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HIGHLIGHTS

GRAPHICAL ABSTRACT

e Vibration is  purposefully
segmented to extract statistical
features.

e Statistical features are
transformed into degradation-
sensitive time series.

e Empirical mode decomposition
is employed to reveal bearing
degradation trends.

e A sequential framework is
proposed for remaining useful

life prediction.
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In this study, a data-driven framework based on vibration signal analysis and a two-
stage multilayer perceptron is proposed for bearing RUL prediction. First, the
vibration signals are segmented into equal time intervals, and representative
statistical features are extracted from each segment. Subsequently, a new feature-
based time-series dataset is constructed by arranging the extracted statistical
features in chronological order. To eliminate short-term fluctuations and capture the
long-term degradation trend, these feature series are decomposed using Empirical
Mode Decomposition, and the residual components are employed as health
indicators. The main contribution of this study is a two-stage prediction framework
in which the residuals extracted from horizontal vibration signals are first fed into an
MLP to generate an initial RUL estimate. The predicted RUL is then used as an
auxiliary feature together with the residuals extracted from vertical vibration signals
and provided as inputs to a second MLP to produce the final prediction. By exploiting
the complementary information contained in the two vibration directions, the
proposed framework enables more accurate degradation modeling and improves
prediction accuracy without utilizing the true RUL values or any future information
during the prediction process. The proposed framework is evaluated on the
benchmark PRONOSTIA bearing dataset, and the experimental results demonstrate
its effectiveness and promising performance in predicting the remaining useful life of
bearings.
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1. Introduction

In modern industries, reducing maintenance costs
while improving the reliability and availability of
industrial equipment has become one of the primary
objectives of maintenance management (Najmi et al.,
2021; Najmi & Guilani, 2025). In this context,
accurate prediction of the remaining useful life (RUL)
of critical components plays a vital role in optimizing
maintenance scheduling, preventing unexpected
failures, and reducing operational costs. Recent
advances in machine learning have provided effective
data-driven approaches for RUL prediction by
learning degradation patterns directly from
monitoring  data. Despite their promising
performance, these methods generally require large
amounts of data and their prediction accuracy
strongly depends on the quality of the extracted
features. Among various industrial components,
rolling bearings are particularly important because
their failures may result in severe economic losses
and unplanned downtime, especially in high-value
systems such as industrial gas turbines where
bearing replacement is difficult and costly.
Consequently, developing reliable and accurate data-
driven prognostic models for bearing RUL prediction
has become a challenging and essential research
topic in predictive maintenance (PdM) (Ansari et al.,
2022; Yan et al., 2022).

2. Literature Review

Recent advances in data-driven prognostics have
demonstrated the remarkable capability of machine
learning and deep learning techniques for RUL
prediction. For instance, Ansari et al. (Ansari et al.,
2022) proposed a hybrid framework integrating
recurrent neural networks (RNNs) with particle
swarm optimization (PSO), in which systematic
sampling was employed to construct a multi-channel
input representation for lithium-ion battery RUL
prediction. Similarly, Tong et al. (Tong et al., 2021)
introduced an LSTM-based prediction model
combined with adaptive dropout and Monte Carlo
simulation, enabling reliable early-life RUL
prediction using only 25% of the available
degradation data. Yan et al. (Yan et al, 2022)
developed a hybrid prognostic framework that
combines an empirical degradation model with
support vector regression (SVR), where particle
filtering was adopted to update model parameters
dynamically during battery degradation. These
studies demonstrate the effectiveness of data-driven
learning algorithms in capturing degradation
patterns; however, their prediction performance
remains highly dependent on the quality of health
indicators extracted from raw monitoring data.

For rolling bearing prognostics, vibration signal
analysis has become the dominant approach because
vibration  measurements  contain  abundant
degradation-related information and are highly
sensitive to incipient faults (Behera & Misra, 2023;

Zhou & Tang, 2023; Zhuang et al., 2023; Zhuang et
al,, 2021). Zhou & Tang (Zhou & Tang, 2023)
proposed an EMD-based preprocessing framework in
which vibration signals were decomposed into
intrinsic oscillatory components and residuals, and
the extracted residuals were subsequently employed
as inputs to a wavelet neural network for RUL
prediction. Behera and Misra (Behera & Misra, 2023)
developed a deep transfer learning framework based
on multimodal data fusion, where degradation
images generated from vibration signals were
processed using parallel pre-trained deep neural
networks to estimate the RUL.

