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Abstract

In recent years, data-driven remaining useful life (RUL) prediction for bearings has gained
significant attention in industrial prognostics. However, real-world applications face
challenges due to the scarcity and noise of run-to-failure data, as well as the high sen-
sitivity of deep models to hyperparameters. Traditional methods often optimize data
enhancement and prediction modules separately, which may limit end-to-end performance
improvement and reduce generalization in real-world scenarios. To address this, this
paper introduces ROA-DE-LSTM, a novel framework that jointly enhances prediction
accuracy and generalization under limited and imperfect data conditions. The framework
features an adaptive Remora Optimization Algorithm (ROA) that dynamically adjusts
optimization strategies, thereby improving both data augmentation and RUL prediction.
Specifically, an ROA-optimized Wasserstein Generative Adversarial Network with Gra-
dient Penalty (WGAN-GP) is employed to generate high-quality augmented samples,
while an ROA-optimized LSTM network captures long-term temporal dependencies for
stable RUL estimation. Unlike traditional approaches, ROA-DE-LSTM synchronously opti-
mizes the data enhancement and prediction stages within a unified framework. Extensive
experiments on the XJTU-SY and IEEE PHM?2012 datasets demonstrate that ROA-DE-
LSTM outperforms representative baselines and exhibits competitive advantages over
other optimization-based strategies. Cross-dataset experiments verify the effectiveness of
the proposed data enhancement and optimization strategies, showing that the framework
maintains stable and robust performance under different operating conditions.

Keywords: data enhancement; deep learning; global optimization; remaining useful life
prediction; remora optimization algorithm

1. Introduction

With industrial equipment becoming increasingly complex and intelligent, the health
monitoring and fault prediction of critical components have attracted growing attention [1].
Rolling bearings, as indispensable elements in rotating machinery, exert a direct and deci-
sive influence on overall system performance and reliability [2]. In real industrial scenarios,
bearing failures may lead to unexpected downtime, increased safety risks, and substantial
maintenance costs. Consequently, accurately predicting the remaining useful life (RUL)
of bearings and enabling predictive maintenance are essential for ensuring safe operation
and reducing operating expenses [3]. From an engineering perspective, the primary ob-
jective is not only to achieve accurate RUL prediction under ideal laboratory conditions,
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but also to ensure reliable and stable performance in real-world scenarios, where degra-
dation data are often limited and contaminated by noise. Benefiting from advances in
sensor technology and the rapid development of learning algorithms, data-driven and deep
learning-based bearing RUL prediction has made notable progress in recent years [4,5].
A typical data-driven workflow collects condition-monitoring signals and applies signal
processing techniques to establish a mapping between measured observations and bearing
degradation states [6]. Degradation indicators are then integrated with deep learning mod-
els to predict the evolution trajectory and, subsequently, estimate the RUL. Catelani et al. [7]
derived degradation indicators from data-driven condition monitoring and adopted recur-
rent neural networks (RNNs) for RUL estimation; Zhou et al. [8] constructed unsupervised
health indicators and employed gated recurrent units (GRUs) with augmented memory;
and Lu et al. [9] developed a monotonicity-based HI (Health Index) and introduced a
physically guided long short-term memory (LSTM) network for RUL prediction. These
studies indicate that sequence modeling and degradation indicator forecasting can effec-
tively support RUL estimation, provided that sufficient high-quality run-to-failure data
are available.

However, when transitioning from controlled laboratory settings to real industrial
environments, the performance of existing RUL prediction models is often constrained by
two tightly coupled practical challenges. First, data availability and data quality remain
fundamental bottlenecks. Many approaches implicitly assume that sensor data are complete
and accurate; yet, comprehensive high-quality data acquisition is costly and frequently
impractical, leading to uneven data quality and insufficient sample sizes [10,11]. Under
such conditions, deep models may fit spurious patterns and yield unstable RUL estimates.
Second, prediction performance is highly sensitive to hyperparameter configurations.
Even with a fixed deep learning architecture, hyperparameter settings can substantially
influence convergence behavior, predictive accuracy, and generalization [12]. Manual
tuning is time-consuming and labor-intensive, and it is difficult to obtain globally optimal
configurations—especially for frameworks that include both a data enhancement module
and a downstream time-series predictor. More importantly, these two challenges are
mutually reinforcing: limited data increase hyperparameter sensitivity, while suboptimal
hyperparameter settings may suppress the effectiveness of data enhancement strategies,
thereby limiting end-to-end predictive reliability.

To mitigate data scarcity and quality issues, recent studies have explored various
data enhancement techniques. Grasso et al. [13] proposed a data-driven automated ap-
proach based on optimized empirical modal decomposition (EMD) for enhancing rolling
bearing vibration signals. Guo et al. [14] adopted a GAN-based enhancement strategy
using an auxiliary classifier GAN to generate bearing samples. Yu et al. [15] introduced a
reparametrized residual denoising diffusion probabilistic model (ReF-DDPM) to generate
high-quality samples by transforming Gaussian noise and original samples through Markov
chains. These studies demonstrate that data augmentation can improve RUL prediction
performance under limited-data conditions. However, a key limitation remains: existing
frameworks often treat data enhancement and predictor optimization as separate processes,
whereas in practice, the effectiveness of enhancement (i.e., whether generated samples are
truly beneficial for prediction) and the generalization of the predictor are both strongly
governed by their hyperparameters. Without a unified, globally optimized configuration,
data enhancement may fail to translate into consistent predictive gains, and improvements
can be difficult to reproduce across varying operating conditions.

Based on the above analysis, this paper proposes an integrated framework, named
ROA-DE-LSTM, for bearing RUL prediction under limited and imperfect data condi-
tions. The Health Index (HI) is constructed based on a priori knowledge to link condition-
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monitoring data with RUL [16]. A Wasserstein GAN with gradient penalty (WGAN-GP) is
employed for data enhancement to improve the diversity and quality of training samples,
while an LSTM network is used to model long-term dependencies in HI time series for sta-
ble RUL prediction. Moreover, a Remora Optimization Algorithm (ROA) [17] is introduced
as a global synchronous tuning strategy to jointly optimize the data enhancement process
and the predictor hyperparameters, thereby improving end-to-end performance.

Therefore, the critical contributions of this paper can be summarized as follows:

(1) ROA-optimized WGAN-GP for high-quality data enhancement (ROA-WGAN-
GP): To address scarce bearing degradation data, the WGAN-GP enhancement module
is globally optimized by ROA to generate high-quality simulation samples, increasing
training data diversity and improving downstream RUL prediction performance.

(2) ROA-optimized LSTM predictor for HI-based RUL estimation. ROA is used to
globally optimize LSTM hyperparameters, improving learning efficiency and prediction
accuracy by more effectively modeling long-term dependencies in HI time series.

(3) End-to-end ROA-DE-LSTM with global synchronous optimization across enhance-
ment and prediction. Unlike approaches that tune enhancement and prediction separately,
the proposed framework integrates ROA-WGAN-GP into the ROA-LSTM predictor and
jointly optimizes hyperparameters for both stages, thereby improving predictive accuracy
and generalization and achieving substantial, quantifiable gains in prediction metrics.

The remainder of this paper is organized as follows: Section 2 reviews related work
on data enhancement, time-series prediction, and intelligent optimization algorithms.
Section 3 presents the proposed ROA-DE-LSTM rolling-bearing RUL prediction network.
Section 4 describes test cases, model parameters, and evaluation metrics. Finally, Section 5
reports and discusses the experimental results, demonstrating the effectiveness of the
proposed approach.

2. Related Work
2.1. Data Enhancement

In machine learning and deep learning, data enhancement is a widely used technique
aimed at expanding datasets by generating new and informative training samples to im-
prove model generalization and prediction accuracy [18,19]. Data augmentation for rolling
bearings is particularly important because the data generated during actual operation are
often limited and contaminated by noise and outliers. In recent years, Generative Adversar-
ial Networks (GANSs) have attracted widespread attention due to their ability to generate
high-quality synthetic data [20]. In particular, WGAN-GP [21] effectively addresses the
issues of unstable training and mode collapse in the original GAN by introducing a gra-
dient penalty term, thereby improving the diversity and quality of the generated data.
Inspired by WGAN-GP and Auxiliary Classifier GAN (ACGAN), Li et al. [22] proposed the
ACWGAN-GP method, which incorporates a gradient penalty into ACGAN to generate
samples for minority classes, thereby addressing the issue of poor data quality. Chen
et al. [23] proposed a method for enhancing rolling bearing data by jointly optimizing the
pre-training process and auxiliary classifiers within a WGAN-GP framework. Gu et al. [24]
introduced the CSWGAN-GP approach, which incorporates cosine similarity to refine the
gradient penalty term for bearing data enhancement. The effectiveness of this method has
been validated through experimental results. Despite these advancements, challenges such
as insufficient samples, limited variability, and data imbalance still persist, especially in
bearing datasets. Although existing methods have improved data diversity, issues such
as poor training stability, data imbalance, and insufficient data quality remain unresolved.
While WGAN-GP has shown success in generating diverse data, it still faces limitations in
hyperparameter optimization and training efficiency. By combining heuristic optimization
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algorithms such as ROA with WGAN-GP, these challenges can be effectively addressed,
thereby improving data generation quality and significantly enhancing the performance of
downstream prediction models.

