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Abstract
This study focuses on an accurate and reliable prediction of the remaining useful life (RUL) of
the bearings. In recent times, machine learning based RUL predictions have gained traction to
ensure safety, efficiency, and cost-effectiveness of industrial machinery. However, raw vibration
signals acquired from run-to-failure experiments are typically noisy, non-stationary, and
high-dimensional, making direct learning of degradation patterns challenging. This often
undermines the reliability of the prediction due to inconsistency in the RUL predictions at a
given time. This study proposes a reliable multi-stage prognostic framework that integrates
robust signal pre-processing, data-driven health-state classification, and deep learning-based
RUL estimation. The proposed pipeline employs a piecewise aggregate approximation for
dimensionality reduction, a singular spectrum analysis for noise suppression, and a
central-moment-based change point detection to automatically identify the onset of degradation.
Subsequently, a health index is constructed to characterize the degradation process and useful
service life. An extreme gradient boosting classifier is adopted to distinguish between healthy
and degraded operating states of the bearing using vibration response. Later, a hybrid
convolution with gated recurrent (CGR) neural network is proposed to predict the RUL. The
method is validated using multiple run-to-failure bearing datasets with different operating
conditions. The corresponding results show that the classifier achieves average F1 score of
approx. 0.993 with reliability indices >2.0, indicating a clear identification of health-state. The
proposed CGR network exhibits attractive performance, with high regression accuracy in RUL
prediction. The efficacy of the proposed network is also evaluated against state-of-the-art
methods, including bidirectional long-short-term memory recurrent neural networks, gated
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recurrent units, causal dilated convolution-based residual densenet with channel attention and
temporal convolutional network with transformer. Overall, the results confirm that the proposed
framework enables accurate, computationally efficient, and reliability-informed RUL
predictions, making it suitable for real-time condition monitoring and predictive maintenance
applications in rotating machinery.

Keywords: fault prognostics, reliability assessment of RUL predictions,
vibration signal processing, deep learning

1. Introduction

Sudden bearing failure can cause unplanned downtime in
rotating machinery and infrastructure. It requires proper main-
tenance and continuous health monitoring to ensure safety.
Frequent maintenance of such critical systems often increases
operational cost and hence, estimating the remaining ser-
vice life becomes essential. Accurate prediction of remaining
useful life (RUL) has become a potential challenge in pro-
gnostics and health management (PHM) to ensure better reli-
ability [1–3]. Conventional techniques employ the estimation
of statistical characteristics from vibration data based on the
time, frequency, and time–frequency domains. These proper-
ties are widely referred as features, and are further correlated
to determine the RUL of the bearings. Time-domain based
features such as kurtosis and peak-to-peak values help detect
bearing faults but often suffer from noise recorded in the vibra-
tion response [4]. However, the addition of frequency-domain
based features usually aides the PHMprocess for better assess-
ment. Lei et al [5] and Hu et al [6] employed ensemble empir-
ical mode decomposition to estimate RUL of bearings. This
has been further enhanced by incorporating the maximum
kurtosis deconvolution approach [7]. Tobon-Mejia et al [8]
developed a data-driven prognostic algorithm to evaluate RUL
by combining hidden Markov model (HMM) and wavelet
packet decomposition. The HMM has also been used with
dynamic principal component analysis to evaluate bearing
deterioration [9]. Similarly, an adaptive empirical wavelet
transform technique has been considered to decompose vibra-
tion signals [10]. It is selected with the highest kurtosis value
based onminimum entropy deconvolution with particle swarm
optimization. This helps reduce errors [such as mean absolute
error (MAE), root MAE (RMSE) etc] in the estimation of the
bearing RUL. However, such approaches often lack robustness
under in-field conditions due to noise sensitivity, scalability
issues, and nonlinear degradation process.

The estimation of RUL has been coupled with deep learn-
ing (DL) models for the prediction and classification of the
health-state for better performance [11]. Kankar et al [12]
applied wavelet transformation with artificial neural network
for the prediction of RUL. Soualhi et al [13] proposed using
the support vector regressionmodel with Hilbert–Huang trans-
form for the RUL analysis of ball bearings. However, these
methods proved to be less efficient and were later improved
for the service life prediction using convolutional neural net-
work (CNN) [14], its deep version (i.e. deep CNN) [15], and

the hybrid version with recurrent neural network (RNN) [16].
Nemani et al [17] considered the long-short-term memory
(LSTM) model which was further improved through a bi-
directional approach (i.e. Bi-LSTM) [18] for early detection
of bearing failures. This method assists in time series based
training of the vibration signal, where the critical signal anom-
alies may remain undetected due to sensitivity of the threshold
values.

Recently, multi-paradigm prognostics have gained increas-
ing attention that decouples health-state identification and
RUL regression. These frameworks typically involve a
degradation-state detector or classifier to identify the onset
of damage and subsequently, prediction of RUL [19–21].
These state-aware strategies have shown the capability to
reduce false prognostic activation during healthy opera-
tion and enhance prediction stability under non-stationary
operating conditions. Data-driven approaches to detect the
change-point (CP) in vibration signals have been pro-
posed for accurate identification of degradation onset. These
approaches include autoencoder-based reconstruction error
monitoring [22], central-moment variation analysis [23],
kernel-based density change detection [24], and deep feature
transition monitoring using CNN [25].

Prasad et al [26] used a piecewise aggregate approximation
(PAA) to estimate the statistical moments. A sparse encoder
was adopted for training purposes to identify the remaining
serviceable life of rolling bearings. It was observed that the
second central moment of the vibration data proves to be
a good indicator of bearing health-state, i.e. normal, incipi-
ent, and severe. Gupta et al [27] further combined singular
spectrum analysis (SSA) to reduce signal noise and used the
gated recurrent unit (GRU) model for the prediction of bear-
ing RUL. Li et al [28] suggested a causal dilated convolution
based residual densely connected network (CARDenseNET)
with channel attention. It helped improve the accuracy of the
RUL prediction as a linear function using time series data.
Cao et al [29] proposed a hybrid temporal convolutional net-
work (TCN)-transformer architecture. The model integrates
long-range temporal dependency learning from TCN with the
multidimensional attention of the transformer to enable feature
extraction from vibration data. However, continuous concaten-
ation and processing of growing feature maps in the network
increase computational effort that impacts its efficiency.

In the literature review, DL models such as CNN, LSTM,
and hybrid deep networks have improved the accuracy
of fault prognostics. However, they remain fundamentally
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deterministic, and thus the RUL estimation often suffers
uncertainty in the prediction due to the non-stationary model
learning process, error, noise, and other unknown factors [30,
31]. This affects the suitability of the DL applications for
safety-critical RUL predictions. Hence, uncertainty quanti-
fication in fault prognostics is required to assess reliability
and improve decision-making of point-based RUL estimat-
ors in the PHM process [31, 32]. Sankararaman [30] quan-
tified the uncertainty source in the ML model using Monte
Carlo simulation (MCS) and Bayesian updating. Lin and
Li [33] presented a Bayesian LSTM framework to predict
RUL and quantify uncertainty using concrete dropout, het-
eroscedastic Gaussian modeling, and MCS. This framework
has been applied to turbofan and battery datasets for RUL
estimates under uncertainty. Although it resulted in better reli-
ability, the error values (i.e. MAE and RMSE) were signi-
ficantly high. Hu et al [34] introduced a multi-scale multi-
frequency branch interactive spatio-temporal sequence predic-
tion network (M2BIST-SPNet) for RUL of railway signaling
devices. The spatial and temporal features of the signal were
trained through separate average pooling-based convolution
networks integrated by cross-branches. Although the architec-
ture focused on predictive accuracy, the reliability assessment
and uncertainty quantification of the RUL estimates remain
underexplored.