More recently, several studies have investigated
entropy-based feature extraction (Liu et al., 2025; Liu
et al., 2026), adaptive feature fusion (Zhu et al,,
2023), ensemble deep learning (Yin et al,, 2025),
stacked LSTM architectures (Shi et al., 2026), and
advanced support vector regression models (Liu et
al., 2026) to further improve prediction accuracy.
Although these approaches have reported promising
results, most of them either employ complex feature
extraction and fusion strategies or utilize all
degradation information simultaneously within a
single prediction model. Consequently, there remains
a need for an efficient framework capable of
progressively exploiting complementary degradation
information while maintaining a relatively simple
prediction architecture.

3. Proposed Framework

Motivated by the limitations identified in previous
studies, this paper proposes a unified data-driven
framework for bearing RUL prediction by integrating
signal processing with a sequential neural network
architecture. First, the raw vibration signals are
segmented into fixed-length time windows, from
which five representative statistical features, namely
signal energy, root mean square (RMS), peak-to-peak
(P2P), skewness, and kurtosis, are extracted to
construct new degradation-related time-series
features. These statistical features are subsequently
decomposed using empirical mode decomposition
(EMD), and the resulting residual components,
which effectively capture the long-term degradation
trend while suppressing high-frequency fluctuations,
are employed as health indicators. The extracted
residual features are then utilized as inputs to a
multilayer perceptron (MLP) for RUL prediction.
Model performance is evaluated using the root mean
squared error (RMSE) and mean absolute error
(MAE), and the overall architecture of the proposed
framework.

To further enhance the prediction performance, a
sequential prediction strategy is introduced. In the
first stage, only the residual features extracted from
the horizontal vibration signals are provided to the
first MLP to generate an initial RUL estimation. This
predicted RUL is subsequently incorporated as an
auxiliary high-level feature together with the
residual features extracted from the vertical vibration
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signals and fed into a second MLP to produce the
final prediction. Unlike conventional approaches that
simultaneously process all input features within a
single network, the proposed hierarchical
architecture progressively exploits complementary
degradation information from the two vibration
directions, enabling the second network to refine the
initial prediction rather than relearning the entire
degradation mapping. Since the auxiliary input of the
second network is the predicted RUL generated by
the first network, rather than the ground-truth RUL,
the proposed strategy does not introduce
information leakage and follows the standard
supervised learning paradigm during both the
training and inference stages. Owing to its data-
driven  nature and  efficient degradation
representation, the proposed framework also
exhibits strong potential for practical deployment in
vibration-based condition monitoring applications,
including industrial gas turbines and high-speed
railway axle-bearing systems.

4. Dataset Description

The experiments conducted in this study are based
on the PRONOSTIA bearing dataset developed by the
FEMTO-ST Institute, whose experimental test
platform (Zhu et al,, 2023a; Zhu et al., 2023Db). The
dataset consists of 17 run-to-failure bearings
operating under three distinct operating conditions.
Each operating condition is defined by a specific
combination of rotational speed and radial load,
allowing the degradation behavior of bearings to be
investigated under different operating environments.
The vibration signals were acquired at a sampling
frequency of 25.6 kHz, resulting in 2,560 data points
for each measurement. Each acquisition lasts 0.1 s
and is repeated at regular intervals of 10 s throughout
the entire lifetime of the bearing.

5. Experimental Results and Implementation

The proposed framework was implemented on the
PRONOSTIA Dbearing dataset to evaluate its
effectiveness for RUL prediction. Bearings 1.1, 2_1,
and 3_1, representing the three operating conditions,
were employed for model training, whereas all
remaining bearings were used for testing the model.
Since the residual components extracted by EMD
effectively describe the long-term degradation trend,
they were selected as health indicators and used as
the inputs of the proposed feedforward neural
network.

The numbers of trainable parameters in the two
networks are not identical. Here, trainable
parameters refer to all weights and biases that are
updated during the training process. The first neural
network has a 5-64-1 architecture, consisting of five
input neurons, one hidden layer with 64 neurons,
and one output neuron. Accordingly, the connection
between the input and hidden layers contains 320
weights and 64 biases, while the connection between
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the hidden and output layers contains 64 weights
and one bias. Therefore, the first network has a total
of 449 trainable parameters. The second network has
a 6-64-1 architecture, consisting of six input
neurons, one hidden layer with 64 neurons, and one
output neuron. In this network, the input-to-hidden
connection contains 384 weights and 64 biases,
while the hidden-to-output connection contains 64
weights and one bias, resulting in a total of 513
trainable parameters. The model was trained using
the Adam optimizer with a learning rate of 0.001, a
batch size of 32, and a dropout rate of 0.2 after Min—
Max normalization. All  experiments were
implemented in Python 3.11 on a Windows 11
platform.