2.2. Time Series Prediction

The vibration signals of rolling bearings are typical time-series data containing rich
state information. By extracting time-domain features from vibration signals, abnormal
conditions in bearings can be detected early, which is essential for effective predictive
maintenance strategies [25].

Long Short-Term Memory (LSTM) has become a mainstream model for bearing
RUL prediction due to its ability to capture long-term dependencies in time-series data.
Sun et al. [26] employed a lightweight bidirectional LSTM model with automatic pruning
for RUL prediction. Chen et al. [27] combined an attention mechanism with LSTM for this
task. Chang et al. [28] proposed a multilayer mesh-optimized LSTM prediction method,
with experimental results demonstrating its effectiveness. Pater et al. [29] designed an
LSTM auto encoder for RUL prediction of aircraft turbofan engines. Zhu et al. [30] applied
a multi-head attention mechanism to filter important temporal information from rolling
data and capture temporal dependencies using LSTM. Lin et al. [31] proposed a novel
data-driven framework based on multi-scale sequences and LSTM networks for estimating
the RUL of complex systems, which proved effective in experiments.

Despite advancements in improving LSTM prediction accuracy through various op-
timized architectures, complex models often reduce generalization performance, and in-
creasing model complexity leads to longer training time. Existing LSTM models still face
challenges such as data imbalance and data scarcity [20,24]. For example, generated data
may fail to fully capture the diversity of states, and most optimization algorithms are
computationally expensive and time-consuming [32,33].

Thus, optimizing LSTM using lightweight and fast-tuning strategies is critical for im-
proving prediction performance and generalization, especially in scenarios with scarce and
imbalanced data. The need for efficient and lightweight model adjustments is increasingly
urgent to enhance LSTM’s applicability in real-world, data-deficient environments.

2.3. Intelligent Optimization Algorithms

Hyperparameter tuning is essential for optimizing deep learning models. Traditional
methods are often inefficient, especially in high-dimensional parameter spaces, where
locating the global optimum is challenging. This limitation has led to the adoption of intel-
ligent optimization algorithms for automatically adjusting hyperparameters and enhancing
model performance. Zang et al. [32] proposed the use of the Slime Mold Algorithm (SMA)
to optimize LSTM hyperparameters for bearing RUL prediction. Gao et al. [33] applied
Particle Swarm Optimization (PSO) to optimize a Least Squares Support Vector Machine
combined with Convolutional Neural Networks (CNNs) for bearing RUL prediction. The
Remora Optimization Algorithm (ROA), which simulates the foraging and attachment
behaviors of remora fish, is a novel bio-inspired optimization algorithm [16]. ROA ex-
cels in global search capability, fast convergence speed, and simple parameter settings,
making it particularly suitable for hyperparameter optimization in deep learning models.
Chen et al. [34] utilized ROA to compute characteristic parameter values and compared its
computational accuracy and speed with the traditional PSO algorithm. Ragab et al. [35]
applied ROA to optimize the hyperparameters of the EfficientNetB3 model, demonstrating
that ROA-based optimization outperforms existing methods. Alanazi et al. [36] employed
ROA for maximum power point tracking in photovoltaic systems, achieving faster tracking
speeds compared to PSO and Manta Ray Foraging Optimization (MRFO).
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However, the switching mechanism between the remora-based strategy and the whale
optimization strategy in the conventional ROA is based on predefined conditions. While
this switching mechanism enhances the diversity of the search to some extent, it lacks an
effective method for adapting to specific problems. In particular, when dealing with certain
optimization stages and problem complexities, the algorithm may fail to dynamically adjust
the search strategy, leading to suboptimal performance. Therefore, it is crucial to develop
more flexible and adaptive mechanisms to enable the algorithm to adjust its strategies
according to the problem. Furthermore, in deep learning models like LSTM, even small
changes in hyperparameters can significantly affect model performance, necessitating more
fine-tuned and adaptive adjustments.

As summarized in Table 1, most existing studies focus either on data enhancement or
on prediction model optimization, while the coordinated optimization of both stages has
rarely been considered. This separation may limit the ability of existing methods to fully
exploit the interaction between enhanced data quality and downstream RUL prediction
performance. Therefore, a jointly optimized framework that simultaneously considers
data enhancement and time-series prediction is important for improving the robustness,
generalization ability, and prediction accuracy of bearing RUL models. Recent studies have
demonstrated continuous progress in condition monitoring, intelligent fault diagnosis, and
data-driven prognostics for rotating machinery, providing important technical foundations
for bearing RUL prediction [37,38]. A comparative analysis of related works is presented in
Table 1.

Table 1. A Summary of the Related Works.

Class

General Idea Main Issue

Condition monitoring

Torque/speed equilibrium monitoring
based on accelerometric signal
processing [37]

Not designed for RUL prediction

Bearing fault diagnosis

Convolutional Capsule Network for
bearing diagnosis [38]

Focuses on fault diagnosis rather
than RUL estimation

Data Enhancement

Generating real damage data with an
Auxiliary Classifier GAN [13]
Generate new samples by adding noise
to the time step [14]

Classification method combining
multi-scale residual attention and
GANSs [20]

Insufficient samples and limited
variability

Time-consuming sampling process

Limited-sample condition

Optimizes data generation for

ACWGAN-GP model for imbalanced diagnosis, without

minority-class sample generation [22]

Sample-enhanced diagnostic method
based on pre-training and
ACWGAN-GP [23]

Cosine-similarity-based penalty term
for bearing data enhancement [24]

coordination with downstream RUL
prediction

Optimization is confined to data
enhancement, without joint
optimization with RUL prediction
Enhancement-stage optimization
only, without synchronized tuning of
the prediction stage
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Table 1. Cont.

Class General Idea Main Issue
LSTM framework based on spatial e . . .
correlation and temporal attention [25] Verified mainly on simulation data
Lightweight Bi-LSTM based on Exp e.nmen.tal environments are
. relatively simplified and well
automated model pruning [26]
controlled
LSTM predlc’gon algorithm based on Computationally expensive and
multilayer grid search intensi
Time Series Prediction and optimization [28] resource-intensive
Intelligent Optimization Data-driven framework for estimating Model framework still requires
Algorithms RUL of complex systems [31] further optimization

Optimizes the prediction model only,
without coordinated optimization of
the data enhancement stage

Focuses on prediction-side modeling,
Model optimization approach without jointly considering data
combining CNN with PSO [33] enhancement and prediction; Case
studies have limitations

Optimization of LSTM networks using
the Slime Mold Algorithm [32]

Based on this analysis, this study aims to construct an efficient bearing degradation
state prediction model by combining ROA global optimization with WGAN-GP-based data
enhancement and LSTM-based time-series prediction. Different from existing studies that
optimize data enhancement and prediction separately, the proposed framework performs
coordinated optimization across both stages. By dynamically adjusting hyperparameters
and utilizing flexible search strategies, the model efficiently navigates through complex,
high-dimensional parameter spaces. This significantly enhances both the effectiveness
and efficiency of joint optimization between LSTM and GAN models. Furthermore, these
innovative configurations enable the algorithm to outperform traditional ROA methods,
overcoming their inherent limitations. This approach effectively addresses the challenges
of data scarcity and imbalance in bearing RUL prediction, ultimately leading to improved
overall performance of the predictive model.

3. Methodology

The ROA-DE-LSTM network framework proposed in this paper for bearing RUL
prediction is illustrated in Figure 1.

The framework collects bearing operation data from the test bench and extracts health
indicators (HIs). These indicators are processed through feature extraction and feature
selection to generate key inputs for the prediction model. To address the challenges
posed by scarce bearing degradation data, the framework integrates a Wasserstein GAN
with Gradient Penalty (WGAN-GP) optimized by the Remora Optimization Algorithm
(ROA). This approach generates high-quality simulation data, significantly enhancing
data diversity and quantity. Based on this, the framework employs ROA to optimize the
hyperparameters of the LSTM model, improving learning efficiency and prediction accuracy.
The data enhancement module (DE) is integrated into the ROA-LSTM network to further
enhance the model’s generalization ability. Finally, the framework achieves performance
optimization through combined methods and outputs accurate RUL predictions. The
proposed framework integrates data enhancement, hyperparameter optimization, and
model prediction, significantly improving the accuracy and robustness of RUL predictions.
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Figure 1. Overview of the proposed rolling bearing RUL prediction framework.