Xuan et al [35] proposed an uncertainty-aware CNN based
RUL framework that combines mean–variance estimation
with hyper-deep ensembles to jointly model aleatoric and epi-
stemic uncertainties.Xu and Zio [36] further improved the DL
model using split conformal prediction and Bayesian mod-
eling to generate adaptive intervals for uncertainty estim-
ation through variational inference. Uncertainty-aware pro-
gnostic frameworks employing deep ensembles [37], con-
formal prediction [38], and reliability-informed learning [39,
40] have highlighted the importance of calibrated pre-
diction intervals alongside point estimates. These studies
demonstrate that reliable interval prediction is essential
for translating RUL forecasts into risk-aware maintenance
decisions, particularly in safety-critical rotating machinery
applications.

However, most of these uncertainty-aware methods have
been primarily validated under controlled conditions, and
their effectiveness for vibration-driven bearing systems oper-
ating in highly non-stationary, noise-contaminated environ-
ments remains underexplored. Moreover, these approaches
typically address uncertainty at the prediction stage without
explicitly incorporating degradation-onset detection and
health-state-aware prognostic triggering, which may lead
to premature or unreliable RUL estimates during healthy
operation. Consequently, a unified vibration-driven frame-
work is required that integrates uncertainty quantification,
degradation-state identification, and reliability assessment for
robust RUL prediction of roller bearings.

This study proposes to address the issue of uncertainty in
RUL predictions through a health-state informed DL frame-
work for bearing prognostics. In the first place, extreme gradi-
ent boosting (XGBoost) is adopted to classify operating condi-
tions as healthy or degraded, enabling efficient screening with

low computational cost. This is followed by a hybrid convo-
lution with gated recurrent (CGR) neural network to estimate
RUL. It combines CNN for feature extraction capability with
GRU layers to strengthen sequential modeling. The vibration
response is preprocessed using PAA for time step reduction
and singular spectrum-based noise reduction. The framework
also incorporates probability assessment to ensure that RUL
predictions remain accurate and have better reliability under
varying operating conditions. The resulting system forms a
vibration-oriented unified PHM,which has potential for online
applications. In brevity, the main contributions of this study
can be summarized as follows:

• Development of a hybrid convolution gated RNN to improve
the RUL prediction by leveraging spatial feature extraction
and temporal sequence learning.

• Reliability assessment of DL models for bearing RUL pre-
dictions to ensure better and consistent performance at each
time instance.

• Efficient state-aware prognostic activation framework for
bearings under different operating conditions.

The remainder of this paper is structured as follows. Section 2
presents the problem formulation indicating vibration-signal
pre-processing, feature extraction, and performance metrics.
Section 3 describes the proposed bearing failure prognostic
framework, details of the XGBoost-based health classifica-
tion, and the proposed CGR-based RUL estimate. Section 4
discusses the estimation of error from the learning mod-
els and reliability assessment to check their performances.
Section 5 reports the hyperparameter optimization and per-
formance evaluation using multiple run-to-failure bearing
datasets. Finally, section 6 provides the concluding remarks
and outlines potential future research directions for the present
work.

2. Problem statement

Fault prognosis often requires contact based measurement of
responses such as strain, deformation, vibration, temperature,
and load [41]. The present study focuses on vibration based
responses measured using accelerometers as time series sig-
nals. These are further analyzed in the time, frequency and
time-frequency domains, which provides data series in terms
of time and frequency. The data series are assessed through
statistical means to determine features, as explained below.

2.1. Feature extraction

In the time and frequency domains, statistical features such
as mean, variance, skewness, and kurtosis are often con-
sidered in fault prognosis based on time and spectral data [4,
12]. Moreover, in time-series data additional features are
also included, such as root mean square (RMS), peak-to-
peak, shape factor, crest factor, impulse factor, and latitude
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factor [9, 21]. These characteristic features capture comple-
mentary aspects of vibration signals, including energy distri-
bution, impulsiveness, and spectral asymmetry for RUL eval-
uation. Often, these features are computed from the onset of
degradation, called the condition CP. In this study, a central
moment-based CP detection method is adopted. For a time-
series signal yj, themth order central moment at scale s is com-
puted from the segmented sequence as [26]

γsm =
s
n

n/s∑
k=1

(ysk− ȳs)m (1)

where k is the number of data points in each segment, ȳs

represents the mean of the segment, and n is the total num-
ber of data points. The factor s/n serves as a normalization
constant that accounts for the number of segments for the
chosen scale. Deviations in higher-order moments reflect dis-
tributional shifts in the vibration signals.

Let the mth central moment corresponding to the jth seg-
ment be denoted by γsm,j, where each segment corresponds to
the sampling time tj. A slope-based threshold T is applied to
detect the CP, marking the transition from steady operation to
the degradation regime, which is expressed as

T ⩽
(
γsm, j−1 − γsm,1
tj−1 − t1

)
·

(
tj− tj−1

γsm, j− γsm, j−1

)
(2)

where tj and tj−1 represent consecutive sampling instants cor-
responding to the jth and ( j− 1)th segments, respectively. The
threshold T ∈ [1,6] is selected based on the sensitivity of the
data [21]. The initiation of degradation is considered for the
estimation of the hj, which denotes the true normalized RUL
at the time corresponding to the jth segment. Each segment is
associated with a representative time instant tj. The index is
estimated using [27]

hj = 1−
tj− tcp
tfail − tcp

, tj ⩾ tcp (3)

where tcp denotes the detected CP and tfail is the failure time.
The index is defined between [0,1], where unity means excel-
lent condition and zero reflects complete bearing failure. The
HI remains near unity during healthy operations and decreases
monotonically after the CP occurrence. It provides a normal-
ized representation of the bearing RUL based on the fraction
of remaining life to the degradation duration. This index forms
the basis for both classification and RUL prediction. Hence,
its accuracy in the bearing fault prognosis is desirable. It can
be noted that the above formulation requires knowledge of
the failure time tfail during supervised training. During predic-
tion, the trained model can estimate the RUL directly from the
observed vibration features without accessing future failure
information. Thus, failure time is used only to construct train-
ing labels and does not introduce information leakage during
inference. This can be helpful in real-time condition monitor-
ing and predictive maintenance applications. The performance
of the predictionmodels is oftenmeasured using different pop-
ulation based metrics based on actual and predicted outcomes.

These metrics, as considered in this study, are discussed in
detail below.

2.2. Performance metrics

The performance of classification training models is usually
derived from the core components of a confusion matrix.
These occurrences are—true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN). Assume
that there are classes of data categorized as damaged and
undamaged. Here, TP and TN represent the counts of damage
and undamaged incidents that are correctly classified, respect-
ively. If the models predicted the undamaged case as damaged,
it is known as FP and vice versa, it is called FN. This helps in
formulating widely accepted evaluation indices, such as pre-
cision, recall, accuracy and F1 score.

The precision [TP/(TP+FP)] reflects the ability of theML
model to avoid false alarms by ensuring that the predicted pos-
itives are indeed correct, whereas the recall [TP/(TP+FN)]
focuses on identifying the ability of the model to minim-
ize FN cases. Accuracy [(TP+TN)/(TP+TN+ FP+FN)]
measures the overall proportion of correct predictions, includ-
ing both positive and negative outcomes. However, accuracy
can bemisleading, especially in datasets with imbalanced class
distributions, where the model may achieve high accuracy by
favoring the majority class. Further, the F1 score can be used
to achieve a balanced measure that considers both precision
and recall metrics. It is a harmonic mean of these metrics that
is calculated as

F1=
2 ·Precision ·Recall
Precision+Recall

. (4)

A high F1 score indicates that the model performs well in
terms of completeness and correctness, which is particularly
critical in applications where FN and FP are equally undesir-
able. However, these metrics lack defining a reliability based
index or score to assess the performance of the ML based
classification.