The vibration signals of the selected training bearings
exhibit distinct degradation characteristics under
different operating conditions. To better reveal these
degradation patterns, each 0.1 second vibration
record was treated as an independent sample and
representative statistical features were extracted
from every segment. Compared with the raw
vibration signals, the resulting statistical feature
sequences provide a clearer representation of bearing
degradation. Most statistical features gradually
increase as the bearing approaches failure, whereas
skewness exhibits an opposite trend. To further
suppress short-term fluctuations and highlight the
underlying degradation behavior, EMD was applied
to the extracted statistical features. The residual
components  demonstrate an  approximately
monotonic relationship with operating time and
therefore provide more reliable degradation
information than the original statistical features,
making them suitable health indicators for RUL
prediction.

The prediction performance of the proposed
framework was evaluated using RMSE, MAE, relative
percentage error (Er%), ETA, and the final prediction
score. The model was trained for 150 epochs, during
which the training error decreased steadily before
converging to a stable solution, demonstrating
efficient optimization and good convergence
behavior. After training, the developed model was
employed to estimate the RUL of the testing bearings.
Prediction errors confirm that the proposed
framework consistently achieves lower prediction
errors and higher prediction scores than the
competing approaches, indicating its robustness and
strong generalization capability.

The superior performance of the proposed
framework can be attributed to the combination of
EMD-based degradation feature extraction and the
sequential prediction strategy. The residual
components preserve the long-term degradation
information while effectively suppressing high-
frequency fluctuations, providing more informative
inputs for the neural network. Furthermore, the
sequential architecture progressively integrates
complementary information from the horizontal and
vertical vibration directions by transferring the
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preliminary RUL estimation generated by the first
network to the second network. Rather than
relearning the entire degradation mapping, the
second network refines the initial prediction using
additional degradation information, leading to more
accurate RUL estimation. This advantage is
consistently reflected in both the quantitative
evaluation metrics and the graphical prediction
results, where the proposed framework
demonstrates closer agreement with the actual RUL
trajectories and significantly reduced prediction
fluctuations.

6. Conclusion

In this paper, a novel data-driven framework was
proposed for bearing RUL prediction by integrating
EMD with a sequential multilayer perceptron (MLP)-
based prediction strategy. First, the original vibration
signals were segmented into fixed-length time
windows, and five statistical features were extracted
from each segment. Subsequently, the extracted
statistical features were decomposed using EMD to
suppress short-term oscillatory fluctuations and
reveal the underlying long-term degradation trend.
The resulting residual components were then
employed as health indicators for RUL prediction. A
sequential prediction strategy was further developed,
in which the residual features extracted from the
horizontal vibration signals were first utilized to
generate an initial estimation of the RUL. This
preliminary prediction was subsequently
incorporated as an auxiliary feature together with the
residual features extracted from the vertical vibration
signals and fed into a second neural network to
obtain the final RUL prediction. Experimental results
obtained on the benchmark PRONOSTIA dataset
demonstrated that the proposed framework is
capable of accurately tracking the degradation
process of bearings and achieves satisfactory
performance across all evaluation metrics.

Future research may focus on evaluating the
proposed framework under a wider range of
operating conditions and industrial datasets.
Moreover, the sequential prediction strategy can be
extended to multi-stage architectures and integrated
with advanced deep learning models to further
improve the prediction accuracy and generalization
capability of the proposed framework.
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Figure 1. Overall architecture of the proposed framework.
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Figure 3. Data acquisition process of the
PRONOSTIA bearing dataset.
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Figure 4. Structure of the PRONOSTIA dataset and allocation of bearings to the training, validation, and test sets.
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Figure 5. Horizontal and vertical vibration signals of Bearing 1-1.
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Figure 6. Statistical features extracted from the horizontal vibration signals of the bearings under Operating

Condition 1.
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Figure 7. IMFs and residual components of the statistical features extracted from the horizontal vibration signals
of the bearings under Operating Condition 1.
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Figure 8. RMSE convergence curve during the training process for Bearing 1-1.
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Table 3. Prediction errors of the proposed model compared with different approaches for the bearings under

Operating Condition 1
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Table 4. Prediction errors of the proposed model compared with different approaches for the bearings under
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Table 5. Prediction errors of the proposed model compared with different approaches for the bearing under
Operating Condition 3
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Table 6. Performance comparison of the proposed model with different approaches using various evaluation

metrics
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Figure 9. RUL prediction results of the proposed model compared with different approaches for different
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