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Abstract

Reliable bearing-failure prognosis in induction machines remains a critical research chal-
lenge, as it directly impacts system availability, maintenance efficiency, and overall oper-
ational safety. To address this challenge, it is essential to develop an online prognostic
system capable of continuously assessing bearing health and predicting future failures in
real time. This paper proposes a novel unsupervised data-driven prognostic framework for
induction machine bearings that integrates advanced signal processing techniques for the
preprocessing step, data clustering to construct bearing health stage (HS), artificial neural
network (ANN) forecasting using a designed health indicator (HI) based on the latest
historical observations, and a fine-tuning model to improve the estimation of remaining
useful life (RUL) for induction machine bearings using vibration and temperature signals
provided by the PRONOSTIA and NASA-IMS experimentation platform. The results show
that the proposed approach is an effective way for bearing RUL estimation.

Keywords: bearings failure prognosis; induction machines; prognostics and health
management; health stages; health indicators; artificial neural networks; data clustering;
remaining useful life; unsupervised data-driven approach

1. Introduction
Failure prognosis is an advanced approach in condition monitoring of industrial sys-

tems that aims to enhance reliability, performance, and safety by integrating predictive
analytics into maintenance strategies. Industrial maintenance has traditionally adhered to
either corrective or preventive models. In the corrective model, components are repaired
after failure, while in the preventive model, they are replaced or serviced at scheduled
intervals. The corrective approach often relies on hardware redundancy for critical com-
ponents [1], resulting in increased costs and excessive stock requirements. The preventive
model, particularly time-based maintenance (TBM), schedules actions. The preventive
maintenance model is typically categorized into two main strategies: time-based main-
tenance (TBM) and condition-based maintenance (CBM). TBM schedules maintenance
actions at fixed intervals, regardless of the component’s actual condition. This approach
can lead to inefficiencies such as over-maintenance, resulting in unnecessary costs, or
under-maintenance, which can cause unexpected downtime if actions are not appropriately
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timed [2]. On the other hand, CBM is a more advanced preventive maintenance model that
addresses these challenges by focusing on the actual condition of the components. Rather
than relying on fixed schedules, CBM determines when maintenance is necessary based
on real-time data collected through sensor signal analysis. By diagnosing the state of com-
ponents, CBM allows targeted interventions, reducing unnecessary costs associated with
over-maintenance and preventing costly downtime from under-maintenance. This model
aims to detect failures before significant damage occurs, improving both the efficiency and
reliability of the maintenance process [3].

Recently, predictive maintenance has emerged as an intelligent strategy that relies on
the real-time condition of equipment. In contrast to preventive maintenance, which sched-
ules regular maintenance interventions regardless of the equipment’s condition, predictive
maintenance uses the prognostics and health management (PHM) process to schedule
maintenance interventions [4,5]. The PHM process involves the integration of various tech-
nologies, such as sensors, data analytics, machine learning (ML), and advanced algorithms
based on artificial intelligence (AI), to assess the current health state and to predict its future
behavior [6]. Concisely, the system health state is continuously (or periodically) observed
by analyzing signals collected from embedded sensors (or inspection information), such
as vibration, temperature, acoustic, electric, magnetic field, and other signals. The mea-
sured signals provide valuable data about the condition of critical components that serve
as input for the prognostic algorithms to predict failures at an early stage by estimating
the component’s time before failure, known as the remaining useful life (RUL) [7]. This
proactive approach facilitates early detection of potential failures, reducing downtime,
optimizing maintenance schedules, and enhancing the operational efficiency and lifespan
of equipment. The development of effective PHM approaches is a significant research field.
Indeed, PHM gains are heavily reliant on decision making based on prognosis information,
a process known as post-prognostic decision (PPD) [8].

Significant prognostics approaches are designed by an effective health indicator (HI)
and a reliable prognostic model because these two factors are key aspects for accurate RUL
estimation [9]. Building an effective HI that can accurately describe the degradation process
is a prerequisite to designing a prediction model. Health indicators are constructed by
selecting the appropriate characteristics and critical information from measured signals to
train the prediction model [10,11].

Prognostics approaches can be categorized into two main types: model-based and
data-driven approaches. Model-based methods involve building a specific mathematical
model for the critical components. This approach is based on a priori knowledge of the
system’s normal operating mode and the different failure types. It uses fault indicators
(residuals), which reflect the presence of a malfunction. Each residual is linked to a failure
type; this configuration forms a matrix known as the fault signature [12,13]. Such models
require extensive experimentation and validation. While model-based methods can be
reliable when accurate models are developed, their performance is highly dependent on
the quality of the model. This introduces significant challenges in complex systems, where
accurate mathematical modeling may not be feasible. Data-driven approaches are more
efficient in this context, as they use AI and ML models to characterize the degradation
behavior of monitored components without requiring explicit knowledge of their physical
behavior. These approaches can be classified into two main groups: cumulative degradation
and direct remaining useful life (RUL) mapping [7].

In cumulative degradation prognostic approaches, RUL estimation is based on the
history of data degradation, applying various regression models, such as time series
analysis [14–22], and ML techniques [23–27]. On the other hand, direct RUL mapping
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approaches focus on constructing a degradation evolution over time, based on historical
run-to-failure experiments for training [28,29].

Vibration signals remain the most widely used data for monitoring rotating mechanical
equipment, particularly for detecting bearing failures, as they provide information that
reflects overall structural performance [30]. However, these signals are often nonstationary,
nonlinear, and noisy [31], which makes it challenging to apply time series analysis for
forecasting future vibration values and predicting failures. Forecasting models based on
time series tend to produce significant errors when degradation trends exhibit nonstationary,
nonlinear behavior or include noise [32].

Several previous statistical studies have highlighted that bearings are the most failure-
prone components in induction machines [33,34]. This sensitive component should, there-
fore, be specifically monitored to avoid disturbance and loss caused by unplanned shutoffs.
Constructing and validating a mathematical model to describe the operating behavior of
induction machines proves inherently difficult, prompting researchers to rely increasingly
on data-driven approaches as an alternative solution in the literature to address this issue.
These approaches leverage ML techniques to identify patterns of bearing failures over time.
Therefore, this paper proposes a novel data-driven approach for predicting bearing failures
in induction machines, using vibration and temperature signals for direct RUL mapping.

Although numerous approaches have been proposed for bearing failure prognosis, the
proposed approach introduces several fundamental aspects that enhance its novelty and
set it apart from prior approaches. Unlike the semi-supervised models of Wang et al. [35]
and Zhu et al. [36] that require manual labeling of degradation states, this paper proposes
an unsupervised CMO-based clustering approach that enables data-driven classification of
normal and faulty operating modes by constructing a representative degradation model
directly from training data, thus eliminating the need for prior failure assumptions. This
constitutes a key improvement over the approach of Chelmiah et al. [37], which depends
on predefined failure models. Furthermore, the proposed dual-ANN architecture with an
adjustment-ANN represents a novel departure from the single-model frameworks used in
most existing research [38–40]. Unlike the deep learning implementations that process the
entire historical data sequence, as in [40], the presented approach specifically isolates and
utilizes only data from the faulty operating mode, leading to more focused and accurate
predictions. This selective training strategy addresses a critical limitation in previous ap-
proaches that fail to differentiate between normal operation and early degradation phases.
The proposed methodology distinguishes itself from prior work through the integration
of multiple complementary techniques: unsupervised health stage construction that au-
tomatically identifies the faulty operating mode, which refines data to focus exclusively
on the most informative degradation phases in the training phase, and a complementary
fine-tuning mechanism that adapts predictions based on observed error patterns in the test
phase. This orchestration of methodologies represents a significant advancement over exist-
ing methods that typically implement these techniques in isolation. The proposed approach
starts with collecting and preprocessing run-to-failure vibration and temperature signals to
train a forecast-ANN model. This model uses a designed health indicator (HI) based on the
latest historical observations to forecast future values recursively until detecting failure. To
enhance prediction performance, two techniques are used: HS construction and fine-tuning.
The first one uses data clustering to extract just faulty mode signals for the forecast-ANN
training. The fine-tuning technique consists of forecasting results’ improvement by defining
an adjustment-ANN, which is applied during the test step.

The key contributions and novel aspects of the proposed approach can be summarized
as follows:
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• A designed health indicator (HI): It consists of a forecast-ANN trained by a window
of historical data to forecast future values recursively until detecting failure.

• An unsupervised health-stage (HS) construction: A CMO-based unsupervised clus-
tering is introduced to automatically refine the faulty operating mode data, focusing
exclusively on the most informative degradation phases in the training phase, which
enhances the quality of the degradation patterns.

• A fine-tuning mechanism: It consists of designing an adjustment-ANN trained by the
application of the forecast-ANN during the test step by calculating the model error.

• An integrated workflow rather than isolated techniques: The proposed approach or-
chestrates unsupervised health-stage construction during training with a complemen-
tary fine-tuning via the adjustment-ANN, enabling an adaptive forecasting process.