In prognostics, statistical indices like MAE [27], mean bias
error (MBE) [42], RMSE [28], coefficient of determination
(R2) [29] and adjusted coefficient of determination (R2

adj) [29]
are often adopted to quantitatively evaluate the performance
of the predictive models. These performance metrics quantify
the deviation between the true RUL values h and the predicted
values ĥ, providing insights on the accuracy and reliability of
the training models. The R2

adj is estimated using

R2
adj = 1−

(
1−R2

) N− 1
N−p− 1

(5)

where p indicates the number of predictors and R is eval-
uated as 1−

∑N
j=1(hj− ĥj)2/

∑N
j=1(hj −h̄)2. The aforemen-

tioned metrics help in error estimation and evaluate the per-
formance of the model in an overall sense. However, bearing
failure prognostics can be evaluated at different time instances.
Thus, they lack in identifying the reliability of the prediction
at any given time. This limits predictions to actionable RUL
estimates that PHM practitioners can trust and take informed
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decisions. In particular, it is preferred to have fault prognostics
that – (i) robustly detect the onset of degradation, (ii) provide
accurate point estimates of RUL, and (iii) quantify the uncer-
tainty of those estimates so that maintenance decisions can
incorporate risk. This study aims to address the above men-
tioned problem statement by reliability assessment of the pre-
diction models and development of a reliable DL based pro-
gnostic framework tailored for roller bearing applications.
This is discussed further in the following section.

3. CGR model for fault prognosis

The proposed DL-based prognostic offers classification and
prediction of RUL in a multi-paradigm manner. Initially, the
operating condition of the bearing is classified as either healthy
or unhealthy. This marks the initiation of degradation and sub-
sequently, the prediction of the residual service life. This mod-
ular approach ensures low computational cost during healthy
operation, while enabling accurate prognostics in the degrad-
ation regime. Bearing vibration signals obtained from run-
to-failure experiments are typically large, non-stationary, and
potentially contaminated with noise. Training ML models
directly on such raw signals often leads to instability and
reduced predictive accuracy. Sequential pre-processing steps
are employed to compress, smooth, and transform the signals
into informative representations to address the challenges as
explained further.

3.1. Vibration signal pre-processing

The dimensionality of the raw time series X= [x1, . . . ,xn] is
reduced using PAA [43], which partitions the signal into l
equal segments. It replaces each segment with the local mean
value, which is expressed as

y(l)j =
l
n

n
l j∑

i= n
l ( j−1)+1

xi, j = 1,2, . . . , l. (6)

The resulting compressed sequence Y= [y(l)1 , . . . ,y(l)l ] pre-
serves global trends while reducing redundancy and sup-
pressing high-frequency no . This reduction in dimension-
ality improves computational efficiency without missing the
degradation information. The compressed sequence is further
processed using SSA [44, 45]. The signal is embedded in a
Hankel trajectory matrix and decomposed into eigentriples.
A smooth reconstruction of the signal is obtained by retain-
ing components associated with dominant eigenvalues. This
effectively suppresses noise while retaining the degradation
characteristics recorded in the vibration signal. This denoising
step ensures that the subsequent extraction of features captures
the true bearing health characteristics and is not influenced by
noise. A flow of these steps to refine the feature extraction, CP
detection, and HI formulation is illustrated in figure 1.

3.2. Classification of health

Once the signal is pre-processed, each sample is represen-
ted by a feature vector zj which is inputted into XGBoost-
based ML model for health-state classification. It is a scalable

ensemble learning algorithm that constructs additive regres-
sion trees Ft to minimize a regularized objective function L
as

L=
N∑
j=1

L(yj, ŷj)+
T∑
t=1

Ω(Ft) . (7)

In the above equation, L(·) is a differentiable loss function
for classification, and Ω(Ft) is the regularization term to con-
trol the complexity of tree. It is calculated using

Ω(Ft) = Γℓ+
1
2
λ

ℓ∑
i=1

w2
i (8)

where ℓ is the number of leaves, wi denotes the respective
weight factor, Γ represents the complexity penalty, and λ is
the L2 regularization coefficient. The model is updated iterat-
ively using gradient boosting as presented in figure 2, which
follows

ŷ(t)j = ŷ(t−1)
j + ηFt (zj) . (9)

In equation (9), Ft(zj) denotes the output of the tth regression
tree evaluated in the feature vector zj with the learning rate η.
The resulting boosted model is obtained as

ŷj =
T∑
t=1

ηFt (zj) . (10)

For binary classification, the probability of degradation p̂j can
be obtained through a sigmoid function as [46]

p̂j = σ (ŷj) =
1

1+ exp(−ŷj)
. (11)

XGBoost is adopted in this study due to its robustness to noisy
features, ability to handle heterogeneous inputs, and high clas-
sification accuracy with relatively low computational cost.

3.3. Prediction of RUL

Once the degrading health-state is detected, it indicates the
presence of fault in the system. This activates a DL based
fault prognostic model to estimate the normalized RUL. The
proposed CGR architecture integrates the convolutional net-
work for the extraction of spatial features and the iterative
gated recurrent network for the temporal modeling, as shown
in figure 3. Let Xj be the input feature sequence for time step
j such that a convolutional layer applies a kernel matrix W to
capture local degradation patterns as

Sj = f(W ∗Xj+b) (12)

where ∗ denotes the convolution operator, b is the bias vec-
tor, and f(·) represents the rectified linear unit (ReLU) func-
tion. The pooling layers subsequently reduce the dimension-
ality while preserving salient information. The extracted fea-
ture maps are further processed by GRU to capture temporal
dependencies. At each time step j, the reset gate is given by

rj = σ (Wr [hj−1,Sj] + br) , (13)
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Figure 1. Pre-processing pipeline of vibration signals for feature extraction, change-point detection, and normalized RUL estimation.

Figure 2. XGBoost-based bearing health-state classification model.

and the update gate follows

uj = σ (Wu [hj−1,Sj] + bu) . (14)

In equations (13) and (14), hj represents the hidden state
encoding in temporal context, which is expressed as

hj = (1−uj)⊙hj−1 +uj⊙ h̃j (15)

where ⊙ denotes element-wise multiplication and candidate
hidden state h̃j = tanh(Wh[rj⊙hj−1, Sj] + bh).

This step is performed in an iterative manner to improve the
prediction accuracy. This enables for effective modeling of the
evolution for bearing degradation. The final hidden state in the
proposed CGR network is flattened and passed through two
fully connected (FC) layers to generate a scalar normalized
RUL estimate for the given time step.

The combined workflow of the proposed CGR network for
classification and fault prognosis is summarized in figure 4.
The process initiates with raw vibration signals from bearings

that undergo pre-processing, feature extraction, and XGBoost
based health-state classification. If any system degradation is
detected using equation (2), the CGR architecture estimates
the bearing RUL. Further, the performance of the learning
models is evaluated using metrics as discussed in section 2.2.
Additionally, reliability assessment is performed in this study
to quantify the uncertainty and reliability of the prediction
model for risk-aware prognostics applications.

4. Reliability assessment

In the present study, reliability analysis is performed for both
classification and RUL predictions. Since the classification
features binary dimensionality, the reliability assessment is
formulated based on the probability of failure. The conven-
tional estimation of the probability of failure pf requires integ-
rating unsatisfied cases [i.e. g(u)⩽ 0] as [47]

pf =
ˆ
g(u)⩽0

fU (u)du (16)
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Figure 3. Architecture of the proposed CGR network for bearing RUL prediction.

Figure 4. Schematic of the proposed CGR framework for classification and fault prognosis.

where u is the random variable in the function g(u), and fU(u)
denote the probability density function. This formulation is
discretized using population based estimation of the confusion
matrix components. Here, the probability of misclassified pre-
dictions is assessed using

pf =
FP+FN

TP+TN+FP+FN
(17)

The above expression indicates the failure of the classification
model and thus, the failure corresponds to misclassifications
in this context. Further, the reliability index β is obtained by
mapping pf to the standard normal space using [48]

β =−Φ−1 (pf) (18)

where Φ−1(·) represents the inverse cumulative distribution
function (CDF) of the standard normal distribution. It can be
noted that index β is not related to the conventional structural
reliability measure. A higher value of β indicates better clas-
sification reliability and therefore, less occurrence of misclas-
sified cases.