Vibration signals of bearings are typically collected using vibration collectors, which
provide essential degradation information. To fully utilize the features in the degradation
information, 13 types of time-domain features are extracted based on the existing literature.
These features include maximum, mean, variance, standard deviation, root mean square,
peak-to-peak value, skewness, kurtosis, waveform factor, peak factor, impulse factor,
margin factor, and spectral kurtosis [39]

To estimate the RUL of rolling bearings, a bearing health index (HI) based on spectral
kurtosis was constructed [40]. Grey relational analysis is then applied to identify the time-
domain features of vibration signals that are highly correlated with the HI, which are used
to create a new dataset.

WGAN-GP is used to enhance bearing degradation data, addressing the issue of data
scarcity. The enhanced data are then integrated into the prediction model to enrich the
dataset. To verify the effectiveness of ROA-based optimization, ROA is used to optimize
the hyperparameters of the WGAN-GP network model, and the DE module is constructed
by optimizing the learning rates of the model generator and discriminator.

Subsequently, an RUL prediction model is constructed to compare and analyze the
enhancement effect of the DE model. Experiments are carried out using LSTM and CNN
models on both enhanced and unenhanced datasets to verify the robustness of the DE
module. Additionally, ROA is used to globally optimize the LSTM learning rate. Various
intelligent optimization algorithms are then selected for comparative analysis to thoroughly
validate the effectiveness and superiority of the ROA-DE-LSTM model.

3.1. WGAN-GP Network with ROA Optimization

In this paper, the WGAN-GP network is employed to generate synthetic bearing
degradation samples, addressing the issue of data scarcity. The structure of the WGAN-GP
network is illustrated in Figure 2.

https:/ /doi.org/10.3390/app16146978


https://doi.org/10.3390/app16146978

Appl. Sci. 2026, 16, 6978

8 of 32

feedback corrections
random

noise

discriminator loss

authentic
specimen

Figure 2. WGAN-GP network structure.

The WGAN-GP network structure consists of a generator and a discriminator, where
the generator feedback loss includes both false sample loss and regularization loss, while
the discriminator feedback loss consists of true sample loss and gradient penalty loss. By
introducing Wasserstein distance loss and gradient penalty, WGAN-GP enhances training
stability and alleviates problems such as gradient vanishing and model collapse. To further
optimize the data generation process, the Remora Optimization Algorithm (ROA) is inte-
grated into the WGAN-GP framework to dynamically adjust the learning process of both
the generator and discriminator, addressing the challenge of optimizing their performance.
By combining the global search capabilities of ROA with local optimization of the generator
and discriminator learning rates, this approach enables effective switching between whale
optimization and sailfish optimization, improving the overall learning efficiency.

This dynamic adjustment allows the GAN to flexibly handle data from different
bearing degradation stages, ensuring that the generated data accurately reflects various
degradation states. The integration of ROA enhances data diversity and quality by progres-
sively fine-tuning the generated data, addressing data scarcity, and improving the LSTM
model’s RUL prediction accuracy. This multi-step optimization process improves both the
overall data generation and the model’s predictive performance.

The adversarial training objectives of the WGAN-GP model optimized by ROA are
defined as shown in Equation (1):

{zD = B, [D(R)] ~ Exep [D(¥)] + AEsp, [(| V2D(R) |, — 1)?] o
Lg = —Ez.p,[D(¥)]

where Lp and Lg denote the discriminator loss and the generator loss, respectively. p;
represents the distribution of real bearing degradation samples, and pg represents the
distribution of generated samples. X = G(z) denotes a generated sample produced by
the generator from input noise z. X is sampled along the straight line between real and
generated samples. The gradient penalty term is introduced to enforce the Lipschitz
continuity constraint and improve the training stability of WGAN-GP.

In this framework, ROA is employed as an outer-loop optimizer to tune the gener-
ator learning rate and discriminator learning rate of WGAN-GP. It does not change the
mathematical form of the WGAN-GP adversarial loss. The generated samples are further
evaluated according to their contribution to the downstream LSTM prediction performance.

3.2. ROA-LSTM Optimization Mechanism After Data Enhancement

Bearing vibration signals have strong temporal sequence characteristics, and LSTM
can effectively capture long-term dependencies in degradation sequences. In this study,
the synthetic samples generated by the ROA-WGAN-GP module are combined with the

https://doi.org/10.3390/app16146978


https://doi.org/10.3390/app16146978

Appl. Sci. 2026, 16, 6978

9 of 32

original training samples to form an enhanced training set. The LSTM network is then
trained on the enhanced dataset to predict the health indicator or RUL value. The ROA is
used to tune the learning rate of the LSTM predictor, thereby improving its convergence
stability and prediction accuracy under limited training data. The network structure of
LSTM is shown in Figure 3.
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Figure 3. LSTM network structure.

However, the performance of LSTM heavily depends on hyperparameter configu-
rations, and traditional optimization methods often face issues such as local optima and
overfitting. To address these problems, this study introduces ROA to optimize the learning
rate of the LSTM predictor. In this framework, the ROA-WGAN-GP module focuses on
improving the quality and diversity of training samples, while the ROA-LSTM module
focuses on improving the accuracy and generalization ability of RUL prediction. The loss
function of the LSTM predictor is the mean squared error, as shown in Equation (2):

1 ~
Listm = Ezizl (vi — 5:) (2)

where 1 is the number of samples, y; is the ground-true value of the i-th sample, and §;
denotes the corresponding predicted value. This loss is used to train the LSTM predictor.
Unlike the WGAN-GP adversarial loss, the LSTM loss directly measures the prediction
error of the downstream RUL estimation model.

3.3. Remora Optimization Algorithm

(1) Overview of the Remora Optimization Algorithm (ROA)

The Remora Optimization Algorithm (ROA) is a bio-inspired heuristic optimization
algorithm inspired by the feeding behavior of remoras in nature. The algorithm simulates
two main phases: the global exploration phase and the local exploitation phase, mimicking
the remora’s behavior of searching for and attaching to hosts. This algorithm was intro-
duced by Heming Jia et al. in 2021 [17] and is designed to optimize complex problem
spaces by balancing exploration and exploitation.

However, a limitation of the traditional ROA is its fixed switching mechanism between
the Sailfish Optimization (SFO) and Whale Optimization Algorithm (WOA) strategies,
based on preset conditions. While this enhances the diversity of the search, it lacks the
flexibility needed to adapt to the specific complexities and optimization stages of certain
problems. Therefore, this study introduces an adaptive ROA framework that dynamically
adjusts its optimization strategy to better handle the varying stages and complexities of
tasks like Remaining Useful Life (RUL) prediction for rolling bearings. This innovation
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significantly improves the algorithm’s performance in deep learning tasks by enhancing its
adaptability during the optimization process.

(2) Mathematical Model and Optimization Process

a. Initialization

In ROA, the initial positions of the population are determined using random initializa-
tion, ensuring a diverse starting population that allows the algorithm to effectively explore
the solution space. The position of each individual is initialized using Equation (3):

Xjj :lb]‘-i-ri,j(ubj—lb]'), i=12,...,d 3)

where x;; denotes the j-th dimensional component of the i-th remora individual, /b; and
ub; are the lower and upper bounds of the j-th decision variable, respectively, r; ; ~ U(0,1)
is a uniformly distributed random number, and (d) is the dimension of the hyperparameter
search space. In this study, each remora individual represents a candidate hyperparameter
vector to be optimized by ROA.

b. Fitness Function Calculation

The fitness function is designed to evaluate the final prediction performance of the
LSTM model after data enhancement. In the ROA optimization process, each remora
individual represents a candidate hyperparameter combination, including the generator
learning rate, discriminator learning rate, and LSTM learning rate. For each candidate
solution, WGAN-GP is first trained using the corresponding generator and discriminator
learning rates. The trained generator then produces synthetic degradation samples, which
are combined with the original training samples to form an enhanced training set. Subse-
quently, the LSTM predictor is trained on the enhanced training set using the corresponding
LSTM learning rate. Finally, the validation MSE of the trained LSTM predictor is calculated
as the fitness value. A smaller fitness value indicates better prediction performance and a
more suitable hyperparameter configuration. Therefore, the fitness function used in ROA
optimization is defined as the validation MSE of the LSTM predictor, as follows:

1 «—wn, .
EXi) = =Y (vi— ) 4)

ny
where X; = [176,1p,n1] denotes the i-th candidate hyperparameter vector. 7, #p, and
11 represent the learning rates of the generator, discriminator, and LSTM predictor, re-
spectively. N, is the number of validation samples, y; is the true value, and 7; is the
predicted value.