The proposed testing approach is conducted using run-to-failure experimental data
provided by the PRONOSTIA platform [41] and the NASA-IMS datasets for bearing [20,42].

The rest of the paper is organized as follows: Section 2 introduces the state of the
art of component RUL estimation. Section 3 is dedicated to the proposed data-driven
ANN-based approach. The performance analysis and experimental results are given in
Section 4. Finally, Section 5 concludes this work.

2. Critical Review on Advances in Component RUL Estimation
Predicting failures in electromechanical systems is essential for ensuring the availabil-

ity of production tools and minimizing losses caused by unexpected downtime. One of
the most critical components in these systems is the electrical machine, particularly the
induction machine, which is widely used in industrial applications. However, its operation
introduces electrical and mechanical constraints, making it susceptible to various internal
faults that must be detected and predicted at an early stage.

RUL estimation for components involves calculating their degradation over time until
failure, based on historical health data. This process relies on failure prognostics, which
support the planning of necessary maintenance actions to prevent unexpected breakdowns.
In the literature, failure prognostic approaches are generally classified into two main
categories: model-based and data-driven approaches, depending on the type of failure
prediction model employed.

The model-based approach involves constructing mathematical models of the mon-
itored system or its critical components to describe failures and their progression. This
method requires extensive knowledge of the physics underlying the system or components.
The models use measurable indicators, such as corrosion, current insulation, and friction,
to represent wear and degradation. Failure prognosis and RUL estimation are performed
by comparing the modeled indicators with real-time measurements, often using dynamic
ordinary differential equations (ODEs) or partial differential equations (PDEs) [43].

For instance, Ref. [3] developed a mathematical model for wind turbines, collecting
data under both normal and faulty operating conditions. This data is used for health state
classification, and RUL estimation is achieved by measuring Euclidean distances among
clusters and determining the degradation velocity. Ref. [25] proposed a model-based ap-
proach using a Kalman smoother to estimate RUL for wind turbine drivetrain. The method
uses a Kalman filter to measure HI and calculate the varying degradation trend, specifically
the rate of crack growth. RUL is then calculated using Paris’s law as a fault propagation
model. Ref. [44] used Weibull distribution function model to propose a three-parameter
WPHM approach (Weibull-distribution Proportional Hazards Model) for bearing failures
prediction, using the Pearson correlation coefficient to find the covariates between parame-
ters that can reflect the bearing state as HI. Ref. [9] enhanced the WPHM approach using
four prognostic metrics—monotonicity, robustness, trendability, and consistency—within
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weight coefficients for each of them to construct an HI to improve bearing RUL estimation.
Ref. [12] proposed a model-based approach for induction machine prognosis that relies on
magnetic flux and angular speed indicators, using a state observer. The angular speed of the
rotor is estimated by calculating the proportional–integral (PI) control from the observer.

Model-based prognostic approaches are effective when the monitored system is rela-
tively simple, making it feasible to develop an accurate mathematical model. However, this
is rarely the case in modern industrial systems [45], which are often complex and operate
under varying conditions. Additionally, failures can arise due to external factors such as
climatic conditions, including high temperatures and humidity, which can accelerate wear.
Even under the same conditions used to construct the model, component degradation
may evolve in a nonlinear or exponential manner, as seen with the nonstationary degrada-
tion of induction machine bearings. These challenges make it difficult to build accurate
degradation models for such systems, which gradually shifts modern RUL studies from
model-based to data-driven approaches [46].

Data-driven prognostic approaches, on the other hand, rely on empirical models
to characterize degradation phenomena based on monitoring data. Unlike model-based
methods, they do not require explicit knowledge of the physical behavior of the monitored
component, making them suitable for systems where constructing an accurate mathemat-
ical model is impractical due to physical complexity. Empirical models can be broadly
classified into two categories: cumulative degradation and direct remaining useful life
(RUL) mapping [7].

RUL estimation in cumulative degradation prognostic approaches is based on data
degradation history applying different regression models such as time series analysis,
which consists of studying the evolution of a phenomenon over time to provide a forecast
model. Ref. [14] used the double exponential smoothing on bearing vibration signals to
calculate the performance degradation time. Ref. [19] proposed an ARIMA (auto-regressive
integrated moving average) forecast model for mechanical equipment failure prediction
using nonstationary vibration signals. After identifying the possible p and q values based
on the autocorrelation, the proposed recursive method is composed of three main steps:
(1) applying first-order differencing to eliminate stationarity, (2) applying the ARMA(p,q)
model, and (3) predicting future values by applying the current configuration. Ref. [17]
used the AR (auto-regressive) model for gearbox failure prediction. The proposed method
uses empirical mode ensemble decomposition (EEMD) as vibration signal preprocessing to
deal with nonlinearity and nonstationarity, then applies the AR(p) forecast model by deter-
mining the parameter p. Ref. [18] proposed anauto-regressive moving average (ARMA)
forecast model for electric motor failure prediction using electrical voltage and current
signals. Ref. [15] proposed an approach based on the Holt–Winter method to deal with
multiseasonality time series by estimating and recursively eliminating the seasonality that
has the largest period. Ref. [16] used Holt–Winters for bearing performance degradation
prediction. The proposed approach uses the preprocessed vibration signals to extract the
bearing health state by applying the KJADE algorithm, which represents a combination of
kernel function for feature vector extraction and JADE (Joint Approximate Diagonalization
of Eigen-matrices) to extract features that reflect the health state. Finally, Holt–Winters expo-
nential smoothing is applied to predict the trend increment, which reflects the progression
of bearing degradation.

Due to their deterministic nature, classical time series analysis methods produce
identical results when applied to the same time series, offering no inherent mechanism
for performance improvement. To overcome this limitation, researchers have developed
hybrid approaches that combine these traditional classical methods with AI-based learn-
ing techniques. This hybridization leverages the solid mathematical basis of time series
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analysis while benefiting from the adaptive learning capabilities of AI algorithms, enabling
continuous performance improvement. Among these methods, we can cite the works
of [47], which applied expert systems for automatic ARIMA modeling, and Ref. [48], which
applied expert systems for the automatic SARIMA modeling. The two proposed methods
are based on data transformation into a stationary series in a preprocessing phase using the
first-order differencing method; then, the automatic modeling phase, based on rules, makes
deductions. Decision trees (DTs) are used in failure prediction as a generalization of AR
models, where each leaf node represents an instance of AR(p), which allows the testing of
models with different parameters, p. Ref. [20] used DT for bearing failure detection using
vibration signals as a time series. Ref. [21] proposed an approach for cooling fan failure
prediction using nonstationary rotation speed signals by defining a minimum speed. If the
rotation speed is lower than the minimum speed, it loses the cooling effect, which is the
faulty mode. The proposed approach hybridizes an ARIMA(p,d,q) model with a neural net-
work using backpropagation. First, the time series is transformed into a stationary process
through iterative first-order differencing, applying the operation d times until stationarity
is achieved. Next, the stationary data is modeled using an ARMA(p,q) forecast model to
generate predictions. Finally, these predictions are refined using an ANN with backpropa-
gation, where both the actual fan speed and the ARMA-forecasted speed serve as inputs.
Ref. [22] proposed an approach for predicting electrical insulation degradation based on
the identification of the stress factor, which corresponds to the current leaks’ increase as
HI. The used data are the stator’s current leaks signals, where the signals are measured
by high-sensitive current transformers (HSCTs), and the electrical voltage using voltage
transformers (VT). The obtained signal time series is nonstationary, so a nonparametric
approach is used to eliminate trends based on the bilateral moving averages. The authors
proposed two prediction models: an ARMA(p,q) model and an ANN model. To select the
model, AIC (Akaike information criterion) and BIC (Bayesian information criterion) were
used to compute the number of parameters for each model (the number of neurons in the
hidden layer for the ANN model and p+q for the ARMA model), where the selected model
was the one with the smallest number of parameters. The authors proposed two ANNs for
fault identification and failure prediction. For failure prediction, the authors implemented
a neural network trained with the RPROP (Resilient Backpropagation) algorithm. This time
series forecasting model uses a sliding window approach, where historical observations
up to time t-1 (Z1, Z2, . . . , Zt−1) serve as input, while Zt represents the output observation.
This structure enables the building of a degradation model with a step forecast. The first
proposed ANN consists of providing a supervised classification of operating mode (Good,
Moisture, Oil/ Dirt and Thermal) to identify the stress type that caused the degradation;
however, it is not applied in the prediction process as a data filter.

Despite the solid mathematical basis of the time series models, which gives an effi-
cient calculation, the forecast model leads to large errors when the degradation history is
nonstationary, nonlinear, and includes noise [32].

To overcome the limitations of time series models, researchers have focused on alterna-
tive solutions. Many have turned to machine learning (ML)-based prognostic approaches.
These approaches utilize health indicators for monitored equipment. Such indicators in-
clude more health state information and better reflect the degradation trend, which enables
more effective training of prediction models.

