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Abstract

Accurate remaining useful life (RUL) prediction of rolling bearings is important for
condition-based maintenance. This study proposes an interpretable rolling RUL prediction
framework integrating adaptive multidomain degradation representation, prognostic-stage
localization, and differential Gaussian process regression (Diff-GPR). A 48-dimensional
feature pool is extracted from six vibration domains, and bearing-specific degradation-
sensitive subsets are selected using monotonicity, trendability, robustness, and redun-
dancy criteria. The retained features are directionally aligned, percentile-normalized,
equally fused, and smoothed to construct a fusion virtual health indicator (Fusion-VHI).
A two-stage localization strategy identifies sustained degradation onset and the subse-
quent prediction-ready point, after which Diff-GPR models multiscale degradation in-
crements and recursively updates failure time and RUL. The framework was evaluated
on all 15 bearings from the Xi’an Jiaotong University–Changxing Sumyoung Technology
(XJTU-SY) dataset and all 17 bearings from the 2012 Prognostics and Health Management
(PHM2012)/PRONOSTIA dataset. Full final rolling prediction coverage was achieved,
with mean absolute error/root-mean-square error (MAE/RMSE) values of 6.33/7.26 min
on XJTU-SY and 6.03/6.98 min on PHM2012, and overall values of 6.17/7.11 min. Repre-
sentative 99% predictive intervals achieved 100% prediction-interval coverage probability,
while signed-error analysis identified 13 early and 19 late final predictions with an overall
mean signed error of +1.77 min.

Keywords: rolling bearing; remaining useful life; health indicator; degradation feature
selection; differential Gaussian process regression; rolling prediction

1. Introduction
Rolling bearings are key components of rotating machinery and are widely used in

manufacturing, transportation, wind turbines, and power-generation systems. Bearing
degradation can increase vibration, reduce operating accuracy, cause unplanned shut-
downs, and damage nearby components. Accurate remaining useful life (RUL) predic-
tion is therefore important for condition-based maintenance and prognostics and health
management [1,2]. Prognostics and health management (PHM) provides a systematic
framework for monitoring degradation, assessing system health, and forecasting future
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failure to support proactive maintenance decisions [3]. RUL is the operating time from
the current observation to a specified failure threshold [1,4]. Unlike fault diagnosis, RUL
prediction must infer future degradation from incomplete and uncertain observations. Run-
to-failure datasets such as XJTU-SY support the development and evaluation of bearing
prognostic methods under different operating conditions [5]. Reliable RUL prediction
requires an informative degradation representation, an appropriate prediction stage, and
accurate trajectory extrapolation.

Feature-based data-driven methods retain explicit degradation variables and provide
an interpretable link between vibration signals and health assessment. Javed et al. [6]
transformed multidimensional vibration measurements into a prognostic health repre-
sentation. Guo et al. [7] combined time–frequency and related-similarity features, se-
lected degradation-sensitive variables, and constructed an RNN-based health indicator.
Xu et al. [8] proposed an unsupervised method for constructing health indicators. Recent
studies have also used nonlinear feature selection [9] and multilevel dynamic evaluation
with uncertainty modeling [10]. These studies show the importance of feature evaluation
and health-indicator construction, but a preset feature set, dimensionality, or fusion rule
may not suit all bearing degradation trajectories.

Deep learning can learn nonlinear degradation patterns and temporal dependencies
from raw vibration signals or feature sequences—early studies combined autoencoders,
deep neural networks, and convolutional models [11,12]. Recent work has examined
Transformer, BiLSTM, TCN, transfer learning, attention, and graph-based models [13–25].
These models can capture complex patterns, but their performance depends on the available
run-to-failure data, network design, hyperparameters, and computing resources.

Statistical and other non-deep-learning methods offer a more transparent route for
degradation modeling and trajectory extrapolation. Si et al. [4] reviewed statistical RUL
methods based on stochastic processes, filtering, and regression. Gaussian process regres-
sion (GPR) models nonlinear functions and provides predictive means and variances [26].
Previous studies have applied composite-kernel GPR [27], integrated GPR [28], and adap-
tive ensemble GPR [29] to bearing prognosis. Nonlinear Wiener process models [30] and
trajectory similarity methods [31] have also been studied. However, their performance
depends on the degradation representation and on the length and maturity of the observed
segment. A fixed feature number or fusion rule may not suit bearing-specific trajectories,
while a short or noisy segment can produce an unreliable degradation rate. These limi-
tations motivate adaptive degradation representation, prediction-stage localization, and
regularized increment-based extrapolation.