Similarly, reliability is also assessed to quantify the accur-
acy in the RUL predictions from the DL models. The formula-
tion estimates the proportion of predictions that do not exceed
a predefined tolerance band, say±ε [49]. This reflects the con-
sistency of the model to produce reliable predictions rather
than focusing solely on minimizing the magnitude of errors
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in an average manner. The reliability Rl for the absolute pre-
diction error (i.e. |rj|= |hj− ĥj|) is expressed as

Rl =
1
N

N∑
j=1

I(|rj|⩽ ε) . (19)

where N is the sample size of predictions. In the above
equation, I(·) denotes the indicator function, which gives unity
when the condition is satisfied and otherwise yields zero. A
value of Rl as 1 indicates that all predictions are within the
acceptable tolerance range. This implies a reliable model,
while Rl values close to zero suggest that the model frequently
produces predictions outside of the acceptable error bounds.
Thus, indicating poor reliability. In addition, the reliability of
the prognostic intervals is also evaluated using the prediction
interval coverage probability (PICP) [50] and the prediction
interval normalized average width (PINAW) [51]. The PICP
measures the proportion of true RUL values that fall within
the predicted confidence interval as [50]

PICP=
1
N

N∑
j=1

I(hj ∈ [Lj,Uj]) . (20)

The prediction intervals for the RUL estimates are construc-
ted using a non-parametric residual-based empirical quantile
method. After obtaining the point prediction ĥj, the residual rj
is calculated at each time step. The pth quantile of the residual
distribution qp is determined as F̂−1

r (p), where F̂r(·) denotes
the empirical CDF of the residuals. The empirical CDF is used
because the true distribution of residuals is unknown for the
prediction models. Thus, the prediction confidence interval
[Lj,Uj] at significance level α (i.e. at α/2 and 1−α/2 per-
centiles) is evaluated as [ĥj+ qα/2, ĥj+ q1−α/2].

In PINAW based assessment, the average width of these
intervals relative to the target variable range is evaluated
using [51]

PINAW=
1

N(hmax − hmin)

N∑
j=1

(Uj−Lj) (21)

where hmax and hmin represent the maximum and minimum
values of h, respectively. A reliable model achieves high PICP
with reasonably low PINAW, indicating accurate and limited
uncertainty. The robustness of the prediction models can also
be quantified using the Taylor skill score (TSS) given by [52]

TSS=
4(1+ c)(

σĥ
σh

+ σh
σĥ

)(
¯̂h
h̄
+ h̄

¯̂h

) , (22)

which integrates spatial correlation, bias, and variance into
a unified metric. In the above equation, σh and σĥ are the
standard deviations of the predicted values and the true obser-
vations, respectively, and c represents the spatial correlation
coefficient. The TSS ranges between [0, 1], where the lower
value indicates poor performance and vice versa. Overall,

these metrics help to evaluate probabilistic accuracy meas-
ures, variance, uncertainty, error bias, and predictive reliab-
ility. It provides a comprehensive and rigorous evaluation of
the RUL prediction models, which is demonstrated through
experimental data in the next section.

5. Results

The proposed framework is validated using run-to-failure
bearing vibration responses from the XJTU-SY and
PRONOSTIA experimental dataset [53, 54]. The XJTU-SY
dataset uses LDKUER204 type bearings with PCB 352C33
accelerometers to collect the vibration signals. The sampling
frequency is 25.6 kHz, the sampling interval is 60 s, and the
sampling time is 1.28 s. The dataset consists of 15 degradation-
bearing signals under three operating conditions with different
speeds and loads [53]. The details of the dataset nomenclature
and operating conditions are further elaborated in table 1. In
XJTU-SY dataset, the responses are recorded until failure,
which gives life-cycle data with fault modes such as outer
race, inner race, cage, and ball defects.

The PRONOSTIA dataset developed by the FEMTO-ST
Institute consists of 17 run-to-failure bearing experiments con-
ducted under three accelerated degradation operating condi-
tions [54]. The experiments end when the acceleration amp-
litude exceeds 20g, providing complete life-cycle data from
healthy operation to failure. The bearing operating conditions
include speeds of 1800, 1650, and 1500 rpm with loads of
4000, 4200, and 5000N, respectively. Based on these operat-
ing conditions, the nomenclature of the PRONOSTIA dataset
is named B1_1, . . ., B1_7, B2_1, . . ., B2_7, B3_1, B3_2, and
B3_3 in this study.

As suggested in section 3, the raw vibration signals are
segmented into fixed-length windows using PAA. Each seg-
ment is filtered for noise reduction using SSAwhile preserving
degradation trends. A total of 14 statistical features are evalu-
ated including 10 features from time-domain and four features
based on frequency-domain, as explained earlier, for each
processed time segment. Figure 5 illustrates the normalized
temporal evolution of a few vibration features such as peak,
RMS, standard deviation, and spectral variance. Further, the
CP is detected using the central moment formulation to mark
the onset of bearing failure. A normalized degrading RUL is
defined after the CP occurrence, which approaches zero at fail-
ure. This is used by theMLmodel to train the health-state clas-
sification. An ablation study is conducted based on XJTU-SY
dataset to tune the model parameters and framework for better
performance as suggested below.

5.1. Ablation study

In this section, multiple ablation studies are performed to
assess the window size for signal segments, optimal hyper-
parameters for the classification model, roles of different mod-
ules in CGR framework, and DL model configurations for
RUL. The vibration signal is divided into l segments based on
window size as per equation (6). Different window sizes (ran-
ging from 16 to 80) are considered to determine the optimal
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Table 1. Operating conditions and lifetime of the XJTU-SY bearing vibration responses [53].

Operating condition

Rotating speed Load
Dataset nomenclature (rpm) (kN) Bearing lifetime

A1_1 2100 12 2 h 3m
A1_2 2100 12 2 h 41m
A1_3 2100 12 2 h 38m
A1_4 2100 12 2 h 2m
A1_5 2100 12 52m
A2_1 2250 11 8 h 11m
A2_2 2250 11 2 h 41m
A2_3 2250 11 8 h 53m
A2_4 2250 11 42m
A2_5 2250 11 5 h 39m
A3_1 2400 10 42 h 18m
A3_2 2400 10 41 h 36m
A3_3 2400 10 6 h 11m
A3_4 2400 10 25 h 15m
A3_5 2400 10 1 h 54m

Figure 5. Illustration of the time- and frequency-domain vibration features of the XJTU-SY experimental bearing dataset.

Figure 6. Comparison of classification model performance and training time with varying window sizes for signal segmentation.

size based on performance and efficiency. The present study
adopts the XGBoost model for the classification of health-
state to detect the initiation of damage. Figure 6 illustrates that

the F1 score remains consistently high, about 0.993 across
window sizes from 16 to 64, indicating stable classification
performance. However, a significant drop in the F1 score is
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Table 2. F1 scores obtained using grid search CV, random search CV, and Bayesian optimization methods for each bearing dataset.

Dataset Grid search CV Random Search CV Bayesian optimization

A1_1 0.9890 0.9771 0.9773
A1_2 0.9758 0.9740 0.9742
A1_3 0.9969 0.9734 0.9755
A1_4 0.9996 0.9810 0.9888
A1_5 0.9993 0.9745 0.9755
A2_1 0.9970 0.9730 0.9765
A2_2 0.9859 0.9744 0.9781
A2_3 0.9847 0.9751 0.9786
A2_4 0.9995 0.9789 0.9879
A2_5 0.9916 0.9744 0.9801
A3_1 0.9914 0.9834 0.9892
A3_2 0.9914 0.9832 0.9868
A3_3 0.9998 0.9789 0.9875
A3_4 0.9958 0.9886 0.9905
A3_5 0.9976 0.9737 0.9864
Average 0.9930 0.9776 0.9823

observed at the window size of 80, suggesting a decrease
in performance beyond the optimal range. The training time
decreases monotonically as the window size increases. Hence,
a window size of 64 provides a suitable trade-off between clas-
sification accuracy and computational efficiency, achieving
near-maximum F1 score while significantly reducing train-
ing time. This value is adopted in the present study for further
assessment of the model performance.