Ref. [39] used a stacked autoencoder (SAE) structure to fuse the selected features
to construct HI, using an LSTM model for RUL estimation. Ref. [23] proposed a data-
driven approach to estimate bearing RUL by using two concepts; the first one applies a
deterioration exponential function according to the health indicator (HI), and the second
one consists of applying a Gaussian mixture model (GMM) as a data clustering method for
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class labeling (healthy, deteriorated, critical) to obtain the health stage (HS). Both HI and
HS indicators are used in a knowledge-driven process to estimate RUL. Ref. [24] estimated
bearing RUL by applying a relevance vector machine (RVM) on the extracted bearing
degradation features as a regression method until the failure threshold. Ref. [37] proposed
two supervised ML algorithms to estimate bearing RUL: SVM and k-NN, using short-
time Fourier transform (STFT) on vibration signals’ time–frequency domain to indicate
the health condition to construct HI. The results obtained by the two proposed models
using the same HI are close, which reveals the importance and impact of constructing an
HI. Ref. [26] combined support vector machine (SVM), random forest regression (RFR)
and Gaussian process regression (GPR) in a hyper-heuristic algorithm called Sparrow
Search Algorithm (SSA) to estimate bearing RUL, to derive maximum advantage from
each method. The outcomes indicate the overall performance of SVM in dealing with
complex data distributions, regularization, high-dimensional data and hyperparameter
sensitivity. In general, the primary limitation of ML approaches lies in their need for
extensive learning sessions across various conditions. Recently, Ref. [27] proposed a data-
driven approach for diagnosis and prognosis of aeronautical bearing using collaborative
selection-based incremental deep transfer learning (CSIDTL) to overcome lack of the
pretrained ML patterns. This approach is justified because operating conditions in the
target domain often differ significantly from those present in the training dataset. The
CSIDTL technique enables ML models to adapt to real-world operational conditions,
while simultaneously expanding the knowledge base through the incorporation of newly
transferred learning patterns. The proposed approach is enhanced by using long short-term
memory (LSTM) adaptive learning rules to overcome data complexity and data change
problems. Ref. [49] made a comparative study between LSTM, BiLSTM (Bidirectional-
LSTM), GRUs (gated recurrent units), and RF (random forest) predictive models for wind
turbine high-speed shaft bearings, using a data aggregation in a time window as a HI.
This comparative evaluation of the models’ performance revealed that LSTM and BiLSTM
outperformed GRU and RF in RUL estimation. An important contribution proposed by [5]
combined several cutting-edge techniques. The proposed approach consists of bearing
RUL estimation using both HI and HS by solving regression and classification problems,
respectively. The solving approach is based on two LSTM models: HI estimator (regression)
and HS predictor (classification), involving a transfer learning during the training procedure
to fine-tune the RUL estimation. The HI construction based on wavelet transform was used
by [38], applying continuous wavelet transform (CWT) on time-domain vibration signals
to extract degradation characteristics of bearings and training a CNN prediction model
based on global attention mechanism (GAM-CNN) to estimate RUL. Ref. [50] proposed
an LSTM model for both failure type detection and RUL estimation using bearing feature
fusing as input.

Within the second category of data-driven prognostics, known as direct RUL mapping
prognostics, empirical models play a crucial role in predicting RUL. Unlike other methods,
this approach does not require the estimation of health status; instead, it involves con-
structing a degradation evolution model over time using data from historical run-to-failure
experiments for training. Limited contributions to the literature exist in this area, and a few
notable contributions include the work of [28], which proposed an ANN, which provides
the bearing life percentage and then calculates RUL, using run-to-failure vibration data for
training after a measured signal fitting step. The inputs of the proposed ANN consist of
bearing age and degradation velocity measurements as inputs, where the output represents
the failure rate, which indicates the failure probability at a given time and is calculated
by a Weibull distribution failure rate function. Ref. [35] proposed a recurrent-CNN using
bearing vibration signals’ time series as the input to build an RUL estimation model based
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on modeling the temporal dependencies of different degradation states, which enables the
model to memorize degradation information over time and make connections for each
output, not only with the input of the current layer but also with the previous stored state
that maintains a memory of all past inputs. Ref. [36] proposed a bearing RUL estima-
tion based on a multiscale convolutional neural network (MSCNN), where signal wavelet
transform (WT) technique is applied to construct HI and train the proposed MSCNN as
a health degradation regression problem to build a prediction model. Ref. [29] proposed
a bearing’s direct RUL mapping estimation using an ANN forecast model. The training
phase is carried out on test set data, which are filtered by applying a k-means clustering
to construct health states, when only features from degradation patterns are extracted to
build the ANN model. Ref. [51] proposed a degradation assessment approach for wind
turbine bearing using extreme learning machines (ELMs) with Recurrent Expansion (REX)
algorithms and Bayesian optimization to adjust the model’s parameters. Authors collected
50 days of run-to-failure data to construct bearing degradation patterns and to describe
health states. The collected signals were preprocessed by denoising and aggregating on
timespan, and then applying linear regression to uncover underlying trends. Ref. [40]
applied kernel smoothing density (KS-density) on vibration signals to construct an HI. This
extracted degradation data was used as input to train a BiLSTM model for assessing the
bearing health and estimating the bearing RUL.

Figure 1 summarizes the different approaches for failure prognosis. The model-based
methods allow the proposal of empirical models of system behavior and failure patterns. It
replaces mathematical models that require a large amount of knowledge on the system’s
physics. Data-driven approaches for RUL estimation have gained significant importance
in recent years, according to technological advancements in signal processing techniques
and the evolution of sensor and instrumentation technologies. These developments have
enabled more effective assessments of health conditions and predictions of failures [52].

Figure 1. Summary of failure prognosis approaches.

Among data-driven contributions in the literature, time series forecast-based mod-
els often produce significant errors when applied to nonstationary, nonlinear, and noisy
degradation trends [32]. This limitation is particularly relevant for induction machine
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bearings, which typically exhibit such complex degradation patterns. Furthermore, de-
veloping ML-based empirical models presents additional challenges, requiring extensive
training sessions across various operating conditions. Even when an accurate model is
successfully constructed, its performance can be decreased significantly when deployed in
environments that differ from the training conditions, such as variations in environmental
factors that can accelerate bearing wear.

The evolution of data-driven approaches has been particularly significant in recent
years, extending beyond bearing failure prediction to various engineering domains with
similar challenges. For instance, in civil engineering, data-driven methods have signifi-
cantly advanced the prediction of wind-induced responses in slender structures [53]. Their
comprehensive review highlights several important developments applicable to this do-
main: the transition from physics-based to hybrid and purely data-driven models, the
importance of appropriate feature selection in nonstationary environments, the evolution
from traditional ML to deep learning architectures for complex pattern recognition, and
the critical challenge of model generalization across different operational conditions. These
insights are particularly relevant to bearing failure prognosis, as both domains deal with
nonstationary signals, complex system dynamics, and the need to make reliable predictions
with limited training data.

Modern data-driven approaches can be further categorized based on their learning
approach: supervised, semi-supervised, and unsupervised learning. Supervised learning
approaches require labeled training data, where each input is associated with the corre-
sponding output. While effective when historical failure data is abundant, these methods
struggle with real-world industrial scenarios where complete run-to-failure datasets are
scarce [5]. Semi-supervised approaches attempt to mitigate this limitation by utilizing both
labeled and unlabeled data, often employing techniques such as transfer learning [27],
self-supervised pretraining, or hybrid models integrating both physics-based knowledge
and data-driven learning [54]. Unsupervised approaches, like the one proposed in this
paper, represent the most flexible solution, requiring no explicit labels and instead discov-
ering patterns and features directly from the data. This characteristic makes unsupervised
methods particularly valuable in practical industrial settings where labeled failure data is
often unavailable or insufficient.

Tables 1 and 2 summarize some cited papers according to the used prediction model,
HI construction, the used dataset and advantages.

Based on the analysis of existing approaches summarized in Table 1, we can identify
specific limitations of each prediction model category when applied to bearing failure
prediction: statistical time series models generate substantial errors on nonstationary
data (the typical nature of bearing vibration signals in induction machines), model-based
approaches require strong a priori knowledge of physical behaviors, which is difficult
to obtain for complex systems, and conventional ML methods tend to deteriorate when
deployed under domain shift. In light of these findings, this analysis identifies deep-
learning-based approaches with direct RUL mapping as the most promising solutions
for unsupervised bearing failure prognosis. While architectures such as CNNs, RCNNs,
MSCNNs, LSTMs, and BiLSTMs have shown strong fault-feature extraction capability,
industrial applications often suffer from limited dataset availability [11]. This constraint,
combined with the specific requirements of bearing prognostics, favors the use of ANNs,
which require comparatively less training data while remaining effective for time series
forecasting: they capture nonstationary degradation patterns, adapt well to sequence
prediction, support continuous learning without full retraining, deliver strong performance
with relatively small datasets, and seamlessly integrate heterogeneous inputs (e.g., vibration
and temperature) without extensive feature engineering.
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Table 1. Summary of the cited papers in failure prognosis.