Recent developments in vibration-based condition monitoring and structural health
monitoring (SHM) have further emphasized the importance of informative and inter-
pretable signal representations. Civera and Surace [32] reviewed non-destructive techniques
for condition monitoring and SHM and highlighted the importance of damage-sensitive
vibration information for machinery and structural assessment. Civera et al. [33] introduced
Teager–Kaiser energy cepstral coefficients as effective vibration-based damage-sensitive
features for SHM applications. In rolling-bearing diagnosis, Spirto et al. [34] combined
symmetrized-dot-pattern indices with a feedforward neural network for fault detection,
while Chen et al. [35] developed an interpretable wavelet Kolmogorov–Arnold convolu-
tional LSTM for spatial–temporal fault-feature extraction. Although these studies mainly
address condition monitoring and fault diagnosis rather than RUL prediction, they further
demonstrate the importance of robust, degradation-sensitive, and interpretable vibration
representations for machinery health assessment.

Based on the above considerations, this study develops an interpretable framework
for rolling-bearing RUL prediction by integrating adaptive multidomain degradation
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representation, prediction-stage localization, and rolling differential Gaussian process
regression (Diff-GPR). The main contributions of this study are summarized as follows:

(1) An adaptive multidomain feature-selection and fusion method is developed to con-
struct a degradation-sensitive health indicator while reducing the influence of redundant
vibration features and accommodating bearing-specific degradation characteristics.

(2) A two-stage prognostic localization strategy is established to identify persistent
departure from the healthy state and subsequently determine when sufficient degradation
information has accumulated for reliable RUL modeling.

(3) A rolling differential Gaussian process regression (Diff-GPR) method is developed
to model multiscale degradation increments rather than directly extrapolating the abso-
lute health-indicator level, enabling the degradation trajectory and RUL estimate to be
progressively updated as new observations become available.

The proposed framework is evaluated on the XJTU-SY and PHM2012 run-to-failure
bearing datasets. In addition to conventional RUL prediction errors, rolling-stage prediction
performance, prediction coverage, uncertainty, and comparative results are examined to
provide a broader assessment of the proposed method.

The remainder of this paper is organized as follows. Section 2 introduces the XJTU-
SY and PHM2012 datasets and the associated data-preprocessing procedures. Section 3
presents the adaptive Fusion-VHI construction, prognostic-stage localization, and rolling
Diff-GPR methodology. Section 4 reports the experimental results and comparative analyses.
Section 5 discusses the principal findings and limitations, and Section 6 concludes the paper
and outlines directions for future work.

2. Materials
2.1. XJTU-SY Bearing Dataset and Evaluation Protocol

The Xi’an Jiaotong University–Changxing Sumyoung Technology (XJTU-SY) acceler-
ated life-test dataset was used as the first experimental dataset [5]. It contains complete
run-to-failure vibration measurements from 15 LDK UER204 rolling bearings tested under
three operating conditions, with five bearings assigned to each condition. Figure 1 shows
the XJTU-SY test rig used in the accelerated life tests. The three operating conditions differ
in rotational speed and radial load, as summarized in Table 1.

Table 1. Main operating conditions of the XJTU-SY bearing dataset.

Operating Condition Rotational Frequency Rotational Speed Radial Load Bearing Identifiers

Condition 1 35 Hz 2100 rpm 12 kN Bearing1_1–Bearing1_5
Condition 2 37.5 Hz 2250 rpm 11 kN Bearing2_1–Bearing2_5
Condition 3 40 Hz 2400 rpm 10 kN Bearing3_1–Bearing3_5

During each life test, vibration signals were acquired at a sampling frequency of
25.6 kHz. Each vibration record contains 32,768 sampling points, corresponding to an
acquisition duration of 1.28 s, and successive records were collected at intervals of 60 s.
The complete chronological sequence of each bearing was retained for degradation-feature
extraction, health-indicator construction, FPT localization, and rolling RUL evaluation.

Two orthogonal vibration channels are available in the dataset. In the present study, the
first vibration channel was used consistently for all bearings so that the feature-extraction
and prognostic procedures were applied under a unified input configuration.
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Figure 1. XJTU-SY bearing experimental platform: (a) overall view of the test rig, (b) close-up view
of the bearing test section with accelerometers.