The optimal hyperparameters for the XGBoost model
are further studied in this section using different search
strategies—grid search cross-validation (CV), random search
CV, and Bayesian optimization. The grid search CV method
explores a structured and exhaustive combination of hyper-
parameter values. This results in an optimal configuration of
the ML model with a maximum tree depth of 7, a learning rate
of 0.1, an estimator size of 200, a minimum child weight of
3, and a gamma value of 0.5. The random search CV method
optimizes the hyperparameter space in a stochastic manner.
The method optimizes performance with a reduced maximum
depth of 3, a relatively higher learning rate of 0.5, fewer estim-
ators (i.e. 100), a minimum child weight of unity, and observes
a decrease in the gamma value to 0.1. The last optimization
method considered in this study, i.e. Bayesian optimization,
adaptively updates the search strategy using probabilisticmod-
eling. In this case, the optimal hyperparameter combinations
for XGBoost are observed as maximum depth of 3, low learn-
ing rate of 1×10−2 with fewer estimators (i.e. 50), minimum
child weight of 2, and gamma value of 0.5. These results
highlight the differing search behaviors and their impact on
the set of optimal hyperparameter configurations. The optimal
hyperparameter configurations of different strategies are eval-
uated based on F1 scores as per equation (4). The results
of the XJTU-SY bearing dataset are summarized in table 2.
All strategies provided a near accurate F1 scores, however,
the grid search CV method consistently achieves the highest
scores. Based on this ablation study, the hyperparameters sug-
gested by the grid search CV methods lead to an optimal
model configuration for the bearing fault classification task.

This configuration is adopted in the classification of health-
state of bearings.

Further, the architectural sensitivity of the proposed CGR
network is studied through a series of ablation configurations
(i.e. case 1 to 10). This investigation systematically varies
the number of convolutional layers, the number of GRUs, the
learning rate, and the FC neurons as presented in table 3. Cases
1 and 2 examine the influence of shallower and deeper con-
volutional structures, respectively. Cases 3 and 4 evaluate the
impact of reducing and increasing the number of GRUs. Cases
5 to 7 analyze the learning rate sensitivity, whereas cases 8
to 10 study the effect of decreasing and increasing the FC
layer size. The results indicate that both under-parameterized
(i.e. cases 1, 3 and 8) and over-parameterized (i.e. cases 2, 4
and 9) configurations degrade performance compared to the
proposed setting, i.e. case 10. In particular, a large number of
GRUs (in case 4) and higher learning rates (in case 6) lead
to significant instability and reduced generalization capability
of the DL model. The proposed CGR configuration (i.e. case
10 with 3 convolutional layers, 32 GRUs, learning rate 0.01,
and 128 FC neurons) achieves the lowestMAE, lowest RMSE,
and highest R2 values. This demonstrates an optimal balance
between representational capacity and training stability.

Additionally, the contribution of each module to the pro-
posed CGR framework is investigated in this ablation study.
These modules include pre-precessing (i.e. PAA and SSA)
and ML models (i.e. XGBoost and CGR network) for clas-
sification and RUL prediction. Table 4 presents a system-
atic ablation study by progressively integrating PAA and SSA
into the XGBoost and proposed CGR architecture to high-
light their roles. TheML configuration without pre-processing
shows comparatively weaker regression performance and sta-
bility. The inclusion of SSA improves noise robustness and
predictive consistency, while PAA contributes to dimensional-
ity reduction and better feature representation. Joint incorpor-
ation of both pre-processing modules demonstrates substan-
tial improvement across classification and regression metrics.
These findings confirm the efficacy and complementing role
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Table 3. Ablation study of different CGR network configurations for bearing RUL predictions.

Cases Conv. Layers GRUs Learning rate FC Neurons MAE RMSE R2

Case 1 2 32 1× 10−2 128 0.096 0.126 0.809
Case 2 4 32 1× 10−2 128 0.096 0.125 0.814
Case 3 3 16 1× 10−2 128 0.094 0.123 0.818
Case 4 3 64 1× 10−2 128 0.181 0.231 0.359
Case 5 3 32 1× 10−3 128 0.091 0.122 0.822
Case 6 3 32 2× 10−2 128 0.250 0.289 −0.003
Case 7 3 64 2× 10−2 128 0.105 0.132 0.792
Case 8 3 32 1× 10−2 64 0.094 0.123 0.818
Case 9 3 32 1× 10−2 256 0.250 0.289 −0.001
Case 10 3 32 1× 10−2 128 0.006 0.008 0.999

Table 4. Ablation study of different module combinations under the proposed CGR framework.

PAA SSA XGBoost CGR network F1 Score MAE RMSE R2

— — ✓ ✓ 0.989 0.241 0.335 0.450
— ✓ ✓ ✓ 0.992 0.208 0.263 0.577
✓ — ✓ ✓ 0.991 0.199 0.247 0.725
✓ ✓ ✓ ✓ 0.993 0.006 0.008 0.999

Figure 7. Health-state classification confusion matrices for A1_1 dataset using (a) grid search CV, (b) random search CV, and (c) Bayesian
optimization.

of all modules considered in the proposed framework. Overall,
the sequential and combined integration is essential to achieve
optimal classification and predictive accuracy.

5.2. Health classification

The XGBoost classifier with grid search CV based optimized
hyperparameters is trained to distinguish between healthy and
degraded states of the XJTU-SY dataset. Figure 7(a) illustrates
the confusion matrix for the A1_1 dataset to assess the classi-
fication performance of XGBoost. The model correctly iden-
tifies 7973 samples as belonging to the damaged class (i.e.
TP) and 4496 samples as undamaged (i.e. TN). However, it
suffers from a few misclassifications with 112 occurrences
of FP and 64 time steps of FN. This number becomes lar-
ger in the case of hyperparameters tuned using the random
search CV, and the Bayesian optimization methods as shown
in figures 7(b) and (c), respectively. Moreover, the high con-
centration of predictions along the diagonal highlights the
strong discriminative capability of the classifier. Figure 8 illus-
trates the t-distributed stochastic neighbor embedding (t-SNE)
feature distribution for this dataset. The t-SNE plot reveals

two well-separated clusters corresponding to the unhealthy
(i.e. class 0) and healthy (i.e. class 1) conditions. This high-
lights the effective class-specific separability training of the
XGBoost based model. The clear clustering behavior demon-
strated by the proposed classifier strengthens the robustness
of the health-state classification. Further, the performance of
the XGBoost classifier is compared to other state-of-the-art
ML models such as decision tree (DT), random forest (RF),
naive Bayes, and support vector machine (SVM), as shown in
table 5. Here, the optimal hyperparameters of the ML mod-
els are tuned based on the grid search CV. DT and RF based
classifiers perform well with F1 scores of 0.9742 and 0.9889,
respectively. However, it is marginally less than the perform-
ance of XGBoost model adopted in the present study. This
strengthens the choice of the ML model for efficient classi-
fication of bearing health-state.

In this study, the reliability of classification based learn-
ing is computed using equation (18). The reliability index β
is calculated for the classification of each XJTU-SY dataset
as shown in table 6. It indicates a quantitative measure of
the robustness of the classifier model under different bear-
ing operating conditions. The highest probability of failure
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Figure 8. t-SNE visualization of the health-state classification of A1_1 dataset using XGBoost.