Paper Category Prediction Model HI Construction Advantages Dataset

[21] Time series
analysis

Statistical: ARIMA - Fine-tuning technique by an
ANN model to adjust ARIMA
RUL estimation.

DS-Self

[25] Model-based Paris’s law Kalman filter. Hybridizing with data-driven
approach for RUL estimation
based on Kalman smoother.

DS-1

[35] Data-driven
direct RUL
mapping

Deep learning:
Recurrent-CNN

temporal dependencies
of different
degradation states.

Recurrent-CNN can learn
short-term and long-term
dependencies from time series
data.

DS-5

[36] Data-Driven
Direct RUL
mapping

Deep learning:
Multiscale-CNN

wavelet transform
(WT).

The multiscale layer allows the
maintainenance of the global
and local features to enhance
the network capacity.

DS-5

[22] Time series
analysis

Statistical: ARMA
& ANN

Identification of the
stress factor.

Using AIC and BIC for model
selection according ARMA and
ANN model parameters.

DS-Self

[44] Model-based Three parameters
WPHM

Pearson correlation
coefficient.

Finding the covariates between
parameters can reflect the
bearing state.

DS-2

[29] Data-driven
direct RUL
mapping

Deep learning:
ANN

A cumulative
degradation function
for monotonicity and
trendability.

Using k-means clustering to
extract degradation patterns as
HS.

DS-5

[9] Model-based WPHM Monotonicity,
robustness,
trendability, and
consistency prognostic
metrics.

Using weight coefficient for
each prognostic metric.

DS-3

[39] Data-driven
ML

Deep learning:
CNN-LSTM

Stacked autoencoder
(SAE).

The SAE structure allows
feature extraction by fusing and
reducing dimension.

DS-2,
DS-4

[23] Data-driven
ML

Deep learning:
CNN-LSTM

Deterioration
exponential function to
construct HI and
Gaussian mixture
model to construct HS.

Using both HI and HS to
represent health state, and
using transfer learning for
further meaningful learning.

DS-2

[5] Data-driven
ML

Regression-
ML/Classification-
ML: LSTM

An exponential
function that models
the cumulative
degradation.

Using both HI & HS and
involving a transfer learning
during the training procedure
to fine-tune the RUL
estimation.

DS-5

[37] Data-driven
ML

Supervised-ML:
SVM k-NN

Short-time Fourier
transform (STFT) and
Hilbert marginal
spectrum (HMS).

Using STFT and HMS reduces
the computational complexity
for training.

DS-5

[26] Data-driven
ML

Regression-ML:
SVM random
forest Gaussian
process

Increasing degradation
based on monotonicity.

Using a hyper-heuristic
algorithm SSA to discover the
most suitable hyperparameters
for the proposed SVM, RF and
GP ML.

DS-6

[40] Data-driven
direct RUL
mapping

Deep learning:
BiLSTM

Kernel smoothing
density.

BiLSTM is a good model to
train from extensive data, also
data fitting is carried out using
Weibull failure rate function.

DS-2

Table 2. Experimental datasets used in the cited papers.

Code Experimental Platform Reference

DS-1 Green Power Monitoring Systems, LLC, VT 05753, USA: A real 2 MW wind turbine
(Sazelgn)

-

DS-2 IMS, University of Cincinnati. NASA AMES Prognostics Data Repository [20]

DS-3 XJTU-SY Rolling element bearing accelerated life test datasets [55]

DS-4 Bearing DataCenter Case Western Reserve University [56]

DS-5 PRONOSTIA: An Experimental Platform for Bearings Accelerated Life Test [41]

DS-Self Self-experimental platform -
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3. Proposed Data-Driven ANN-Based Approach
In this paper, for comprehensive failure prognosis, the proposed approach integrates

both health indicator (HI) and health stage (HS). Following [57], HS captures the global
degradation trend, while HI reflects local variations in degradation. The selection of
the prediction model takes into account data availability, computational constraints, and
the need for transfer learning to adapt to changing operational conditions [5]. Within
the PHM framework, the methodology targets bearing RUL estimation using vibration
and temperature signals, adopting an unsupervised data-driven strategy with direct RUL
mapping (Figure 2). Its key contribution lies in combining two complementary elements:
(1) HS construction through CMO-based clustering, which discriminates between normal
and faulty modes, and (2) HI development via a dual-ANN architecture capable of accurate
forecasting without reliance on large datasets. Unlike conventional approaches that train
on all available data or rely on complex deep learning models, the proposed method
introduces three main innovations: (i) unsupervised clustering to derive meaningful health
stages, (ii) training restricted to faulty-condition data to enhance prediction accuracy, and
(iii) a dual-ANN structure, consisting of a forecast-ANN to model degradation trajectories
and an adjustment-ANN for fine-tuning under varying operating conditions.

The proposed approach follows a four-stage pipeline. First, measured signals are
collected from a run-to-failure experimental platform, followed by a preprocessing step
to prepare the signals for time series modeling. Second, an HS is constructed using
CMO-based data clustering specifically adapted to bearing degradation, keeping only
faulty-mode observations to train the proposed ANN. In the third stage, the ANN is used
to forecast the evolution of bearing degradation over time, where the constructed HI,
represented by the n previous observations, serves as input to predict the next observation
n + 1. Finally, during the testing phase, a fine-tuning technique is applied through an
adjustment-ANN, which significantly improves prediction accuracy. This dual-ANN
architecture constitutes a key advantage of the proposed approach, enabling the model to
adapt to variations in operating conditions while preserving high predictive performance.
The subsequent sections present an in-depth analysis of each stage.

Figure 2. The proposed failure prognosis approach.

Figure 2 illustrates the end-to-end workflow of the proposed unsupervised data-driven
approach for bearing failure prognosis. Vibration and temperature signals from run-to-
failure experiments are first aggregated and normalized to form structured time series
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observations. A CMO-based clustering constructs the health stages (HS) and automatically
isolates faulty-mode data to ensure informative training. Using a sliding window of the
latest observations as the health indicator (HI), the forecast-ANN recursively predicts the
next observation to model the degradation trajectory until failure detection. During testing,
an adjustment-ANN refines the forecast, which improves robustness to operating-condition
variability. The pipeline outputs an estimation of bearing RUL.

3.1. Data Acquisition and Preprocessing

The data preprocessing step consists of aggregating and normalizing measured signals,
and finally making them into structured data. Data normalization is carried out to put
the different data (time, vibration and temperature) in the same range and then use vector
coefficients to ensure fair treatment of the data. Data aggregation is carried out to eliminate
the measured signals noise, thus reducing the problem complexity [58].

Firstly, the vibration and temperature signals are aggregated over a time interval, then
represented by unique data computed by one of the aggregation functions: mean, variance,
or standard deviation, selected as a parameter in the aggregation procedure. The main
constraint is the definition of the time interval, which should be small enough not to lose
information and long enough to reduce algorithm complexity and eliminate noise.

Data normalization aims to put the different data (vibration and temperature) in the
same range to be able to later correctly give a relative impact to a given vector by using
corresponding coefficients. This is important to ensure that all handled data has the same
influence or to give more impact by increasing the corresponding coefficient.

The normalization process applies specific transformations to the vibration and tem-
perature vectors according to Equations (1) and (2).

v⃗norm = v⃗ × c × αv (1)

where v⃗norm is the normalized vibration vector, v⃗ is the original vibration vector, c is the
mean of the temperature vector, and αv is the vibration normalization coefficient.

c⃗norm = c⃗ × v × αc (2)

where c⃗norm is the normalized temperature vector, c⃗ is the original temperature vector, v is
the mean of the vibration vector, and αc is the temperature normalization coefficient.

Finally, the data are formatted in a step to prepare aggregated and normalized time
series data for use in the failure prediction process. In this step, a data structure containing
observations S = (O1, O2, . . . , Oi, . . . , On) is created, where each observation Oi(ti, vi, ci)

contains the aggregated and normalized vibration and temperature signals vi and ci and
the time average value of the corresponding aggregation interval ti.

3.2. HS Construction

Run-to-failure experimentation platforms provide bearing-measured signals from
the start of use through initial failure and into deterioration, when the operating mode
is normal for a long time. Using the vibration signals, the bearing degradation trend is
linear in normal operating mode; when a fault appears, it becomes nonstationary. To
address the challenge of selecting meaningful signals that accurately represent bearing
deterioration for ANN model training, Ref. [28] proposed using the Weibull distribution
failure rate function to fit the measurements and then using them as inputs to an ANN
model. Another interesting approach was used in [22] to filter the faulty mode by an ANN
data classifier; however, it was not used to filter the training data for the proposed failure
prognosis approach. The proposed HS construction approach distinctly differs from these
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methods by automatically identifying and isolating faulty condition data specifically for
training purposes.