The fitness function evaluates the final RUL prediction performance of the LSTM
model on the validation set. For each candidate hyperparameter combination, WGAN-GP
is first trained using the corresponding generator and discriminator learning rates. The
trained generator then produces synthetic degradation samples, which are combined with
the original training samples to form an enhanced training set. Subsequently, the LSTM
predictor is trained using the corresponding LSTM learning rate. A smaller fitness value
indicates better prediction performance and a more suitable hyperparameter combination.
It should be noted that Equation (4) is not a weighted combination of the WGAN-GP
loss and the LSTM loss. Instead, ROA jointly searches the hyperparameters of the data
enhancement and prediction modules using the validation MSE of the downstream LSTM
predictor as the unified evaluation objective.

c. SFO and WOA Strategies
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When remoras attach to fast hosts such as sailfish, the algorithm uses the optimal
individual guidance mechanism from the Sailfish Optimization (SFO) strategy, augmented
with a random selection rule. The position update equation is as follows:

1
X:‘H_ = Xéest - [T ’ letaest + X}

rand

Xiand]f re U(O, 1) (5)

where t is the current iteration, Xlt)est is the current optimal remora individual, and X;and is
the current random remora individual. r ~ U(0, 1) is a random coefficient.

In contrast, when remoras attach to larger hosts like whales, ROA adopts the Whale
Optimization Algorithm (WOA) with a spiral search strategy for updating positions. The
mathematical models for WOA are:

Xf+1 = Djelcos(27tl) + Xbest ©
D; = X{;est B Xf (7)
I=(@—-1)r+1,r~U(0,1) @

a:(1+{,> )

where D; denotes the distance between the current individual and the current best individ-
ual, ] is a spiral random coefficient, r ~ U(0, 1), and a decreases linearly from —1 to —2 as
the iteration number ¢ increases from 0 to T.

The dynamic switching between SFO and WOA strategies in traditional ROA is based
on preset conditions, but in this study, we propose an adaptive mechanism that dynamically
adjusts between the two strategies according to the task’s needs and optimization stage.

d. Global Exploration Stage

During the global exploration stage, remoras need to constantly make small move-
ments around their host to accumulate experience and determine whether a host change is
necessary. The formula for this experience accumulation is:

Xatt = X{ + (X{ — Xpre) X randn (10)

where Xt is a tentative remora movement, Xpre is the position of the previous remora, and
randn is a random number with a normal distribution.
To determine whether a host change is required, the following conditions are used:

£(XE) > f(Xart) (11)

H(i) = round(rand) (12)

where H(i) decides whether the remora attaches to a whale (H(i) = 0) or a sailfish
(H(i) = 1). The fitness function values f(X!) and f(X,) are compared to make this deci-
sion. The innovation in this step is the dynamic adjustment of the host-switching criteria,
allowing the algorithm to adapt based on the optimization stage and complexity.

e. Local Exploitation Stage

In the local exploitation phase, the search range is reduced, and remoras optimize
their positions by using the resources around the host. The update formula is:

X =X+ A (13)
where A represents the distance traveled by the remora, and it is computed as:

A =B x (X{ = C X Xpest) (14)
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B=2xVxrand -V (15)
v=2(1-1 (16)

o T

where B and V represent the volumes of the host and remora, respectively. Remora factor
C is used to limit the remora’s position. This phase helps refine the solution by exploiting
the local search region.

(3) ROA with GAN and LSTM Optimization Coupling Mechanism

a. Data Augmentation with GAN Optimization

To address the data scarcity issue in RUL prediction, WGAN-GP is used to generate
high-quality synthetic data for training. ROA optimizes the hyperparameters of both the
generator and discriminator to enhance data diversity and quality. The adaptive strategy
dynamically adjusts the learning rates of the generator and discriminator, enabling the
generation of more diverse and realistic samples that better represent the degradation
stages of rolling bearings.

b. LSTM Model Optimization

LSTM networks are used to predict the RUL of bearings based on vibration signal data.
The performance of LSTM is highly sensitive to hyperparameters. ROA optimizes the learn-
ing rate of the LSTM predictor through both global exploration and local exploitation strate-
gies. The adaptive mechanism ensures that hyperparameters are dynamically adjusted
based on the task complexity, improving the model’s training stability and convergence.

(4) Algorithm Workflow

The ROA-DE-LSTM model integrates ROA with the data enhancement module to
optimize the hyperparameters of WGAN-GP and LSTM for improved RUL prediction.
The workflow begins with initializing the remora population in the search space, where
each remora represents a three-dimensional candidate solution consisting of the generator
learning rate, discriminator learning rate, and LSTM learning rate. For each candidate
solution, WGAN-GP is first trained to generate synthetic degradation samples, and the
LSTM predictor is then trained on the enhanced training set. The validation MSE of the
trained LSTM predictor is used as the fitness value. Based on these evaluations, the remora
positions are updated using the SFO and WOA strategies, and the optimization continues
until the maximum number of iterations is reached. The best solution represents the
optimized hyperparameter combination for the data enhancement and prediction modules.
The overall process is summarized in Algorithm 1.

Algorithm 1 Network Model Hyperparameter Optimization Procedure.

1.  Input: Training set, validation set, search ranges, population size N, maximum
iterations T

Output: Optimal solution X; = [1¢, /D, 1L ]
Start
Initialize N Remoras with 3D positions:
Xi = [nc, 1o, 1]
Evaluate fitness for each X;
Train WGAN-GP with 76 and #p.
Generate synthetic degradation samples using the trained WGAN-GP

Y N A WD

Combine the generated samples with the original training samples and train
LSTM using 51,
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Algorithm 1 Cont.
10. Fitness(X;) = validation MSE of the LSTM predictor
11. Xpest = argmin Fitness(X)
12, Sett=0
13. Whilet< T do
14. For each Remorai=1to N do
15. Check boundary constraints for current position and repair if violated
16. Calculate fitness (i) using Equation (4)
17. Update X, if fitness(i) < fitness (Xpest)
18. Update parameters k, a, V using Equations (8), (9) and (16)
19. If H; == 0 then
20. Update the position according to the WOA strategy using Equation (6)
21. Else if H; == 1 then
22. Update the position according to the SFO strategy using Equation (5)
23. End if
24. Make host-step prediction using Equation (10)
25. Determine host replacement using Equations (11) and (12)
26. If host is not replaced then
27. Apply host feeding mode using Equation (13)
28. End if
29. End for
30. t=t+1

31. End while
32. Return Xpest

4. Test Examples and Performance Metrics
4.1. Health Indicator Construction

The experimental dataset used in this study is obtained from the bearing life test rig
at Xi’an Jiaotong University [40], as shown in Figure 4. The dataset consists of horizontal
and vertical vibration signals from bearings under a 40 Hz/10 kN operating condition.
Two datasets, Bearing 3-1 and Bearing 3-4, are selected to validate the effectiveness of the
proposed ROA-DE-LSTM framework. To simulate the limited-data condition commonly
encountered in industrial applications, only Bearing 3-1 is used for model development,
while Bearing 3-4 is reserved as an independent test bearing.

The horizontal vibration signal of Bearing 3-1 is used for health indicator construction,
feature extraction, model training, validation, and data enhancement. After time-domain
feature extraction and sliding-window segmentation, 2500 original samples are constructed
from Bearing 3-1. These samples are divided into 2000 training samples and 500 validation
samples following an 8:2 split ratio. The validation set is used exclusively for hyperparam-
eter selection and early stopping.
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Figure 4. XJTU-SY Bearing Life Test Bench.

Data enhancement is performed using ROA-WGAN-GP based solely on the training
samples of Bearing 3-1. In the proposed setting, 2500 synthetic samples are generated
accordingly. To analyze the effect of generated data size, two augmentation strategies
are considered: full generated data, in which all 2500 synthetic samples are added to
the training set, and half generated data, in which 1250 generated samples are randomly
selected for training. Therefore, the final training sets consist of 2000 original samples for
the baseline model, 3250 samples for the half-generation setting, and 4500 samples for the
full-generation setting. The data usage protocol is summarized in Table 2.

Table 2. Usage of the XJTU-SY dataset across different stages of the proposed framework.

Processing Stage Bearing Signal Used Purpose Leakage Control
Feature extraction Bearing 3-1 g;;:lontal vibration Construct HI Only Bearing 3-1 is used
Divided into 2000 training
Horizontal vibration samples and 500 validation
Training and validation ~ Bearing 3-1 sional Train the models samples
& No Bearing 3-4 data
are used

Data augmentation

Generated from

Synthetic samples

Expand training data

Generated only from the

Bearing 3-1 training samples
. . Horizontal vibration Independent Exc.lud.ed from training
Testing Bearing 3-4 . . validation, and
signal evaluation

augmentation

To prevent data leakage, the train/validation/test split is performed before data
augmentation. Bearing 3-4 is not used in WGAN-GP training, ROA-LSTM training, vali-
dation, hyperparameter tuning, early stopping, or normalization-statistics estimation. All
generated samples are produced only from the training samples of Bearing 3-1 and are
added only to the training set. The validation and test sets contain only original samples.
In addition, the consistency between original and generated samples is evaluated using
statistical metrics such as the Population Stability Index (PSI).
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In this study, the limited-data setting refers to the case where only the full-life degra-
dation data of a single bearing are available for model development. All comparative
models are evaluated under the same protocol, with the same training samples, validation
samples, test bearing, model architecture, hyperparameter search space, random seed,
early-stopping strategy, and gradient-clipping strategy.