Table 5. F1 scores of different ML models hypertuned using grid search CV for classification of the bearing health using the XJTU-SY
dataset.

Dataset DT RF Naive bayes SVM XGBoost

A1_1 0.9634 0.9741 0.6392 0.8238 0.9890
A1_2 0.9594 0.9700 0.4410 0.8054 0.9758
A1_3 0.9734 0.9909 0.9660 0.9411 0.9969
A1_4 0.9967 0.9975 0.9966 0.9966 0.9996
A1_5 0.9694 0.9962 0.9671 0.7477 0.9993
A2_1 0.9942 0.9950 0.9268 0.9279 0.9970
A2_2 0.9660 0.9772 0.7048 0.7729 0.9859
A2_3 0.9564 0.9802 0.7707 0.8217 0.9847
A2_4 0.9870 0.9946 0.9484 0.7184 0.9995
A2_5 0.9679 0.9866 0.7714 0.6709 0.9916
A3_1 0.9547 0.9903 0.9847 0.6815 0.9914
A3_2 0.9550 0.9924 0.9487 0.7482 0.9914
A3_3 0.9959 0.9985 0.9268 0.9268 0.9998
A3_4 0.9882 0.9938 0.9516 0.8862 0.9958
A3_5 0.9851 0.9964 0.8512 0.9413 0.9976
Average 0.9742 0.9889 0.8530 0.8274 0.9930

pf is observed to be 0.0192 and the lowest value is reported
as 0.0003. Accordingly, the reliability index β is estimated
between 2.0706 and 3.4316 for the XGBoost classifier using
XJTU-SY dataset. The results correspond to a low misclas-
sification probability by the ML model, and thus establishes
the performance of the XGBoost classifier model in reliability
sense too.

The PRONOSTIA bearing dataset is also considered for
classification of health-state to further demonstrate the robust-
ness and dataset independence of the proposed model. Table 7
presents the classification performance of the XGBoost model
across different PRONOSTIA bearing degradation datasets. It
is observed that the adopted classifier consistently results in
a high precision, recall, accuracy, and F1 score with average
values of 0.9905, 0.9966, 0.9891, and 0.9935, respectively.

This indicates a strong discriminative capability, and well-
balanced performance across varying operating conditions.
The FN instances are observed to be low which ensure that
degraded bearing conditions are not misclassified as healthy.
This observation is critical in safety-oriented PHM applic-
ations. The highest probability of failure pf is observed to
be 0.0223 and the lowest value is reported as 0.0017. Also,
the corresponding reliability index β of the classifier model
remains consistently high with minimum and maximum val-
ues of 2.0084 and 2.9244, respectively. It reflects low misclas-
sifications probability and stable degradation-state identifica-
tion. The stable classification metrics across multiple acceler-
ated degradation regimes further demonstrate the robustness
and generalization capability of the XGBoost-based health-
state identification within the proposed framework.
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Table 6. Reliability index β computed for each bearing dataset based on misclassification.

Dataset TP TN FP FN β

A1_1 7973 4496 112 64 2.2001
A1_2 6371 9799 235 81 2.0706
A1_3 15 139 947 94 1 2.5181
A1_4 12 439 44 9 1 3.1559
A1_5 3994 1325 6 0 3.0618
A2_1 46 496 3506 240 40 2.5364
A2_2 8601 7640 243 3 2.1727
A2_3 32 405 21 167 72 935 2.0858
A2_4 3072 1226 2 1 3.1947
A2_5 18 516 15 884 170 144 2.3656
A3_1 245 634 10 207 2500 1750 2.1370
A3_2 249 104 2186 1700 2600 2.1248
A3_3 35 231 2745 14 0 3.3528
A3_4 147 404 6492 940 300 2.4089
A3_5 880 10 789 3 1 3.4316

Table 7. Classification of health-state using XGBoost model on PRONOSTIA bearing dataset.

Dataset TP TN FP FN Precision Recall Accuracy F1 Score pf β

B1_1 13 610 8314 450 50 0.9680 0.9963 0.9777 0.9820 0.0223 2.0084
B1_2 6515 304 120 31 0.9819 0.9953 0.9783 0.9885 0.0217 2.0198
B1_3 10 420 4680 193 107 0.9818 0.9898 0.9805 0.9858 0.0195 2.0646
B1_4 8690 2570 110 54 0.9875 0.9938 0.9856 0.9907 0.0144 2.1862
B1_5 19 050 620 27 7 0.9986 0.9996 0.9983 0.9991 0.0017 2.9244
B1_6 18 720 790 64 5 0.9966 0.9997 0.9965 0.9982 0.0035 2.6946
B1_7 17 440 590 31 11 0.9982 0.9994 0.9977 0.9988 0.0023 2.8305
B2_1 6900 285 17 86 0.9975 0.9877 0.9859 0.9926 0.0141 2.1936
B2_2 5985 355 24 12 0.9960 0.9980 0.9944 0.9970 0.0056 2.5335
B2_3 15 380 135 109 16 0.9930 0.9990 0.9920 0.9960 0.0080 2.4093
B2_4 5750 130 113 15 0.9807 0.9974 0.9787 0.9890 0.0213 2.0275
B2_5 17 930 510 41 7 0.9977 0.9996 0.9974 0.9987 0.0026 2.7948
B2_6 5410 183 15 5 0.9972 0.9991 0.9964 0.9982 0.0036 2.6909
B2_7 1768 42 24 6 0.9866 0.9966 0.9837 0.9916 0.0163 2.1369
B3_1 3875 205 30 10 0.9923 0.9974 0.9903 0.9949 0.0097 2.3374
B3_2 12 380 510 143 63 0.9886 0.9949 0.9843 0.9917 0.0157 2.1520
B3_3 2425 1035 7 5 0.9971 0.9979 0.9965 0.9975 0.0035 2.7010

5.3. Reliability assessment of RUL predictions

Once degradation is detected through the classifier, as
explained earlier, the fault prognosis is activated to estimate
the RUL of the bearings. The CGR network proposed in this
study consists of three one-dimensional convolutional layers
with a kernel size of three and a ReLU activation function. It
has two average pooling layers for dimensionality reduction,
which is followed by a GRU layer with 32 units to capture
sequential dependencies. Finally, two FC layers of 128 neur-
ons and 1 neuron are selected for regression output. The model
is trained using Adam optimizer with a learning rate of 0.01, a
batch size of 32, and 100 epochs. These hyperparameters are
selected based on better prediction performance, and the pro-
posed algorithm does not limit the choice of hyperparameters.
The RUL prediction using the aforementioned hyperparamet-
ers and configuration is performed for all bearing cases used
in this study.

Figure 9 represents the performance metrics of the pro-
posed CGR network using XJTU-SY dataset. The average
MAE, RMSE and R2 values for the bearing dataset are
observed to be 0.006, 0.008 and 0.999, respectively. Figure 10
illustrates the prediction of RUL of five bearings cases, viz.
A1_3, A1_4, A1_5, A2_1, and A2_2 using the proposed CGR
network. This estimation closely follows the actual bearing
degradation trajectory after the occurrence of CP. The strong
agreement in trend between the predicted and the true val-
ues of RUL supports the effectiveness of the proposed DL
network. Moreover, in this study the prediction of RUL from
other state-of-the-art methods such as CNN [14], LSTM [17],
Bi-LSTM [18], GRU [27], CARDenseNet [28] and TCN-
transformer [29] are compared as shown in figures 11–16,
respectively. It is observed that LSTM, Bi-LSTM and CNN
yield significant errors for the bearing dataset. This reflects a
crucial PHM issue where the regression model of RUL pre-
diction faces challenges despite a monotonic degradation due
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Figure 9. Performance comparison of the proposed CGR network in terms of MAE, RMSE, and R2 for different bearing cases.