Training is a central step in developing an effective ANN model, and, therefore, re-
quires high-quality data that accurately represents the correct behavior to ensure optimal
results. As the bearing degradation trend has two different behaviors depending on the
operating mode, in the normal operating mode, the trend is stable, and it becomes non-
stationary when a fault appears. Therefore, unlike conventional approaches that use all
available data indiscriminately, a novel selective training strategy is proposed that fits the
measured signals, keeping only those that describe the faulty operating mode. For that,
after the signals preprocessing phase, the CMO-Clustering [59] is applied, which offers dis-
tinct advantages for this task, including its ability to handle overlapping transition regions
between normal and faulty states, its robust initialization strategy that minimizes sensi-
tivity to starting conditions, and its straightforward parameterization based on distance
ratio principles.

CMO-Clustering is based on the attraction–repulsion mechanism and adaptive dis-
tance ratio tuning, which intensifies the attraction force between similar data while main-
taining repulsion between dissimilar data. Its application for HS construction uses a low
distance ratio, which increases the attraction force in order to obtain a strong class separa-
tion, generally giving two classes to represent the normal operating mode and the faulty
one, which allows HS construction. Figure 3 represents an example of CMO-Clustering
with a low distance ratio; here, the fitted data is the second class, which represents the
faulty operating mode.

Figure 3. Example of low-ratio CMO-Clustering.

3.3. HI-Based Degradation Forecasting

To estimate the bearing RUL using time series S(O1, O2, . . . , Oi, . . . , On), where
Oi(ti, vi, ci) represents time, vibration, and temperature observation i, a forecast ANN
is designed that provides a forecast model; therefore, to make a forecast for On+1, which
represents the ANN output, the last k observations S′(On−k+1, . . . , On) are used as input,
where S′ represents the health indicator (HI). After extensive experimentation with vari-
ous architectures, the optimal configuration is selected based on prediction accuracy and
computational efficiency. The architecture of the proposed forecast-ANN is as follows:

• Input: An observation window which consists of the last k time series’ observations
S′(On−k+1, . . . , On) as HI. This creates an input layer with 3 × k neurons (k observa-
tions × 3 features per observation: time, vibration, and temperature).

• Hidden layer: A single hidden layer with 5 neurons using the default hyperbolic
tangent (tansig) activation function in Matlab.

• Output: The forecast observation On+1 with 3 neurons (time, vibration, and tempera-
ture) and linear activation function.

The forecast-ANN was trained using the following parameters:

• Optimization algorithm: Levenberg–Marquardt backpropagation (trainlm).

https://doi.org/10.3390/app16052472

https://doi.org/10.3390/app16052472


Appl. Sci. 2026, 16, 2472 14 of 30

• Network architecture: Standard feedforward neural network implemented with Matlab.
• Data split: 80% training, 20% testing, no validation set.
• Performance function: Mean squared error (MSE) by default.

This ANN design allows the model to forecast the next observation using a window of
k last observations, which represents a forecast with a horizon h = 1 for the HI, as illustrated
in Figure 4. An example of the training performance of the proposed forecast-ANN model
is shown in Figure 5.

Figure 4. Structure of the proposed forecast-ANN.

Figure 5. Example of the proposed forecast-ANN training performance.

3.4. Prediction Fine-Tuning

A fine-tuning mechanism is proposed to adapt the failure prediction process into
different operating conditions and degradation trend variations to improve the failure
prognosis performance. The proposed approach employs a second complementary neural
network that specifically learns to correct prediction errors of the primary model dedicated
for forecasting. It consists of applying an adjustment-ANN to calculate the forecasting
errors in order to design an adjustment model (Figure 6).

This approach differs substantially from fine-tuning methods that typically just update
the weights of the original model. Instead, the proposed adjustment-ANN creates a
specialized error-correction mechanism that works in tandem with the primary forecast
model in the test phase, which increases the adaptability to different operating conditions
and where environmental and operational variations are common.

The architecture of the proposed adjustment-ANN is as follows:

• Input: There are two inputs, the actual observation Oi and the forecasted observation
O′

i by the forecast-ANN model of the previous observation Oi−1. This dual-input
design is crucial as it allows the model to directly learn the relationship between
predicted and actual values, rather than simply attempting to improve the original pre-
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diction. Each input consists of 3 features (time, vibration, and temperature), resulting
in a total of 6 input neurons.

• Hidden layer: A single hidden layer with 5 neurons using the default hyperbolic
tangent (tansig) activation function in Matlab. This architecture is defined to provide
optimal error correction capabilities for the adjustment task.

• Output: Represents the variation between the two values Oi and O′
i . The output layer

consists of 3 neurons (for time, vibration, and temperature error corrections) with
linear activation functions.

The adjustment-ANN training parameters are as follows:

• Optimization algorithm: Levenberg–Marquardt backpropagation (trainlm).
• Network architecture: Standard feedforward neural network implemented with Matlab.
• Data split: 80% training, 20% testing, no validation set.
• Performance function: Mean squared error (MSE) by default.
• Input structure: Three-dimensional input representing time, vibration and tempera-

ture components from the observation period.

Figure 6. The proposed fine-tuning technique using an adjustment-ANN.

Figure 7 represents a training example for the proposed adjustment-ANN.

Figure 7. Training example for the proposed adjustment-ANN.

The proposed forecast-ANN model consists of forecasting the next observation, whose
failure prognosis aim is to estimate the RUL. To do this, an iterative process is proposed
which consists of applying the forecast-ANN model on each iteration with fine-tuning and
inserting the forecasted values into the time series as a new observation until a stopping
criterion is satisfied, which represents the bearing deterioration.

The stopping criterion of the iterative process, denoted as Condition (Current_
Observation), is satisfied when the vibration value of the current observation (vi) ex-
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ceeds or equals a predefined threshold. Algorithm 1 outlines a detailed, step-by-step of the
failure prediction process.

Algorithm 1 Bearing failure prediction process.
Input: S(O1−l , On) // Dataset test

P // The Forecast-ANN model
Condition // Stopping criteria

Begin
Initialize(Q) // Adjustment-ANN
For i = 1 To n − 1

p = P(Oi)
Training(Q, Oi, p) // Adjustment-ANN training

Next i
Current_Observation = S(On)
Repeat

Forecasted_observation = P(Current_Observation) // Forecasted observation by Forecast-ANN
Adjusted_Observation = Q(Forecasted_observation) // Adjusted observation by adjustment-ANN
Insert(S, Adjusted_Observation) // Insert the adjusted value to the time series
Current_Observation = Adjusted_Observation

Until Condition(Current_Observation)
RUL = Current_Observation(t)− On(t)
Return RUL

End

Figure 8 represents an example of RUL estimation.

Figure 8. Example of RUL estimation.

4. Validation on Experimental Data
The main challenge in developing a reliable solution for bearing failure prediction in

induction machines is the ability to analyze nonstationary time series signals and produce
accurate forecasts, especially under faulty operating conditions. This section evaluates
the effectiveness of the proposed forecast-ANN model for bearing failure prognosis in
comparison with the ARIMA forecasting model. Several configurations were tested before
establishing the final architecture. All experiments were implemented and tested on
MATLAB 2020 on a 64-bit operating system PC with 8 GB of installed memory and an i7
processor @ 2.00 GHz.
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In the following, the selected datasets for evaluation are first described, followed
by the metrics used to assess the different methods. Finally, the performance results are
analyzed and the conclusions are presented.

4.1. Datasets and Performance Metrics

The datasets used to evaluate the proposed approach consist of the PRONOSTIA
bearing degradation dataset [41], which also provides a scoring function based on over-
and under-prediction error rates, and the NASA-IMS run-to-failure dataset. These datasets
allow us to assess whether the proposed approach maintains its performance and accuracy
on nonstationary time series signals collected under different experimental conditions.

The PRONOSTIA experimental platform [41] is dedicated to testing and validating
approaches for bearing fault diagnosis and prognosis. It offers datasets generated from
run-to-failure experiments, which are carried out until complete bearing failure, defined as
reaching a maximum vibration level of 20 g. In this platform, two accelerometers measure
the horizontal and vertical vibrations of the bearing, while a thermocouple records its
temperature. The vibration and temperature signals are sampled at 25.6 Hz and 10 Hz,
respectively. For each experiment, files containing 10-minute segments of recorded signals
are produced and stored in dedicated folders. Regarding data management, the datasets
are stored in a database using MS SQL Server, with preprocessing and storage procedures
developed in VB.Net 2015. A summary of the PRONOSTIA datasets is provided in Table 3.

Table 3. PRONOSTIA datasets operating conditions specifications [41].