Using the horizontal vibration signal as test data, a health indicator (HI)-based predic-
tion model is constructed to more accurately reflect the degradation trend and remaining
useful life (RUL) of bearings. The spectral kurtosis-based HI is constructed using prior
knowledge, as described in Equation (17):

1 _
Nzﬁl (xi — X)4

<1§Z{\ll (xi —X)2>2

Given the large volume of detection data, normalization and gray correlation analysis
are applied to preprocess the data and extract features. Features exhibiting high correlation
coefficients (greater than 0.8) with HI are selected for the new dataset. Table 3 presents

HI = (17)

the gray correlation analysis results for the extracted time-domain features, including
maximum (max), minimum (min), variance (var), root mean square (rms), skewness (skew),

and waveform factor (bx).

Table 3. Gray correlation analysis results.

max

min var std rms ffz

0.641
bx

0.539 0.708 0.61 0.61 0.609
mc yd skew kurt fz

HI

0.794
HI var

0.917 0.652 0.603 0.947 0.919
HI std HI rms HI-ffz HI fz HI_yd

0.818

0.856 0.756 0.852 0.887 0.92

The analysis shows that the eight features, including vibration signal features (kurtosis
(kurt), peak (fz), and impulse (mc)) and health indicators (variance (HI_var), standard
deviation (HI_std), peak (HI_fz), peak-to-peak (HI_ffz), and margin (HI_yd)), are partic-
ularly effective in capturing the bearing degradation process, as illustrated in Figure 5.
Key features like HI_std and HI_ffz show pronounced peaks approaching failure, making
them especially useful for detecting early degradation. Variance (HI_var) and kurtosis
(Kurt) display abrupt changes, identifying sudden shifts in system conditions. This further
demonstrates the reliability of the health indicators in reflecting bearing health.

4.2. Model Parameter Configuration

The detailed configurations and structural settings of the WGAN-GP-based data
enhancement model and the LSTM prediction model are summarized in Table 4.

Table 4. Model parameters for WGAN-GP and LSTM.

Model

Configuration Parameters Structural Parameters

WGAN-GP

Batch size: 16 Generator G: (Linear, BatchNorm1d) x 3 + Sigmoid
Loss function: MSE Discriminator D: Linear x 3 + L1/L2 + Sigmoid
G/D Optimizer: Adam
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Table 4. Cont.

Model Configuration Parameters Structural Parameters
Batch size: 16 LSTM: (130, dropout) x 2
LSTM Loss function: MSE Dense
Optimizer: Adam
Batch size: 64 Loss function: MSE (Convld, BatchNorm1d) x 3 + Convld
CNNRegressor )
Momentum: 0.9 Weight-decay: 0.0001
10 1.0
;g — kurt 5 —_fz
s b
5 0.5 1 5 0.5 1
T [ 4 e dciad Aeaielh °
£ £
0.0 = T T 0.0 = T T
0 1000 2000 0 1000 2000
Cycles Cycles
(a) kurt (b) fz
1.0 1.0
5 =— imc E —— Hl_var
s p
> 0.5 > 0.5
5 ]
£ £
0.0 1 : : 0.0 L5 deset et
0 1000 2000 0 1000 2000
Cycles Cycles
(¢) me (d) HI_var
10 1.0
] —— Hi_std k- — HI_fiz
(1] o
2 05 > 051
< o
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0.0 15 ‘ : 0.0 15 : ,
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10 1.0
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o o
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E 2
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(g) HI_fz (h) Hl_yd

Figure 5. Feature extraction results for Bearing 3-1: (a) kurtosis (kurt); (b) peak value (fz);
(c) impulse factor (mc); (d) health-index variance (HI_var); (e) health-index standard deviation
(HI_std); (f) health-index peak-to-peak value (HI_ffz); (g) health-index peak value (HI_fz); and
(h) health-index margin factor (HI_yd).

4.3. ROA Optimization

To ensure reproducibility and fairness of the comparative optimization experiments,
PSO [41], HHO [42], and ROA are configured under the same optimization budget. All
three algorithms optimize identical hyperparameters, including the generator learning rate
and discriminator learning rate of WGAN-GP, as well as the learning rate of the LSTM
predictor, as summarized in Table 5.

In the optimization process, each candidate solution is represented as a three-
dimensional hyperparameter vector (LSTM learning rate, generator learning rate, dis-
criminator learning rate). For each candidate solution, WGAN-GP is first trained using the
corresponding generator and discriminator learning rates to generate synthetic degradation
samples. The generated samples are then combined with the original training samples
to train the LSTM predictor using the corresponding LSTM learning rate. The validation
MSE of the trained LSTM predictor is used as the fitness value. Therefore, the optimization
process jointly searches for hyperparameters of the data enhancement and prediction mod-
ules under the same evaluation objective. The search ranges, population size, maximum
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number of iterations, internal training epochs, and independent runs are kept identical for
all algorithms.

Table 5. Optimization settings of different metaheuristic algorithms.

Algorithm

Hyperparameters

Population Max Internal Random

Size Iterations Training Seeds
Epochs

Search Range

LSTM learning rate;

WGAN-GP

[1x1075,1 x 107!] for

PSO generator and LSTM; [1 x 107°,1 x 1072] 30 100 10 10
discriminator for WGAN-GP
learning rates

LSTM learning rate;

WGAN-GP

[1x1075,1 x 10~1] for

HHO generator and LSTM; [1 x 107°,1 x 1072] 30 100 10 10
discriminator for WGAN-GP
learning rates

LSTM learning rate;

WGAN-GP

[1x 10751 x 10~!] for

ROA generator and LSTM; [1 x 1072,1 x 1072] 30 100 10 10
discriminator for WGAN-GP
learning rates

The stopping criterion of each optimization algorithm is reaching the maximum num-
ber of iterations. Each algorithm performs an identical number of fitness evaluations
under the same internal training setting. To reduce the influence of randomness, each
optimization algorithm is independently repeated ten times using different random seeds,
and the same random seed is used across PSO, HHO, and ROA in the corresponding
independent run. The final optimization results are reported based on the average perfor-
mance of the repeated runs, ensuring that the comparison is primarily determined by the
optimization strategy itself rather than differences in search range, computational budget,
or parameter configuration.

4.4. Experimental Settings

The detailed training configuration, including the input setting, WGAN-GP archi-
tecture, LSTM structure, optimizer, loss function, and regularization-related operations,
is summarized in Table 6. Under this unified experimental protocol, the network struc-
ture, data construction strategy, training configuration, and optimization budget remain
unchanged for all compared methods. As a result, the proposed ROA improves perfor-
mance through optimization rather than additional computational resources or inconsistent
experimental settings.

Table 6. Model and training parameter configuration.

Module

Parameter Setting

Input data

Input data
Input data
WGAN-GP
WGAN-GP
WGAN-GP
WGAN-GP

Input feature type

Selected degradation-related features from the horizontal
vibration signal

Sliding window length 50

Sliding step 1
Batch size 16
Optimizer Adam

Generator architecture Linear + BatchNorm1d blocks followed by activation
Discriminator architecture Linear layers with regularization
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Table 6. Cont.

Module Parameter Setting
LSTM Batch size 16
LSTM Hidden units 130
LSTM Number of LSTM layers 2
LSTM Optimizer Adam
LSTM Loss function Mean squared error
Training Gradient clipping Used if applied in the final implementation

4.5. Performance Indicators

To evaluate the effectiveness of the proposed ROA-DE-LSTM framework, perfor-
mance indicators such as Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
Mean Absolute Percentage Error (MAPE), and R-Square (R?) are selected for comparative
analysis [43]. The calculations for these indicators are as follows:

RMSE = \/ Zl . yl (18)

1
MAE = 1y iy g (19

1n
ware 21,
~ )2

R2—=1_— i1 (yi — 9
—\2
i—1(Yi —Y)

Vi~ ¥i

i

X 100%) (20)
(21)

5. Result and Discussion
5.1. Comparison of WGAN-GP-Based Optimization

This section presents the results of applying different intelligent optimization al-
gorithms to optimize the WGAN-GP model for data enhancement. The performance
is evaluated using mean squared error (MSE) as the loss function. The total generator
loss (Loss G) is computed by combining the fake sample loss and the regularization loss.
The total discriminator loss (Loss D) is computed by combining the discriminator loss,
regularization loss, and gradient penalty for both real and fake samples.

