saturation makes it more difficult to distinguish different stages
of degradation and can adversely affect the interpretability of the resulting RUL prediction. A similar observation can
be made from Figure 9 for Bearing 3 with an outer-race failure in IMS Dataset #3. The proposed method preserves
the gradual degradation characteristics of the bearing and provides a clearer transition from the relatively healthy
condition to accelerated degradation. The observed HI increases substantially after the selected prediction point and
ultimately reaches the failure region. Conversely, the benchmark method demonstrates a comparatively abrupt increase
in HI, followed by values concentrated near the upper normalization limit. Consequently, benchmark representation
provides less information regarding the progressive evolution of degradation as the bearing approaches failure. Overall,
the comparative results in Figures 6—9 indicate that the primary advantage of the proposed method is its ability to
generate a more progressive and degradation-sensitive health representation across different bearing components, fault
types, and IMS datasets. Rather than prematurely saturating the HI, the proposed approach preserves changes in
degradation severity throughout the run-to-failure process. This behavior is particularly important for RUL prognosis
because GPR-based extrapolation depends strongly on the quality and temporal progression of the underlying HI. The
results therefore demonstrate the potential of the proposed framework to provide a more interpretable basis for bearing

degradation assessment and RUL prediction under different failure modes.
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Figure 6. RUL comparison among bearing 3 (Inner race defect in bearing 3) at IMS dataset # 1.
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Figure 7. RUL comparison among bearing 4 (roller element defect in bearing 4) at IMS dataset # 1.
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Figure 9. RUL comparison among bearing 3 (Outer race failure in bearing 3) at IMS dataset # 3.

4.1.5 Features extraction-based comparative results

Figure 10 compares the t-SNE feature distributions obtained from the proposed Bayesian-optimized FFT-1D-CNN
method and the benchmark FFT-CNN-LSTM method for IMS Dataset #2. In the proposed method, the healthy and
outer-race-fault samples form relatively distinct and compact clusters with only limited overlap between the two
classes. The outer-race-fault features are concentrated in several localized regions that are well separated from most
of the healthy-bearing clusters, indicating stronger class discrimination in the learned latent feature space. In contrast,
the benchmark CNN-LSTM representation exhibits considerably greater overlap between the healthy and outer-race-
fault samples, particularly in the central portion of the t-SNE space. Although several class-specific clusters remain
distinguishable, a substantial number of outer-race-fault samples are embedded within or adjacent to the healthy-
bearing clusters, suggesting weaker feature separability. Overall, the visualization indicates that the proposed
Bayesian-optimized FFT-1D-CNN learns a more discriminative feature representation for distinguishing healthy and
outer-race-fault bearing conditions than the CNN-LSTM benchmark. This observation is consistent with the
quantitative diagnostic results for IMS Dataset #2, where the proposed method achieved 100.00% classification

accuracy, compared with 96.69% for the benchmark method. The improved visual separation of the outer-race-fault
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samples is also consistent with the higher fault-detection sensitivity of the proposed method, particularly compared

with the lower outer-race-fault recall of 0.9068 = 0.0182 obtained by the benchmark method.

(a) Proposed Method (b) Benchmark Method
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Figure 10. t-SNE visualization of the extracted feature distributions for IMS Dataset #2: (a) proposed Bayesian-optimized FFT-
1D-CNN method and (b) benchmark FFT-CNN-LSTM method. The proposed method exhibits clearer separation between
healthy and outer-race-fault conditions, whereas the benchmark representation shows greater class overlap in the latent feature
space.

5 Conclusion and future outlook

This study developed a frequency-domain-based Bayesian-optimized 1-D CNN feature-learning framework for the
integrated diagnosis and RUL prediction of rolling-element bearings under run-to-failure conditions. The framework
transforms vibration signals into frequency-domain representations and employs Bayesian optimization to
systematically determine influential CNN hyperparameters, including the learning rate, mini-batch size, L-2
regularization, feature dimension, and convolutional filters. The resulting deep features are subsequently utilized for
Gaussian-kernel SVM-based fault diagnosis and GPR-based degradation modeling and RUL prediction, providing a
unified diagnostic and prognostic framework. The framework was validated using three IMS run-to-failure datasets
representing inner-race, rolling-element, and outer-race failure modes under different recording durations and sensor-
channel configurations. The proposed method demonstrated consistently strong diagnostic performance, achieving
overall classification accuracies of 99.85%, 100.00%, and 99.98% for IMS Datasets #1, #2, and #3, respectively,
compared with 99.69%, 96.69%, and 99.86% obtained using the benchmark CNN-LSTM method. The most
substantial improvement was observed for Dataset #2, where the proposed method achieved perfect classification and
substantially improved sensitivity to the outer-race fault condition. The t-SNE analysis further supported these
quantitative results, showing clearer and more compact separation between healthy and outer-race-fault features for
the proposed method than for the benchmark approach. For prognostic assessment, the learned bearing-wise features
were used to construct a normalized health indicator, followed by Bayesian-optimized GPR to predict future
degradation and estimate RUL based on an adaptive failure threshold. Across the failed bearings in the three datasets,
the proposed framework generated a more progressive and degradation-sensitive HI trajectory, preserving the

evolution from relatively healthy operation through accelerated degradation toward failure. In contrast, the benchmark
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method exhibited comparatively abrupt HI changes and, in several cases, premature saturation near the upper
normalization limit. These characteristics can limit the representation of progressive degradation and reduce the
interpretability of long-horizon RUL extrapolation. Overall, the results demonstrate that integrating frequency-
domain signal representation, Bayesian-optimized deep feature learning, fault classification, degradation-sensitive
health-indicator construction, and probabilistic RUL prediction provides an effective approach for intelligent bearing
condition monitoring. The proposed framework not only achieves highly accurate fault diagnosis but also provides an
interpretable representation of progressive bearing degradation, supporting the transition from conventional fault
detection toward predictive maintenance and condition-based maintenance decision-making. Future work will extend
the framework toward agentic Al-based autonomous decision-making, with particular emphasis on investigating how
progressive bearing faults influence overall structural vibration behavior and using this information for system-level

health assessment and proactive maintenance decisions.
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