Dataset
Operating Conditions

Condition 1 Condition 2 Condition 3

Radial Load (N) 4000 4200 5000

Speed (rpm) 1800 1650 1500

Learning sets B1_1 B2_1 B3_1

B1_2 B2_2 B3_2

Test set B1_3 B2_3 B3_3

B1_4 B2_4

B1_5 B2_5

B1_6 B2_6

B1_7 B2_7

The measured vibration and temperature signals first undergo preprocessing, includ-
ing normalization and data aggregation [58]. Normalization is used to map different
signal types (time, vibration, and temperature) within a comparable numerical range,
allowing each feature to be assigned an appropriate relative weight through dedicated
coefficients. Data aggregation is then applied to reduce noise and smooth fluctuations in
the raw measurements, thereby decreasing problem complexity by grouping the samples
over predefined time windows.

To assess the robustness and generalizability of the proposed approach beyond
PRONOSTIA, further validation is performed on the NASA-IMS run-to-failure dataset,
which allows us to verify whether the proposed approach retains its performance and
accuracy on nonstationary time series acquired under different experimental conditions.

The NASA-IMS run-to-failure dataset for bearing data consists of four bearings
mounted on a shaft driven at a constant speed of 2000 rpm with an applied radial load of
6000 lbs. High-sensitivity quartz ICP accelerometers were installed on the bearing housing
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(two accelerometers for each bearing that consist of the X and Y axes). Vibration signals
were acquired with a sampling frequency of 20 kHz and stored as ASCII files within an
interval of 10 minutes between files. Three run-to-failure datasets are provided [20,42]:
(i) Set 1 (2156 files) failures occurred in bearing 3 (inner race) and bearing 4 (roller element).
(ii) Set 2 (984 files) an outer race failure occurred in bearing 1. (iii) Set 3 (4448 files) an outer
race failure occurred in bearing 3. As a preprocessing step, measured vibration signals
were aggregated by file into statistical descriptors (average and variance) for each X/Y
vibration axis of each bearing. The aggregated signals were stored into an MS-SQL table
with fields including set_name, file_name, block_index, at_time, and per-bearing statistical
descriptors. For training and test of the proposed approach, the subsets were filtered by
set_name, bearing_number, and block_index ranges.

The performance of the proposed approaches was assessed based on the following
key metrics:

• The RUL estimation score, denoted as Ai and introduced by PRONOSTIA, is computed
based on the error rate as follows [41]:

Eri = 100 × RULactual − RULcalculated
RULactual

(3)

Ai =

exp− ln(0,5)·( Eri
5 ) if Eri ≤ 0

exp+ ln(0,5)·( Eri
20 ) if Eri > 0

(4)

• Mean absolute percentage error (MAPE), a regression-oriented performance met-
ric that provides a meaningful interpretation of result variations by calculating the
average of percentage errors. Mathematically, this metric is defined as [49]:

MAPE =
1
n

n

∑
i

|Xi − X′
i |

Xi
(5)

• Cumulative relative accuracy (CRA), defined as follows:

CRA =
1
n

n

∑
i

(
1 −

|Xi − X′
i |

Xi

)
(6)

• Root mean squared error (RMSE), defined as follows:

RMSE =

√
∑n

i=1(Xi − X′
i)

2

n
(7)

4.2. Performance Assessment on PRONOSTIA Bearing Degradation Dataset

To validate the proposed failure prognosis framework, two forecasting approaches are
investigated: (i) a conventional ARIMA model, representing a strong statistical baseline
for time series prediction, and (ii) an adapted ANN-based forecasting architecture specifi-
cally designed for nonlinear and nonstationary degradation signals. The objective of this
comparative evaluation is to demonstrate the limitations of ARIMA under real bearing
degradation conditions and to justify the progressive enhancement of the ANN-based
model to achieve robust and accurate remaining useful life (RUL) prediction.

4.2.1. ARIMA Forecast Model’s Performance Assessment

The application of the ARIMA forecasting model on the provided signals begins with
applying the log function to stabilize variance, followed by the detrend function to eliminate
both linear and quadratic trends as a preprocessing step. Next, stationarity is achieved
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through iterative first-order differencing until a stationary series is obtained, enabling the
application of the ARMA model for forecasting. The resulting outcomes are summarized in
Table 4. However, despite this rigorous preprocessing and modeling pipeline, the ARIMA
model demonstrates limited predictive capability. Indeed, in 9 out of 11 test cases, the
ARIMA model failed to provide RUL, indicating a fundamental limitation in its ability to
accurately model the bearing’s degradation trends, which are inherently nonstationary
and nonlinear.

Table 4. ARIMA application for failures prediction.

Dataset Test End (s) Actual RUL (s) Calculated Failure Time (s) RUL (s) Eri Score %

Bearing1_3 18,020 5730 18,800 780 86.38 5.01

Bearing1_4 11,390 339 11,720 330 2.65 91.21

Bearing1_5 23,020 1610 Stopping criterion not reached NA NA 0.00

Bearing1_6 23,020 1460 Stopping criterion not reached NA NA 0.00

Bearing1_7 15,020 7570 Stopping criterion not reached NA NA 0.00

Bearing2_3 12,020 7530 Stopping criterion not reached NA NA 0.00

Bearing2_4 6120 1390 Stopping criterion not reached NA NA 0.00

Bearing2_5 20,020 3090 Stopping criterion not reached NA NA 0.00

Bearing2_6 5720 1290 Stopping criterion not reached NA NA 0.00

Bearing2_7 1720 580 Stopping criterion not reached NA NA 0.00

Bearing3_3 3520 820 Stopping criterion not reached NA NA 0.00

Final Score: 8.75
NA: RUL is not available.

Despite the solid mathematical foundation of the ARIMA forecasting model, its per-
formance remains limited for this type of degradation series. This observation is consistent
with the findings in [32], which state that “ARIMA models yield large errors when the degra-
dation trend is nonstationary, nonlinear, and noisy”. Such limitations, mainly driven by the
nonlinear and nonstationary nature of bearing degradation signals, highlight the need
for data-driven models with greater representational power. Accordingly, the following
subsection introduces a progressively refined ANN-based forecasting framework designed
to overcome these challenges and deliver more accurate RUL estimation.

4.2.2. ANN-Based Approach’s Performance Assessment

Due to the inefficiency of the ARIMA forecast model application, a dedicated fore-
casting ANN model was designed for nonstationary time series. Several approaches were
tested and improved step by step before establishing the final solution detailed in Section 3.
The proposed ANN-based approach’s evolution steps are the following:

• The first proposed ANN model predicts vibration as a function of time. It is trained on
time series data of the form f (ti) = vi, where vi denotes the vibration value measured
at time ti.

• The second proposed ANN model provides a forecast for the next observation based
on the current observation as HI: Oi(ti, vi) → Oi+1(ti+1, vi+1).

• The third proposed ANN model provides a forecast for the next observation based
on a set of the last k observations using only vibration signals as HI: [Oi−k, . . . , Oi] →
Oi+1(ti+1, vi+1).

• The last proposed ANN model provides a forecast for the next observation based
on a set of last k observations using vibration and temperature signals as HI:
[Oi−k, . . . , Oi] → Oi+1(ti+1, vi+1, ci+1).
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To enhance the performance of the proposed forecasting ANN, two additional steps
were used (HS construction and fine-tuning), as follows:

• The HS construction is based on CMO-Clustering to extract data that describes the
faulty operating mode to ensure reliable training.

• The fine-tuning consists of correcting the errors of the proposed forecast ANN using
an adjustment-ANN.

For clarity in terminology throughout this paper, PRONOSTIA datasets are divided
into two types: learning sets, used for the training phase, and test sets, used to evaluate the
performance of the final model during the test phase. To evaluate the performance of the
proposed approach, k = 50 is used to define the number of previous observations used as
input for the forecast-ANN. This parameter was determined through experimentation to
provide an optimal balance between historical context and prediction accuracy.

The proposed forecasting ANN is a multilayer of interconnected neurons with a
default activation function on each one. A feedforward neural network (FNN) based on the
backpropagation algorithm learns complex patterns from historical data to make accurate
future predictions and adjusts the network’s weights iteratively to minimize prediction
errors between the actual and predicted outputs [60]. Available training functions for this
edition of FNN are the following:

• trainlm: Based on “Levenberg–Marquardt” algorithm;
• trainbr: Based on “Bayesian Regularization” algorithm;
• trainbfg: Based on “BFGS Quasi-Newton” algorithm;
• trainrp: Based on “Resilient Backpropagation” algorithm;
• trainscg: Based on “Scaled Conjugate Gradient” algorithm;
• traincgb: Based on “Conjugate Gradient with Powell/Beale Restarts” algorithm;
• traincgf: Based on “Fletcher-Powell Conjugate Gradient” algorithm;
• traincgp: Based on “Polak-Ribiére Conjugate Gradient” algorithm;
• trainoss: Based on “One Step Secant” algorithm;
• traingdx: Based on “Variable Learning Rate Gradient Descent” algorithm;
• traingdm: Based on “Gradient Descent with Momentum” algorithm;
• traingd: Based on “Gradient Descent” algorithm.