In the experiments, Bearing 3-1 is used as the research object. The baseline WGAN-
GP model is compared with the models optimized using Particle Swarm Optimization
(PSO), Harris Hawk Optimization (HHO), and Remora Optimization Algorithm (ROA).
The training process runs for approximately 3000 iterations. The performance of differ-
ent optimization algorithms is evaluated by analyzing the loss convergence of both the
generator and the discriminator.

(1) Generator Performance

In the generator convergence analysis, the ROA-optimized model shows better stability
and faster convergence speed, as illustrated in Figure 6.

The initial maximum loss of the ROA-based model is approximately 0.5, which is
significantly lower than that of the baseline model (5.0). The ROA model converges in
approximately 200 iterations, compared with 500 iterations for the baseline model. After
2000 iterations, the average loss of the ROA model is 0.02, which is lower than that of the
PSO- and HHO-optimized models, whose average losses are 0.05 and 0.03, respectively.
These results indicate that the ROA-optimized generator achieves faster convergence and
improved training stability.
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Figure 6. Data-Enhanced Model Generator Training Process.

(2) Discriminator Performance

In the discriminator convergence analysis, the ROA-optimized model also performs
better, as shown in Figure 7. The initial loss fluctuation is limited to a maximum of 0.3,
which is lower than the fluctuations observed in the PSO and HHO models, with maximum
values of 0.6 and 0.7, respectively. The ROA model reaches stability within 300 iterations,
while the baseline model requires approximately 700 iterations. The average loss at the
final stable stage is 0.01, which is significantly lower than the baseline model’s value of
0.08. These findings confirm that the ROA-optimized discriminator has better stability,
consistency, and discriminatory ability.

Loss D(100-3180)

Loss D

— ROA
~—Original
— PSO
—— HHO

0.10
0.05
0.00{ [k

-0.051 ||

2 1500 1600 1700 1800 1900 2000

0 500 1000 1500 2000 2500 3000
Time

Figure 7. Data-Enhanced Model Discriminator Training Process.

(3) Quantitative Comparison

Table 7 compares the average losses of different WGAN-GP optimization strategies.
The relative difference, denoted as gr, indicates the deviation of each model from ROA in
decimal form. A positive “gr” value indicates that the proposed method outperforms the
reference object on this metric, whereas a negative value indicates underperformance.
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Table 7. Model total loss and gradient penalty term.

Loss G D_GP Loss D

Avg

gr Avg gr Avg gr

Origin 0.168
PSO 0.074
HHO 0.154
ROA 0.113

+0.055 0.160 +0.153 0.157 +0.119
—0.039 0.013 +0.006 0.051 +0.013
+0.041 0.050 +0.043 0.064 +0.026
+0 0.007 +0 0.038 +0

ROA achieves the lowest discriminator loss and gradient penalty, indicating improved
training stability and better control of the gradient penalty term. Although PSO achieves a
lower generator loss, ROA provides a better overall balance for WGAN-GP optimization
and supports more stable data enhancement for RUL prediction.

(4) Distribution Similarity Analysis

Although the generator and discriminator loss curves demonstrate the convergence
of the WGAN-GP training process, they do not directly indicate whether the generated
degradation samples preserve the statistical characteristics of the original data. Therefore,
multiple distribution similarity metrics are further employed to quantitatively evaluate the
generated samples, including the Population Stability Index (PSI), Kolmogorov-Smirnov
(KS) statistic, Wasserstein distance, and maximum mean discrepancy with the radial basis
function kernel (MMD-RBF).

As summarized in Table 8, the generated samples exhibit high similarity to the original
degradation data according to the PSI, KS statistic, Wasserstein distance, and MMD-RBF
metrics. The PSI values remain within 0.11-0.24, indicating that the distribution differences
are within a stable or moderately stable range. The KS statistic ranges from 0.04 to 0.15,
indicating that the cumulative distributions of the original and generated samples are close.
In addition, the Wasserstein distance remains below 0.10 and the MMD-RBF value remains
below 0.16, indicating that both the overall distribution distance and the higher-order
feature discrepancy are small.

Table 8. Distribution similarity between the original and generated degradation samples.

Metric

Value Description

PSI

KS statistic

Wasserstein distance
MMD-RBF

PCA explained variance

0.11-0.24 Distribution stability

0.04-0.15 Cumulative distribution similarity

<0.10 Distribution distance

<0.16 Feature distribution discrepancy

81.09% Variance explained by the first two principal components

Figure 8 further illustrates the values of the four similarity metrics across different
statistical features. Overall, the generated samples exhibit minor deviations from the
original data across all evaluated features. In particular, the Wasserstein distance and
MMD-RBF values remain consistently low, indicating that both the overall data distribution
and the feature-level distribution are well preserved. These results demonstrate that the
proposed WGAN-GP effectively learns the intrinsic statistical characteristics of the bearing
degradation process while maintaining sufficient diversity for data enhancement.
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Figure 8. Distribution Similarity Analysis of the Original and Generated Degradation Data.

(5) Feature-space Visualization

To further verify whether the generated samples preserve the intrinsic feature distri-
bution of the original degradation data, principal component analysis (PCA) is performed.
The first two principal components explain 81.09% of the total variance, indicating that
the two-dimensional PCA space can represent the main structure of the degradation fea-
tures. As illustrated in Figure 9, the generated samples largely overlap with the original
samples in the principal component space while maintaining appropriate diversity. This
result further confirms that the proposed WGAN-GP successfully captures the underlying
degradation characteristics of the bearing degradation process.

20 | Explained vdtiance = 81.09% Dataset
e Origipal samples

Generated samples

PC2

30 40

Figure 9. PCA visualization of the original and generated degradation samples.

5.2. ROA-DE-LSTM Prediction Optimization Comparison

To validate the effectiveness of the proposed ROA-DE-LSTM framework, we compare
it with multiple prediction methods. CNN and LSTM are used as base models, and PSO,
HHO, and ROA are further employed to optimize the data-enhanced LSTM model. Given
the long-term periodicity of the health indicator, the sliding window method is applied in
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the LSTM network. This method dynamically reads the data with a window size of 50 and
a step size of 1 until the entire dataset is processed.

All comparative models are evaluated under the same data usage protocol. Bearing
3-1is used for model training and validation, while Bearing 3-4 is used as the independent
test bearing. The test bearing is not involved in WGAN-GP training, model training,
hyperparameter tuning, early stopping, or normalization-statistics estimation. Therefore,
the prediction results can be used to evaluate the generalization ability of the proposed
method under an independent bearing degradation process.

(1) Network Model Selection and Data Enhancement

After completing data enhancement, independent experiments are conducted on CNN
and LSTM models with and without data enhancement. As shown in Figure 10, all models
can track the true degradation trend to a certain extent, but their prediction accuracy and
stability are different. The LSTM model without enhancement shows larger prediction
deviations in several degradation stages. The DE-LSTM model produces a smoother
prediction curve and follows the true values more closely in the middle degradation stage.
In the late stage, all models show some deviations due to the rapid degradation of the
bearing, but the data-enhanced models still provide more stable prediction trajectories.

Bearing 3-4
1.0 1
—— truevalue
——— CNNRegression 0.25 4
— LSTM
081 DE-CNNRegression e
. ——— DE-LSTM
i
_8 0.6
T
=
=
‘®© 0.4 1
(]
=
024 =
I
1
|
QIO 1o i =
0 200 400 600 800 1000 1200 1400

Time

Figure 10. Comparison of Model Health Indicator Predictions.

As shown in Table 9, data enhancement improves the prediction performance of both
CNNRegression and LSTM models. Compared with CNNRegression, DE-CNNRegression
reduces MAE from 0.096 to 0.074, while R? increases from 0.300 to 0.460, indicating that the
generated degradation samples improve the prediction accuracy and fitting ability of the
CNN-based model. Compared with the original LSTM, DE-LSTM slightly increases MAE
from 0.062 to 0.063, but reduces RMSE from 0.099 to 0.097 and improves R? from 0.477 to
0.498. This indicates that data enhancement improves the overall fitting ability, although
its effect on MAE is limited. In addition, DE-LSTM outperforms DE-CNNRegression in
all four evaluation metrics, with lower MAE, RMSE, and MAPE and a higher R? value.
This result shows that, under the same data enhancement strategy, the LSTM network has
stronger capability in modeling temporal degradation patterns than the CNNRegression
model. Therefore, the DE-LSTM structure is selected as the basic prediction network for
the subsequent optimization comparison.
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Table 9. Comparison of indicators for predicting degradation status.
MAE RMSE MAPE R?