2.2. PHM2012 Bearing Dataset

To evaluate the generalization of the proposed framework on a second public run-to-
failure dataset, the PHM2012 bearing dataset collected using the PRONOSTIA experimental
platform was additionally employed. The experimental platform is illustrated in Figure 2.
The dataset contains 17 bearings tested under three combinations of rotational speed and
radial load, as summarized in Table 2. Condition 1 contains seven bearings operated at
1800 rpm under a radial load of 4000 N, Condition 2 contains seven bearings operated at
1650 rpm under 4200 N, and Condition 3 contains three bearings operated at 1500 rpm
under 5000 N.
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Figure 2. PHM2012 bearing experimental platform.

Table 2. Main operating conditions of the PHM2012 bearing dataset.

Operating Condition Rotational Speed Radial Load Bearing Identifiers

Condition 1 1800 rpm 4000 N Bearing1_1–Bearing1_7
Condition 2 1650 rpm 4200 N Bearing2_1–Bearing2_7
Condition 3 1500 rpm 5000 N Bearing3_1–Bearing3_3

The vibration signals were sampled at 25.6 kHz. Each acquisition record contains
2560 samples per vibration channel, corresponding to an acquisition duration of 0.1 s, and
successive records were acquired at intervals of 10 s. Two orthogonal acceleration channels
are available together with the acquisition-time information. As for XJTU-SY, the first
vibration channel was used consistently throughout the present study.

All 17 available complete bearing trajectories were included in the analysis. No bearing
was removed according to its final RUL prediction error. Bearings for which the subsequent
FPT or prediction-point criteria could not be satisfied were retained in the dataset and
reported as ineligible for the corresponding downstream RUL evaluation rather than being
replaced by fallback predictions.

2.3. Data Organization and Preprocessing

For each bearing, the vibration records were arranged according to their acquisition
sequence before subsequent analysis. The horizontal vibration component was consistently
adopted for all bearings in both datasets to maintain a unified input configuration.

The original vibration signals of both datasets were sampled at 25.6 kHz. Prior to
multidomain feature extraction, an eighth-order Chebyshev Type I anti-aliasing filter with
a passband ripple of 0.05 dB was applied using zero-phase filtering, after which the signals
were downsampled by a factor of four. The effective sampling frequency was therefore
reduced to 6.4 kHz. Consequently, each XJTU-SY vibration record contained 8192 samples
after preprocessing, whereas each PHM2012 record contained 640 samples. The same
preprocessing configuration was applied to all bearings and operating conditions. No
variational mode decomposition was employed in the final preprocessing pipeline.

The original temporal spacing between successive vibration records was preserved.
The acquisition interval is 60 s for XJTU-SY and 10 s for PHM2012. To ensure consistent
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temporal interpretation across the two datasets, subsequent smoothing and persistence-
related operations were defined according to physical time rather than directly using a
fixed number of observations. Thus, a duration of 300 s corresponds to five consecutive
observations in XJTU-SY and 30 observations in PHM2012.

After preprocessing, each vibration record was converted into the multidomain feature
representation described in Section 3.2. Signal-processing operations specific to individual
feature families, including band-pass envelope analysis, Hilbert-envelope analysis, and
stationary wavelet decomposition, are introduced together with the corresponding feature
definitions in the following section.

3. Methods
3.1. Overall Framework of the Proposed Method

The proposed rolling-bearing remaining useful life prediction framework consists of
three successive stages: multidomain degradation representation, prediction-stage localiza-
tion, and rolling degradation extrapolation, as illustrated in Figure 3.

Figure 3. Overall framework of the proposed RUL prediction method.

In the first stage, each vibration record is represented by a 48-dimensional multido-
main feature vector containing time-domain, frequency-domain, Hilbert-envelope, time–
frequency, band-pass-envelope, and envelope-spectrum descriptors. The resulting feature
trajectories are evaluated according to their degradation sensitivity and mutual redundancy,
and a bearing-specific subset is adaptively selected. The retained trajectories are direction-
ally aligned, normalized to a common degradation scale, equally fused, and temporally
smoothed to construct a scalar Fusion-VHI.