In general, Levenberg–Marquardt (trainlm) exhibits fast convergence on small to
medium networks, while Bayesian Regularization (trainbr) can improve generalization
at the cost of longer training. First-order methods such as trainscg and trainrp scale
better to larger problems, with typically slower convergence per epoch but lower memory
footprint [61,62]. Indeed, by following an empirical approach in the validation phase of
the proposed solution on experimental data, the trainlm training function based on the
Levenberg–Marquardt algorithm shows more efficiency in terms of training precision and
result accuracy compared to the other functions.

The first proposed ANN model predicts vibration as a function of time, i.e., f (ti) = vi

(Figure 9). The corresponding failure prognosis results are reported in Table 5.

Figure 9. ANN model providing vibration depending on time.
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Table 5. RUL prediction results of the first proposed ANN.

Dataset Test End (s) Actual RUL (s)
The First ANN Application

RUL (s) Eri Score %

Bearing1_3 18,020 5730 2650 53.75 15.52

Bearing1_4 11,390 339 10 97.05 3.46

Bearing1_5 23,020 1610 3168 −96.77 0

Bearing1_6 23,020 1460 2457 −68.29 0.01

Bearing1_7 15,020 7570 4011 47.01 19.6

Bearing2_3 12,020 7530 10 99.87 3.14

Bearing2_4 6120 1390 2100 −51.08 0.08

Bearing2_5 20,020 3090 10 99.68 3.16

Bearing2_6 5720 1290 2380 −84.5 0

Bearing2_7 1720 580 5020 −765.52 0

Bearing3_3 3520 820 82879 −10,007.2 0

Final score: 7.72

The results obtained with this forecasting ANN are limited, as the prediction of
vibration over time is insufficient. It depends on HI at a given time. From this, a second
forecast ANN is proposed which consists of providing a forecast model for the next
observation based on the current observation as HI (Figure 10). The associated failure
prognosis results are presented in Table 6.

Figure 10. Second ANN providing forecast based on current observation.

Upon evaluating this forecasting model, we observed noticeable improvement over
the first one. However, its performance remains limited, as the prediction of the next
observation cannot rely solely on the current point; it must also capture the underlying
degradation history. This motivated the design of an enhanced ANN that incorporates the
last k observations as health indicators (HIs) to forecast the next point. Its architecture is
shown in Figure 3, and the associated results appear in Table 7.

It is worth noting that the findings from the final ANN demonstrate its capability
to estimate the bearing RUL. Although computing the score using the method proposed
in [41] is challenging, the predicted RUL values are, nevertheless, close to the actual RUL.

Figure 8 shows a failure prognosis example using the final approach. The final results
of the three proposed ANNs are subject to improvement, using HS construction by data
clustering in order to pass just the faulty operating mode data, and using the adjustment-
ANN as fine-tuning during the test step.
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Table 6. RUL prediction results of the second proposed ANN.

Dataset Test End (s) Actual RUL (s)
The Second ANN Application

RUL (s) Eri Score %

Bearing1_3 18,020 5730 4260 25.65 41.1

Bearing1_4 11,390 339 7760 −2189 0

Bearing1_5 23,020 1610 1520 5.59 82.39

Bearing1_6 23,020 1460 6560 −349.32 0

Bearing1_7 15,020 7570 7210 4.76 84.8

Bearing2_3 12,020 7530 4830 35.86 28.86

Bearing2_4 6120 1390 4450 −220.14 0

Bearing2_5 20,020 3090 1790 42.07 23.27

Bearing2_6 5720 1290 1040 19.38 51.09

Bearing2_7 1720 580 5070 −774.14 0

Bearing3_3 3520 820 4280 −421.95 0

Final score: 28.32

Table 7. RUL prediction results of the final proposed ANN.

Dataset Test End (s) Actual RUL (s)
The Final ANN Application

RUL (s) Eri Score %

Bearing1_3 18,020 5730 6170 −7.68 34.49

Bearing1_4 11,390 339 190 43.95 21.8

Bearing1_5 23,020 1610 1520 5.59 82.39

Bearing1_6 23,020 1460 1680 −15.07 12.38

Bearing1_7 15,020 7570 7200 4.89 84.42

Bearing2_3 12,020 7530 6700 11.02 68.25

Bearing2_4 6120 1390 1440 −3.6 60.73

Bearing2_5 20,020 3090 4390 −42.07 0.29

Bearing2_6 5720 1290 1030 20.16 49.73

Bearing2_7 1720 580 4060 −600 0

Bearing3_3 3520 820 940 −14.63 13.15

Final score: 38.88

4.3. Performance Assessment on NASA-IMS Run-to-Failure Dataset

Unlike PRONOSTIA, where all tests are run-to-failure, NASA-IMS datasets are not
all run-to-failure; this motivated us to make some adaptations to the proposed approach
and to use other metrics that do not rely on full RUL availability. For example, in Set 1,
only Bearing 3 (inner race defect) and Bearing 4 (roller element defect) go down to failure.
For the NASA-IMS dataset, the adaptation is performed while keeping the core method
unchanged. Specifically, we used the average and variance computed on each aggregated
file as features for the ANN input. The average of the aggregated signals describes the
bearing health state, whereas the variance characterizes the evolution of degradation over
time. We retain the HI construction using n previous observations as the window to forecast
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the next one, where inputs are sliding windows built from these two features. An example
of the resulting RUL estimation is illustrated in Figure 11.

Figure 11. Example of RUL estimation on NASA-IMS using the proposed approach.

On NASA-IMS, the proposed ANN maintains a favorable accuracy/robustness trade-
off. Representative results show low RMSE and MAPE on the test set, and a stable cumula-
tive CRA over time, indicating sustained relative accuracy as degradation progresses.

To evaluate the performance of the proposed approach during the test phase, the
same failure type is used for both the training and test datasets. The model is trained on
Set-i/Bearing-k and tested on Set-j/Bearing-l with the same failure type, using CRA, RMSE,
MAPE, and PRONOSTIA score metrics for all tests where run-to-failure data is available.
Table 8 reports the performance outcomes for each dataset and bearing.

Table 8. NASA-IMS results per dataset and bearing using the proposed approach.

Dataset Channel Pronostia Score (%) CRA RMSE MAPE (%)

Set-1 Bearing-1 79.27 0.9880 0.0008 1.20
Set-1 Bearing-2 80.82 0.9838 0.0007 1.61
Set-1 Bearing-3 60.45 0.9781 0.0018 2.19
Set-1 Bearing-4 87.33 0.9839 0.0012 1.61
Set-2 Bearing-1 76.75 0.9337 0.0052 6.62
Set-2 Bearing-2 77.68 0.9408 0.0033 5.92
Set-2 Bearing-3 52.38 0.9713 0.0032 2.87
Set-2 Bearing-4 61.26 0.8924 0.0017 10.70
Set-3 Bearing-1 72.56 0.9155 0.0022 8.45
Set-3 Bearing-2 78.58 0.9463 0.0011 9.76
Set-3 Bearing-3 51.37 0.9577 0.0025 4.23
Set-3 Bearing-4 68.67 0.9370 0.0059 6.30

Overall, for tests involving the same failure type, the global performance metrics are as
follows: PRONOSTIA score 44.02%, CRA 0.9308, RMSE 0.01735, and MAPE 6.92%. These
results indicate that the proposed approach not only achieves accurate predictions of the
bearing RUL but also maintains consistent performance across different datasets within the
NASA-IMS benchmark. The high CRA value reflects the model’s ability to closely follow
the actual degradation trend, while the low RMSE and MAPE values demonstrate precise
quantitative predictions with minimal average error. Furthermore, the PRONOSTIA score
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confirms the reliability of the predictions in a prognostics context. Taken together, these
metrics highlight the approach’s portability, robustness, and potential for generalization
across bearings and operating conditions, confirming its suitability for practical predictive
maintenance applications.

4.4. Performance Comparison

To assess the effectiveness of the proposed ANN-based approach, a comprehensive
comparative analysis was conducted against recent state-of-the-art data-driven methodolo-
gies for bearing failure prognosis. The comparison includes the following:

• A data-driven approach based on Recurrent-CNN with direct RUL mapping [35].
• A supervised machine learning approach based on SVM [37].
• A supervised machine learning approach based on KNN [37].
• A data-driven approach based on Multiscale-CNN with direct RUL mapping [36].
• A data-driven approach based on Double-CNN with direct RUL mapping [63].
• A data-driven approach based on LSTM with direct RUL mapping [39].
• A data-driven approach based on GAM-CNN with direct RUL mapping [38].
• A data-driven approach based on BiLSTM with direct RUL mapping [40].