Value gr Value gr Value gr Value gr
CNNRegression 0.096 +0.033 0.114 +0.017 256.62 +76.30 0.300 —0.198
LSTM 0.062 —0.001 0.099 +0.002 184.98 +4.66 0.477 —0.021
DE-CNNRegression 0.074 +0.011 0.100 +0.003 211.87 +31.55 0.460 —0.038
DE-LSTM 0.063 +0 0.097 +0 180.32 +0 0.498 +0

(2) Comparison of Optimization Algorithms in Data-Enhanced Models

After comparing the basic network models, we further evaluate the effects of different
optimization algorithms on the DE-LSTM network. The validation results on the training
and test sets are shown in Figures 11 and 12. The stability of each optimized DE prediction
model is significantly improved, but clear differences can still be observed in the later
degradation stage. The ROA-DE-LSTM model produces predictions closest to the true
values, while the other optimized models show larger deviations and local fluctuations.
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Figure 11. Training Set Health Indicator Prediction.
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Figure 12. Test Set Health Indicator Prediction.
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To evaluate the statistical stability of different prediction models, all experiments are
independently conducted over five runs under identical experimental settings. The results
in Table 10 are presented as the mean values with their corresponding standard deviations.
As shown in Table 10, the proposed ROA-DE-LSTM achieves the best overall prediction
performance among all compared methods, with the lowest mean MAE of 0.035 & 0.001,
and the highest mean R? of 0.846 + 0.002. In addition, the relatively small standard
deviations across five independent runs indicate that the proposed method provides stable
and consistent prediction performance.

Table 10. Results reported as the mean =+ standard deviation over five independent runs.

MAE RMSE MAPE R?
Value gr Value gr Value gr Value gr
LSTM 0.062 4 0.002 +0.027 0.099 + 0.003 +0.046 184.98 £ 0.31 +68.94 0.477 + 0.002 —0.369
DE-LSTM 0.063 £ 0.002 +0.028 0.097 £ 0.002 +0.044 180.32 £ 0.28 +64.28 0.498 + 0.002 —0.348
PSO-DE-LSTM 0.050 4 0.001 +0.015 0.064 + 0.001 +0.011 195.73 £+ 0.36 +79.69 0.773 £ 0.003 —0.073
HHO-DE-LSTM 0.048 4 0.002 +0.013 0.063 % 0.003 +0.010 183.04 £ 0.32 +67.00 0.782 £ 0.002 —0.064
ROA-DE-LSTM 0.035 £ 0.001 +0 0.053 £ 0.002 +0 116.04 + 0.22 +0 0.846 £ 0.002 +0
(3) Ablation Study

To further verify the contribution of the WGAN-GP data enhancement module, an
ablation study is conducted under identical experimental settings. Based on the data en-
hancement strategy described in Section 4.1, the original training set contains 2000 samples
from Bearing 3-1. The full-generation setting adds all 2500 synthetic samples to the original
training set, resulting in 4500 training samples. The half-generation setting randomly selects
1250 synthetic samples and adds them to the original training set, resulting in 3250 training
samples. These settings are used to evaluate whether the generated degradation samples
are beneficial to prediction performance and whether the amount of generated data affects
the final prediction results.

Five model configurations are evaluated in the ablation study. The LSTM model
denotes the baseline prediction model without data enhancement and without ROA op-
timization, using only the 2000 original training samples. The DE-LSTM model denotes
the prediction model with full generated samples but without ROA optimization, where
2500 generated samples are added to the original training set and the final training set
contains 4500 samples. The ROA-LSTM model denotes the prediction model optimized by
ROA but without data enhancement, using only the 2000 original training samples. The
ROA-DE-LSTM-half model denotes the ROA-optimized prediction model trained with the
half-generation setting, in which 1250 generated samples are added and the final training
set contains 3250 samples. The ROA-DE-LSTM model denotes the complete proposed
model with ROA global optimization and full generated data, where all 2500 generated
samples are added and the final training set contains 4500 samples. The quantitative results
are summarized in Table 11.

Table 11. Ablation study of different model configurations.

Model Configuration MAE RMSE MAPE (%) R?
Value gr Value gr Value gr Value gr
LSTM 0.062 +0.027 0.099 +0.046 184.98 +68.94 0.477 —0.369
DE-LSTM 0.063 +0.028 0.097 +0.044 180.32 +64.28 0.498 —0.348
ROA-LSTM 0.050 +0.015 0.082 +0.029 155.77 +39.73 0.642 —0.204
ROA-DE-LSTM-half 0.046 +0.011 0.079 +0.026 149.77 +33.73 0.667 —0.179
ROA-DE-LSTM 0.035 +0 0.053 +0 116.04 +0 0.846 +0
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As shown in Table 11, Figures 13 and 14, WGAN-GP-based data enhancement alone
provides limited improvement for the baseline LSTM. The DE-LSTM model slightly reduces
RMSE and improves R?. This indicates that generated samples alone cannot fully improve
the prediction ability of the model without an effective optimization strategy.

—— True value g]
| —--- LSTM -
—-— DE-LSTM i
------- ROA-LSTM

—-— ROA-DE-LSTM-half
—— ROA-DE-LSTM

1.00

0.75
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0.25

0.00 r

200 400 600 800 1000 1200 1400
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Figure 13. Prediction curves with and without generated samples.
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LSTM DE-LSTM ROA-LSTM ROA-DE-LSTM-half ROA-DE-LSTM

Model configuration

Figure 14. Prediction error distributions with and without generated samples.

In contrast, ROA optimization significantly improves the prediction performance of
the LSTM model. Compared with the baseline LSTM, ROA-LSTM reduces RMSE from
0.099 to 0.082, while R? increases from 0.477 to 0.642. These results indicate that ROA opti-
mization enhances the parameter-search capability of the prediction model even without
data enhancement. When WGAN-GP-based data enhancement is further incorporated into
the ROA optimization framework, the prediction performance is further improved. The
ROA-DE-LSTM-half model performs better than ROA-LSTM, with RMSE decreasing from
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0.082 to 0.079, and R? increasing from 0.642 to 0.667. This result indicates that the joint
optimization strategy can make more effective use of the generated degradation informa-
tion and improve the prediction capability of the model. The complete ROA-DE-LSTM
model, which adopts ROA-based global optimization and uses the full generated dataset,
further reduces RMSE to 0.053 while increasing R? to 0.846. Compared with ROA-LSTM,
the complete model reduces RMSE by 35.4% and improves R? by 31.8%. This suggests that
introducing more effective generated samples under the joint optimization framework can
further improve the overall prediction performance.

Figure 13 shows the prediction curves with and without generated samples. The
complete model produces a degradation trajectory closer to the actual trend, especially in
the middle and late degradation stages. Figure 14 shows the prediction error distributions
of different configurations. Compared with the baseline and partially enhanced models,
the prediction errors of the complete model are more concentrated around zero, indicating
better robustness and smaller prediction bias. These results confirm that the proposed
WGAN-GP data enhancement module, when jointly optimized with the LSTM prediction
model through ROA, is beneficial for improving prediction accuracy and generalization
under limited-data conditions.

5.3. Robustness Validation

(1) IEEE PHM2012 Dataset

To further evaluate the robustness and generalization ability of the proposed frame-
work, additional validation experiments are conducted on the IEEE PHM2012 bearing
dataset [44]. The IEEE PHM?2012 dataset is a widely used public benchmark dataset for
bearing remaining useful life prediction. It contains complete run-to-failure degrada-
tion data collected from rolling bearings under accelerated degradation tests. During
the experiments, vibration signals were continuously acquired under different operating
conditions until bearing failure occurred, providing complete degradation trajectories for
model validation.

Compared with the XJTU-SY dataset, the IEEE PHM2012 dataset has different experi-
mental equipment, operating conditions, degradation processes, and lifetime distributions.
Therefore, it can be used as an independent dataset to examine whether the proposed
ROA-DE-LSTM framework maintains effective prediction performance under different
data characteristics. To ensure a fair comparison, the same preprocessing procedure, health
indicator construction strategy, WGAN-GP data enhancement method, LSTM network
structure, and ROA optimization strategy are directly applied to the IEEE PHM2012 dataset
without requiring additional model redesign.

(2) Validation on the IEEE PHM2012 Dataset

To verify the prediction performance of the proposed framework on the IEEE PHM2012
dataset, different models are evaluated under identical experimental settings, including
LSTM, DE-LSTM-half, DE-LSTM, ROA-LSTM, ROA-DE-LSTM-half, and ROA-DE-LSTM.