Figure 10. RUL predictions for (a) A1_3, (b) A1_4, (c) A1_5, (d) A2_1, and (e) A2_2 using the proposed hybrid CGR network.

to non-stationary characteristics of vibration signal. The pre-
diction error is reduced by application of dense networks and
transformer learning such as CARDenseNet [28] and TCN-
transformer [29], however the proposed hybrid CGR performs
better. This can be further summarized by estimating the stat-
istical moments (i.e. mean, standard deviation, skewness, and
kurtosis) of the error and absolute error, MAE, RMSE, MBE
R2, and R2

adj as shown in table 8. The mean errors in the predic-
tion of RUL from the DL networks considered in the study are
often close to zero, indicating unbiased predictions. The mag-
nitude of the mean error from LSTM, GRU, CARDenseNet,
TCN-transformer and the proposed CGR is ⩽ 0.01. However,
the standard deviations are high for the LSTM and GRU

models. In case of CARDenseNet and TCN-transformer, the
standard deviations of error are 0.041 and 0.038, respect-
ively, which is higher than the proposed CGR network (i.e.
0.008). Similar observations can be noted in the case of abso-
lute errors, here the proposed network performs better with a
MAE of 0.006, and the standard deviation of absolute error is
0.005. Further, the CGR network achieves the lowest absolute
error statistics (i.e. MAE is 0.006, RMSE is 0.008, andMBE is
0.001), and the prediction fits the actual RUL trend well with
R2 and R2

adj of 0.999. This demonstrates a superior predict-
ive accuracy and stability, which is better than CARDenseNet
where the MAE, RMSE, and R2 values are found to be 0.035,
0.045, and 0.975, respectively. The conventional recurrent
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Figure 11. RUL predictions for (a) A1_3, (b) A1_4, (c) A1_5, (d) A2_1, and (e) A2_2 using CNN.

Figure 12. RUL predictions for (a) A1_3, (b) A1_4, (c) A1_5, (d) A2_1, and (e) A2_2 using LSTM model.

architectures (i.e. LSTM, Bi-LSTM and GRU) show a larger
error dispersion, indicating a relatively poor fit on the evalu-
ated dataset.

Further, the reliability assessment of the prediction mod-
els is performed based on different metrics as discussed in
section 4. At first, the error in the prediction is calculated
for each time step using true or actual RUL as discussed
earlier. The probability mass function of the prediction errors
is estimated for all bearing cases and DL models as adopted in
this study. It provide the distribution of the prediction errors
and illustrates model bias, if any. DL models with wider and

asymmetric distributions indicate higher variability and dir-
ectional bias in the predictions. Figure 17 presents the dis-
crete probability distribution of error in the prediction of RUL
for bearing A1_3 using different DL models. In consistency
with the previous results, it is observed that variability and
shift in the probability distributions are least in the case of
the proposed CGR network compared to the other DL mod-
els used in this study. Additionally, uncertainty and reliabil-
ity measures are also studied in this work to assess the per-
formance of the DL model for bearing fault prognosis. These
measures include PICP, PINAW, and TSS calculated using
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Figure 13. RUL predictions for (a) A1_3, (b) A1_4, (c) A1_5, (d) A2_1, and (e) A2_2 using Bi-LSTM model.

Figure 14. RUL predictions for (a) A1_3, (b) A1_4, (c) A1_5, (d) A2_1, and (e) A2_2 using GRU model.

equations (20)–(22), respectively. Consistent performance is
reported for the proposed network based on PICP, PINAW,
and TSS with values 0.950, 0.032, and 0.996, respectively,
as presented in table 8. Other state-of-the-art models, such as
CARDenseNet [28] and TCN-transformer [29], also perform
fairly with comparable results in these reliability metrics, how-
ever the hybrid CGR network still yields better results. The
other DL models used in this study, i.e. CNN, LSTM, Bi-
LSTM, and GRU exhibit wider prediction intervals with lar-
ger PINAW values (i.e.>1) and low TSS values as reported in
table 8.

Figure 18 illustrates the failure time steps of different DL
models assuming a threshold ε of 0.02. In equation (19), these
instances are noted as failure cases due to the exceedance
of the limit state condition. This failure occurrence marks
the poor performance of the RUL model prediction for the
given time step, and it is not related to bearing failure. The
threshold value can be suggested by the user as per the
PHM operational requirement. For brevity, only five bearings
cases (i.e. A1_3, A1_4, A1_5, A2_1, and A2_2) are presen-
ted in figure 18. It can be observed that CNN and recur-
rent architectures (i.e. Bi-LSTM, LSTM and GRU) have high
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Figure 15. RUL predictions for (a) A1_3, (b) A1_4, (c) A1_5, (d) A2_1, and (e) A2_2 using CARDenseNet.

Figure 16. RUL predictions for (a) A1_3, (b) A1_4, (c) A1_5, (d) A2_1, and (e) A2_2 using the TCN-transformer.

variability, and failure cases are significantly away from the
limit state. The CARDenseNet [28] and TCN-transformer [29]
show limited variability from the limit state, while the pro-
posed CGR network witnesses only a few failure cases. The
observation can be further noted in the reliability assess-
ment through varying threshold values as shown in figure 19.
This reflects the reliability of the proposed method, which
provides a low probability of failure in estimating the bear-
ing prognostics. The results highlight the consistent behavior
of the RUL predictions at different time instances through

the proposed hybrid CGR network. It can be observed that
the reliability of other DL networks such as CNN, LSTM,
Bi-LSTM, and GRU is very low (i.e. 0.050, 0.040, 0.056,
and 0.074, respectively, for ε= 0.02) for the bearing data-
set considered (i.e. A1_3). Although, CARDenseNet [28] and
TCN-transformer [29] improve the reliability to 0.380 and
0.487, respectively, but the proposed hybrid network out-
performs it with a reliability value of 0.986 (for ε= 0.02).
Overall, both point-prediction and interval-based metrics
indicate that the proposed CGR network performs with
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Figure 17. PDF of error in RUL prediction of A1_3 using (a) CNN, (b) LSTM, (c) Bi-LSTM, (d) GRU, (e) CARDenseNet, (f) TCN
transformer and (g) the proposed CGR network.

Table 8. Summary of error statistics, regression metrics and uncertainty measures for the evaluated models.

Metric Bi-LSTM LSTM CNN GRU CARDenseNet TCN Proposed CGR

Mean of error 0.104 −0.001 0.062 0.010 −0.004 −0.019 −0.001
Std. of error 0.533 0.661 0.437 0.281 0.041 0.038 0.008
Skewness of error −0.051 −0.041 0.124 0.006 −0.566 0.297 0.032
Kurtosis of error 2.904 2.958 3.102 2.964 4.460 3.103 3.206
Mean of abs. error 0.429 0.530 0.340 0.220 0.035 0.037 0.006
Std. of abs. error 0.331 0.393 0.279 0.175 0.028 0.024 0.005
Skewness of abs. error 0.880 0.979 1.003 0.912 1.330 0.075 1.062
Kurtosis of abs. error 3.196 3.905 3.611 3.279 5.818 3.126 3.847
MAE 0.429 0.530 0.340 0.220 0.035 0.037 0.006
RMSE 0.541 0.659 0.440 0.281 0.045 0.055 0.008
R2 −2.471 −4.152 −1.290 0.067 0.975 0.949 0.999
R2
adj −2.493 −4.184 −1.305 0.061 0.975 0.949 0.999

MBE −0.104 0.001 −0.062 −0.010 0.004 0.001 0.001
PICP 0.876 0.905 0.877 0.907 0.950 0.945 0.950
PINAW 2.138 2.557 1.833 1.132 0.169 0.065 0.032
TSS 0.192 0.000 0.326 0.650 0.966 0.991 0.996

accurate and reliable RUL estimates among the evaluated
models.

The above discussion establishes the superior performance
of the proposed CGR network for a reliable assessment of
bearing prognostics. Figure 20 illustrates the reliability assess-
ment of the bearings considered in the XJTU-SY dataset.