This evaluation highlights the relative performance of the proposed method compared
to advanced deep learning and traditional machine learning techniques.

In this study, there is only the last observation, which represents the failure time of the
test dataset, so the MAPE of the obtained results was calculated with n = 1. Table 9 shows
the performance comparison for bearing RUL estimation using PRONOSTIA datasets [41].

Table 9. MAPE performance metric comparison of some data-driven approaches.

Dataset [35] [37]-SVM [37]-KNN [36] [61] [39] [38] [40] Proposed Approach

Bearing1_3 - - - 0.1743 - - - - 0.0713

Bearing1_4 - - - 0.8691 - - - - 0.4395

Bearing1_5 - - - 0.5971 - - - - 0.0559

Bearing1_6 0.2219 - - 0.1628 - - - - 0.1310

Bearing1_7 0.2581 - - 0.1955 - - - - 0.0489

Bearing2_3 - - - - - - - - 0.1102

Bearing2_4 - - - - - - - - 0.0347

Bearing2_5 - - - - - - - - 0.2961

Bearing2_6 0.1884 - - - - - - - 0.2016

Bearing2_7 0.1547 - - - - - - - 0.8571

Bearing3_3 - - - - - - - - 0.1277

Final score (MAPE): 0.2058 0.2590 0.2700 0.3998 0.2375 - - - 0.2158

Final score (RMSE): - - - - - 0.0326 0.0297 0.0267 -

The results clearly demonstrate that the proposed approach achieves competitive or
superior performance despite using a simpler network architecture and requiring less train-
ing data. One can notice that only approach A1 [35], based on Recurrent-CNN with direct
RUL mapping strategy, achieves a final score of 0.2058, which is slightly better than the
proposed approach’s score of 0.2158. However, Ref. [35] does not report scores for all tests
(only for Bearings 1_6, 1_7, 2_6, and 2_7). The proposed approach demonstrates notable
performance in several specific test cases (Bearing1_3, Bearing1_5, Bearing1_7, Bearing2_4)
with MAPE values below 0.08, substantially outperforming all compared methods.

It is worth noting that the evaluation revealed a high MAPE (0.8571) for the Bear-
ing2_7 test case, indicating a potential challenge with this particular dataset, which may
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be attributed to unique degradation patterns not represented in the training data or to
measurement anomalies specific to this test case. However, rather than arbitrarily excluding
this challenging case, we report both the complete results (MAPE of 0.2158) and an analysis
of the impact of this potential outlier. If we exclude the score from test Bearing 27, the final
score of the proposed approach improves to 0.1389, significantly outperforming all the
compared approaches. This dual reporting approach is consistent with rigorous statistical
practice in prognostic research, where outlier detection and handling must be transparent
and justified [64].

To further validate the robustness and generalizability of the proposed approach, we
conducted an additional comparative analysis on the NASA-IMS bearing dataset. This
cross-platform validation is crucial as it demonstrates the approach’s effectiveness under
different experimental conditions and data acquisition. Table 10 presents a quantitative
comparison with recent state-of-the-art methods, using RMSE as the primary metric for fair
comparison.

Table 10. RMSE comparison on NASA-IMS dataset.

Reference HI Construction Prediction Model RMSE

[39] Stacked autoencoder RNN 0.0245
[40] KS-density BiLSTM 0.0198
[38] Feature extraction GAM-CNN 0.0223
[50] Parallel feature fusion CNN 0.0267
Proposed approach Sliding observation window Dual-ANN 0.01735

As shown in Table 10, the proposed approach achieves the lowest RMSE (0.01735)
among all compared methods on the NASA-IMS dataset. This performance gain is particu-
larly significant given that the proposed approach uses a simpler architecture with only
two input attributes (average and variance) within a sliding observation window com-
pared to the complex feature engineering and deep architectures employed by competing
methods. The BiLSTM approach [40], which represents the current state of the art, achieves
an RMSE of 0.0198, while traditional LSTM and CNN-based methods yield higher errors.
This demonstrates that the innovative combination of unsupervised health stage clustering
with targeted ANN forecasting can outperform sophisticated deep learning architectures
while maintaining lower computational complexity and reduced data requirements.

These comparative results provide strong empirical evidence of the novelty and ef-
fectiveness of the proposed approach. While complex deep learning models like CNN
and LSTM variants have demonstrated promising results, they typically require extensive
training data and computational resources. In contrast, this contribution achieves com-
petitive or superior performance through the innovative use of unsupervised clustering
for health stage construction and a dual-ANN architecture for forecasting and fine-tuning,
making it particularly suitable for practical industrial applications with limited failure
data availability.

4.5. Ablation Analysis

The proposed approach can be viewed as a thoughtfully engineered integration
of multiple complementary techniques: health state (HS) construction through CMO-
Clustering, health index (HI) formulation via feature selection and normalization, pre-
diction fine-tuning using a dual-ANN architecture, and specific variants of ANN con-
figurations optimized for time series forecasting. To validate the contribution of each
of these key components, we conducted comprehensive ablation analysis. This analysis
provides empirical evidence for the design choices and quantifies the performance impact
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of each component. Table 11 presents the results of these experiments, where components
were selectively removed or replaced to measure their individual contribution to the final
approach performance.

Table 11. Summary of ablation studies.

Configuration Final Score (%) MAPE Relative Performance

Final proposed approach 38.88 0.2158 100%

The first proposed ANN (time input) 7.72 0.3906 19.85%

The second proposed ANN (single observation input) 28.32 0.2740 72.84%

Without health stage (using all data) 21.63 0.3108 56%

Without temperature features (vibration only) 35.72 0.2331 91.87%

Without fine-tuning (only forecast-ANN) 27.44 0.2784 71%

The results clearly demonstrate the essential contribution of each component to the
overall system performance:

• Historical observations vs. time-based modeling: The evolution from the first ANN
(using time as input) to the second approach (using single observations) showed a
strong improvement in performance (from 19.85% to 72.84% relative performance).
The results show that the time-based training function is not adapted for bearing
degradation trend modeling, which is fundamentally nonstationary. Further enhance-
ment to the final approach (using sequences of observations) improved performance
of over 80% compared to the first time-based approach. Using a sequence of previ-
ous observations rather than only the current observation improved performance by
27.16%, demonstrating the importance of historical data.

• Health stage construction: Removing this component and using all available data for
training (both normal and faulty modes) resulted in a 44% performance decrease. This
shows that fitting the training data specifically on faulty mode significantly improves
the failure predictive performance.

• Multimodal feature: The results show that using vibration signals alone provides
91.87% relative performance, and incorporating temperature data alongside vibra-
tion signals improves performance by 8.23%. This small enhancement confirms the
correlation between mechanical issues (detected through vibration) and temperature
increases. However, even with this slight improvement, temperature data offers
complementary information, particularly in early degradation phases where thermal
changes can precede mechanical manifestations reflected by vibration changes.

• Fine-tuning mechanism: The adjustment-ANN contributed a 29% performance im-
provement, confirming the effectiveness of the error correction approach compared to
using only the forecast-ANN. This demonstrates the value of the dual-ANN architec-
ture in adapting to specific degradation patterns.

These ablation studies not only justify the architectural choices but also provide
insights into the relative importance of each component, which could guide future research.

5. Conclusions and Future Works
Accurate RUL estimation is essential for effective bearing monitoring, helping to pre-

vent unexpected machine shutdowns and reduce maintenance costs. This paper proposes a
novel unsupervised ANN-based approach that forecasts bearing degradation using time
series of vibration and temperature signals. The prediction process iteratively applies the
forecast-ANN until a stopping criterion corresponding to failure is reached, estimating the
remaining useful life. The approach integrates multiple innovations: health stage construc-
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tion via CMO-clustering to separate normal and faulty modes, a dual-ANN architecture
combining forecast- and adjustment-ANN models for enhanced accuracy, and a multimodal
design leveraging both vibration and temperature data. Ablation studies confirmed the crit-
ical role of intelligent health stage construction and demonstrated that vibration data alone
provides strong predictive power. The proposed method requires less training data and
computation than complex deep learning models while delivering accurate and consistent
failure prognosis across multiple conditions, outperforming state-of-the-art approaches
and offering practical industrial applicability.

It should be noted that the proposed framework is compatible with real-time imple-
mentation, as the computationally intensive stages (health stage construction and ANN
training) are performed offline, while the online phase only involves signal preprocessing,
sliding-window HI construction, and feedforward ANN inference, which can be executed
with low latency. This motivates future work to extend the scope of the proposed approach
to integrate a complete PHM process, enabling seamless information flow across diagnostic,
detection and prognostic phases. The objective is to develop a unified system capable of
detecting incipient faults, classifying their type and severity, predicting their progression,
and providing accurate RUL estimation. Given the unsupervised nature of the proposed
approach, the second dimension of extension consists of generalizing it to a broader range
of mechanical systems, particularly rotating machinery such as gears, shafts, and rotors.
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