The LSTM model denotes the baseline prediction model without data enhancement
and without ROA optimization, using only the 2800 original training samples. The DE-
LSTM model denotes the prediction model with full generated samples but without ROA
optimization, where 2800 generated samples are added to the original training set and
the final training set contains 5600 samples. The DE-LSTM-half model denotes the pre-
diction model trained with half generated samples but without ROA optimization, where
1400 generated samples are added to the original training set and the final training set
contains 4200 samples. The ROA-LSTM model denotes the prediction model optimized by
ROA but without data enhancement, using only the 2800 original training samples from
the IEEE PHM 2012 dataset. The ROA-DE-LSTM-half model denotes the ROA-optimized
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prediction model trained with the half-generation setting, in which 1400 generated samples
are added and the final training set contains 4200 samples. The ROA-DE-LSTM model de-
notes the complete proposed model with ROA global optimization and full generated data,
where all 2800 generated samples are added and the final training set contains 5600 samples.
Figure 15 compares the predicted degradation trajectories of different models. The baseline
LSTM model can roughly follow the overall degradation trend, but obvious deviations still
exist. After introducing WGAN-GP-based data enhancement or ROA optimization, the
predicted trajectories become closer to the actual degradation trajectories, indicating that
both generated samples and parameter optimization contribute to prediction improvement.

1.0

0.8

0.6

0.4

Normalized degradation index

02 1

0.0

- DE-LSTM-half - =

A e

LSTM
DE-LSTM
ROA-LSTM
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Sample index

Figure 15. Comparison of degradation trajectories predicted by different model configurations on the
IEEE PHM2012 dataset.

The quantitative results are summarized in Table 12. Compared with the baseline
LSTM, ROA-LSTM reduces RMSE from 0.183 to 0.068 and increases R? from 0.597 to 0.944,
showing that ROA optimization significantly improves the prediction ability of the LSTM
model. When WGAN-GP-based data enhancement is further incorporated, the complete
ROA-DE-LSTM model achieves the lowest RMSE of 0.052 and the highest R? of 0.968.
Figure 16 shows that the prediction errors of ROA-DE-LSTM are more concentrated around
zero, indicating smaller prediction bias and better prediction stability on the tested dataset.
These results provide additional evidence that the proposed framework is effective on
the IEEE PHM?2012 dataset, but its broader applicability to complex real-world industrial
scenarios still requires further validation.

Table 12. Performance comparison on the IEEE PHM2012 dataset.

Model Configuration

MAE RMSE MAPE (%) R?

Value gr Value gr Value gr Value gr

LSTM
DE-LSTM-half
DE-LSTM
ROA-LSTM
ROA-DE-LSTM-half
ROA-DE-LSTM

0.160 +0.115 0.183 +0.131 43.695 +24.615 0.597 -0.371
0.112 +0.067 0.128 +0.076 56.008 +36.928 0.802 —0.166
0.093 +0.048 0.120 +0.068 27.308 +8.228 0.826 —0.142
0.051 +0.006 0.068 +0.016 18.043 -1.037 0.944 —0.024
0.047 +0.002 0.053 +0.001 17.500 —1.580 0.966 —0.002
0.045 +0 0.052 +0 19.080 +0 0.968 +0

https:/ /doi.org/10.3390/app16146978


https://doi.org/10.3390/app16146978

Appl. Sci. 2026, 16, 6978

28 of 32

(mm MAE == RMSE mm R’

1.0

0.8

Metric value
o
[}

S
=
T

0.2

0.0
LSTM DE-LSTM-half DE-LSTM ROA-LSTM ROA-DE-LSTM-half ROA-DE-LSTM

Model configuration

Figure 16. Prediction error distribution on the IEEE PHM?2012 dataset.

(3) Comparison with Existing Methods

To further evaluate the competitiveness of the proposed framework, the prediction
performance of ROA-DE-LSTM is compared with representative methods reported in
the literature on the XJTU-SY and IEEE PHM2012 datasets. The comparison results are
summarized in Table 13.

Table 13. Comparison with representative methods reported in the literature.

Dataset Method MAE RMSE MAPE (%) R?
ROA-DE-LSTM (Ours) 0.035 0.053 116.04 0.846

XJTU-SY Stacked BiGRU [45] 0.1086 0.0747 — —
CNN-GRU-MHA + Transfer
Learning [46] o 0.0693 (avg) o o
ROA-DE-LSTM (Ours) 0.045 0.052 19.080 0.968
1D-DCAE + Bi-LSTM + TPA [47] 0.035 0.055 — —
SSA-BILSTM + Attention [45] 0.0390 0.0531 — 0.9661

IEEE PHM2012 v yAF [48] 0.063 0.086 — —
GMFE-GAN [49] 0.0906 0.1053 47.94 —
CVGAN+ GRU [50] 0.105 0.221

For the XJTU-SY dataset, the proposed ROA-DE-LSTM is compared with three repre-
sentative methods that do not employ data enhancement. As shown in Table 13, ROA-DE-
LSTM achieves an MAE of 0.035 and an RMSE of 0.053. The proposed method achieves
lower prediction errors. Although CNN-BiLSTM reports a slightly lower RMSE, ROA-
DE-LSTM achieves a lower MAE, indicating that the proposed framework maintains
competitive prediction accuracy on the XJTU-SY dataset.

For the IEEE PHM?2012 dataset, the proposed method is compared with several repre-
sentative methods. Among them, VQ-VAE, GMFE-GAN, and CVGAN-GRU also introduce
data enhancement strategies. As shown in Table 13, ROA-DE-LSTM achieves an RMSE of
0.052 and an R? of 0.968. The proposed data enhancement and optimization strategy can
generate more effective degradation representations for RUL prediction.

5.4. Time Consumption Comparison of Optimization Algorithms

Computational time is a key metric for evaluating the efficiency of optimization algo-
rithms. In this study, we compare the time consumption of three algorithms—ROA, HHO,
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and PSO—across different test functions. Shorter execution time indicates faster conver-
gence toward the optimal solution, reflecting the algorithm’s efficiency in optimization
and search.

Table 14 summarizes the time consumption for each algorithm under various test con-
ditions. The results show that ROA outperforms HHO and PSO in terms of computational
efficiency across all test functions. For example, in the Sphere function test, ROA completes
the task in just 0.025 s, while HHO and PSO take 0.866 s and 2.529 s, respectively. This
demonstrates that ROA achieves faster convergence, reducing computational time.

Table 14. Time consumption of optimization algorithms.

Test Function ROA HHO PSO

Sphere Function 0.025s 0.866 s 2.529 s
Baseline Function 2 0.032s 1.047 s 2.724 s
Minimum Absolute Value Function 0.020 s 0977 s 2.237 s
Rastrigin Function 0.029 s 1.149s 2.812s
Ackley Function 0.033 s 1421s 3.641s

Similarly, in the Rastrigin and Ackley function tests, ROA’s execution times are 0.029 s
and 0.033 s, respectively, while HHO and PSO take between 1.149 s and 3.641 s. ROA’s
execution time is 97.68% faster than HHO and 99.09% faster than PSO. This highlights
ROA’s superior efficiency.

The time advantage of ROA is attributed to its unique optimization mechanism, which
allows it to explore the solution space globally and converge quickly after identifying
promising regions. The results validate the effectiveness of the ROA-DE-LSTM framework
in time-sensitive optimization tasks, especially in complex scenarios like Remaining Useful
Life (RUL) prediction for rolling bearings.

6. Conclusions

In this study, an ROA-DE-LSTM framework is proposed for remaining useful life
(RUL) prediction of rolling bearings under limited-data conditions. The framework com-
bines a Remora Optimization Algorithm (ROA)-based optimization strategy, a Wasser-
stein GAN with Gradient Penalty (WGAN-GP) for data augmentation, and an LSTM
network for temporal modeling, aiming to improve prediction performance in data-scarce
industrial scenarios.

The core idea of the proposed method lies in jointly optimizing both data genera-
tion and prediction stages under a unified ROA-driven framework. In particular, the
adaptive ROA mechanism improves the balance between exploration and exploitation
by dynamically switching between Whale Optimization Algorithm (WOA) and Sailfish
Optimization (SFO), which enhances the robustness of hyperparameter search in complex
optimization spaces.

The main contributions can be summarized as follows:

(1) ROA-optimized WGAN-GP is introduced to improve the quality and diversity of
generated degradation data, alleviating the impact of limited run-to-failure samples.

(2) ROA-optimized LSTM is designed to better capture long-term dependencies in
health indicator sequences, improving prediction stability under limited and noisy data.

(3) An integrated ROA-DE-LSTM framework is developed to jointly optimize data
augmentation and prediction modules, improving consistency between generated data and
downstream forecasting tasks.

Experimental results on the XJTU-SY and IEEE PHM2012 datasets show that the
proposed method achieves consistently better performance compared with PSO- and HHO-
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based optimization strategies in terms of prediction accuracy and convergence behavior. In
addition, statistical evaluations and cross-dataset experiments indicate that the proposed
framework maintains stable performance under different operating conditions.

It should be noted that the proposed framework is evaluated under a limited num-
ber of degradation trajectories and controlled experimental conditions. While the results
demonstrate its effectiveness, further validation on more diverse industrial datasets, includ-
ing gearboxes and other types of equipment, and real-world operating environments is still
necessary. Future work will focus on improving generalization capability and reducing
computational cost for practical deployment.
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