Different thresholds (i.e. ε ranging from 0.01 to 0.04) are con-
sidered for the construction of the limit state and reliability
assessment. This marks a critical outcome of the study that
provides the probabilistic significance of the bearing service
life prediction byDLmodels and hence, helps in decisionmak-
ing of PHM.
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Figure 18. Illustration of the RUL prediction errors beyond the threshold value using different networks for (a) A1_3, (b) A1_4, (c) A1_5,
(d) A2_1 and (e) A2_2.

Figure 19. Reliability assessment of the DL models for A1_3 bearing RUL predictions at different error thresholds ε.

Figure 20. Reliability assessment of RUL predictions of XJTU-SY dataset bearings using the proposed hybrid CGR network.
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Figure 21. RUL predictions for (a) B1_1, (b) B1_2, (c) B2_1, (d) B2_2, and (e) B3_2 of PRONOSTIA dataset using the proposed hybrid
CGR network.

Table 9. Performance metrics of the RUL predictions based on the proposed CGR network using PRONOSTIA bearing dataset.

Bearings Mean err. Std err. Skew err. Kurt err. MAE RMSE R2 Adj R2 MBE PICP PINAW

B1_1 −0.002 674 0.041 745 −0.0916 3.0058 0.033 0.042 0.979 0.979 0.0027 0.95 0.1680
B1_2 −0.000 659 0.044 016 0.1430 2.9307 0.035 0.045 0.977 0.977 0.0007 0.95 0.1706
B1_3 −0.005 674 0.045 360 0.2421 3.2860 0.036 0.045 0.964 0.964 0.0035 0.95 0.1630
B1_4 0.000 842 0.042 731 0.2284 3.3016 0.034 0.044 0.977 0.977 0.0020 0.95 0.1720
B1_5 −0.000 517 0.043 988 0.2567 3.2699 0.034 0.046 0.965 0.965 0.0020 0.95 0.1740
B1_6 0.000 731 0.042 665 0.2420 3.2947 0.036 0.047 0.975 0.975 0.0035 0.95 0.1680
B1_7 0.000 468 0.043 421 0.2335 3.2781 0.035 0.045 0.976 0.976 0.0020 0.95 0.1790
B2_1 −0.000 911 0.043 142 −0.0725 3.6698 0.033 0.040 0.978 0.977 0.0009 0.95 0.1795
B2_2 −0.003 522 0.045 360 0.3972 2.7607 0.036 0.045 0.979 0.979 0.0035 0.95 0.1649
B2_3 0.000 902 0.042 889 0.2476 3.2924 0.033 0.042 0.980 0.980 0.0010 0.95 0.1660
B2_4 0.000 389 0.043 601 0.2388 3.2811 0.034 0.042 0.975 0.975 0.0020 0.95 0.1760
B2_5 −0.000 714 0.042 998 0.2449 3.2969 0.035 0.045 0.980 0.980 0.0035 0.95 0.1800
B2_6 −0.000 553 0.043 311 0.2366 3.2844 0.036 0.045 0.970 0.970 0.0010 0.95 0.1660
B2_7 0.000 668 0.043 044 0.2417 3.2888 0.032 0.040 0.970 0.970 0.0010 0.95 0.1690
B3_1 −0.000 581 0.043 277 0.2391 3.2840 0.031 0.040 0.979 0.979 0.0020 0.95 0.1770
B3_2 0.002 535 0.041 496 0.8344 4.0630 0.032 0.040 0.980 0.980 0.0010 0.95 0.1817
B3_3 0.000 623 0.043 109 0.2432 3.2894 0.033 0.043 0.970 0.970 0.0010 0.95 0.1760
Average −0.000 509 0.043 303 0.2415 3.2869 0.034 0.043 0.975 0.975 0.0020 0.95 0.1724

A similar exercise is performed for the 17 bearings in the
PRONOSTIA dataset. The RUL predictions are performed
once degradation in the bearing vibration signal is detected
through the classifier. The architecture and hyperparameters
of the proposed hybrid CGR network remain unchanged as
discussed earlier. Figure 21 illustrates the RUL predictions of
the PRONOSTIA dataset using the proposed network. In con-
cise, prediction of five bearing cases (i.e. B1_1, B1_2, B2_1,
B2_2, and B3_2) are shown here to establish the merit. The
estimation follows a similar performance with the actual bear-
ing service life trajectory. The statistical outcomes from the

RUL predictions of all the bearing under this dataset are sum-
marized in table 9. The average values of the metrics show low
scores of error (i.e. MAE = 0.034, RMSE = 0.043, and MBE
= 0.002) and high values of R2, and R2

adj (i.e. 0.975). The reli-
ability metrics such as PICP and PINAW also yield decent per-
formance with scores of 0.95 and 0.17, respectively. These res-
ults demonstrate a strong agreement with outcomes observed
earlier compared to the state-of-the-art networks considered in
this study. Further, the results of the proposed CGR network
are compared with the TCN-transformer based on the previous
performance. Reliability assessment is performed for B1_1
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Figure 22. Reliability assessment of the DL models for B1_1 bearing RUL predictions at different error thresholds ε.

Figure 23. Reliability assessment of RUL predictions of PRONOSTIA dataset bearings using the proposed hybrid CGR network and
TCN-transformer model.

bearing casewith different thresholds as presented in figure 22.
The results clearly delineate the superiority of the proposed
DL model in providing reliable RUL predictions. This obser-
vation can be further reinforced for all other bearings as shown
in figure 23. It highlights the significant gain in the reliability
of RUL predictions for all bearings in this dataset. The assess-
ment of the two datasets with different operating conditions
tests the robustness and efficacy of the proposed hybrid CGR
framework.

6. Conclusion

This paper presents a reliability assessment of prognostic
frameworks for roller bearings. Additionally, a DL frame-
work is proposed that combines robust signal pre-processing,
XGBoost-based health-state classifier, and a hybrid con-
volution with gated recurrent network for RUL prediction
with uncertainty quantification. It follows a PAA compres-
sion before singular spectrum-based denoising, and central
moment-based change point detection. Furthermore, the signal
features in the statistical sense are evaluated based on time-

and frequency-domains, which act as inputs for training the
classifier and DL network. XGBoost classifier is adopted for
low-cost monitoring and timely detection of health degrada-
tion. It yields consistent high classification performance with
an average F1 score of approx. 0.993, and reliability index of
>2.0. This indicates a low misclassification probability and
better reliability in identifying the health-state of the bear-
ings. Once unhealthy, a hybrid architecture using convolu-
tion with iterative gated RNN (i.e. CGR) is proposed to pro-
duce point and interval estimates of bearing service life. The
proposal is tested on multiple run-to-failure bearing datasets
with different operating conditions to demonstrate the effect-
iveness of the approach and reliability assessment with state-
of-the-art prediction models such as CNN, LSTM, Bi-LSTM,
GRU, CARDenseNet, and TCN-transformer. In RUL predic-
tions, the proposed CGR network performs better under point-
prediction accuracy with MAE of 0.006, RMSE of 0.008, and
R2 of 0.999 for XJYU-SY bearing dataset. This efficacy is
reflected in the probabilistic assessment with PICP of 0.95,
PINAW of 0.032, and TSS of 0.996. In reliability assessment,
the proposed network obtains significantly better reliability
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in RUL predictions which outperforms the other DL mod-
els considered in the study. The study highlights the usage of
probabilistic-based metrics to enhance reliability of DL mod-
els for accurate predictions at each time step.

Beyond performance improvements, the framework
emphasizes computational prudence by invoking the com-
putationally intensive RUL estimator only when degrada-
tion is detected, making it suitable for online or embedded
monitoring systems. The future work will focus on integrat-
ing online learning, domain-adaptation techniques to handle
changing operating conditions, and coupling prognostics with
cost-based decision models to translate probabilistic RUL
forecasts into optimized PHM policies.
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