In the second stage, the Fusion-VHI is used to localize the prognostic process. The
first prediction time (FPT) is determined by combining support vector data description
(SVDD)-based novelty detection with statistical persistence confirmation. The subsequent
prediction point Tp is defined according to the minimum amount of post-FPT degradation
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information required to initialize the multiscale differential regression model. Thus, the FPT
characterizes persistent departure from the healthy operating region, whereas Tp represents
model readiness for RUL prediction.

In the third stage, multiscale degradation increments are constructed from the ob-
served Fusion-VHI segment and modeled using differential Gaussian process regression
(Diff-GPR). The current degradation state and relative operating time are used to estimate
future degradation increments, from which the future Fusion-VHI trajectory is recursively
extrapolated. The predicted failure time is identified from the first crossing of the normal-
ized failure threshold, and the corresponding RUL is updated as additional observations
become available.

The three stages therefore provide a unified progression from vibration-based degra-
dation representation to prognostic-stage localization and rolling RUL estimation.

3.2. Multidomain Feature Extraction

To characterize bearing degradation from complementary perspectives, a 48-dimensional
multidomain candidate feature pool is constructed to describe variations in vibration
amplitude, energy, impulsiveness, spectral distribution, envelope modulation, and time–
frequency characteristics. The feature pool consists of 13 time-domain, eight frequency-
domain, four Hilbert-envelope, four time–frequency, seven band-pass-envelope, and
12 envelope-spectrum features. These features are denoted as TD1–TD13, FD1–FD8, HE1–
HE4, TF1–TF4, BP1–BP7, and ES1–ES12, respectively, as summarized in Table 3.

Table 3. Composition of the 48-dimensional multidomain candidate feature pool.

Feature Group Dimension Feature Descriptors

Time-domain features 13

TD1: RMS; TD2: peak-to-peak value; TD3: variance; TD4: kurtosis; TD5:
skewness; TD6: crest factor; TD7: shape factor; TD8: impulse factor; TD9:
clearance factor; TD10: margin factor; TD11: energy; TD12: mean; TD13:

standard deviation

Frequency-domain
features 8

FD1: spectral centroid; FD2: spectral spread; FD3: spectral skewness;
FD4: spectral kurtosis; FD5: spectral entropy; FD6: dominant frequency;

FD7: frequency center; FD8: mean frequency

Hilbert-envelope
features 4 HE1: envelope energy; HE2: envelope entropy; HE3: envelope peak

value; HE4: envelope kurtosis

Time–frequency
features 4

TF1: first-level wavelet detail-energy ratio; TF2: second-level wavelet
detail-energy ratio; TF3: wavelet energy entropy; TF4:

approximation-coefficient RMS

Band-pass envelope
features 7

BP1: envelope RMS; BP2: envelope variance; BP3: envelope kurtosis;
BP4: envelope skewness; BP5: envelope crest factor; BP6: envelope

impulse factor; BP7: envelope entropy

Envelope-spectrum
features 12

ES1: spectral centroid; ES2: spectral spread; ES3: spectral skewness; ES4:
spectral kurtosis; ES5: spectral entropy; ES6: dominant frequency; ES7:
energy; ES8: peak value; ES9: RMS; ES10: mean value; ES11: 50–150 Hz

band-energy ratio; ES12: harmonic-energy ratio

The time-domain descriptors characterize waveform amplitude, dispersion, impul-
siveness, and signal energy. They include the root-mean-square value, peak-to-peak value,
variance, kurtosis, skewness, crest factor, shape factor, impulse factor, clearance factor, mar-
gin factor, energy, mean value, and standard deviation. The frequency-domain descriptors
characterize the distribution and concentration of spectral energy and include spectral
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centroid, spectral spread, spectral skewness, spectral kurtosis, spectral entropy, dominant
frequency, frequency center, and mean frequency.

To characterize amplitude-modulation behavior associated with bearing degradation,
the analytic signal is obtained through the Hilbert transform, and its magnitude is taken
as the vibration envelope. Four Hilbert-envelope descriptors are subsequently extracted,
including envelope energy, entropy, peak value, and kurtosis.

Time–frequency information is obtained using a three-level stationary wavelet trans-
form (SWT) with the Daubechies-4 wavelet. The corresponding descriptors consist of the
first- and second-level detail-energy ratios, wavelet energy entropy, and the root-mean-
square value of the approximation coefficients. No additional manual padding or truncation
is introduced before SWT decomposition.

To emphasize modulation-related vibration components within the selected resonance
band, an eighth-order Butterworth band-pass filter with a center frequency of 1000 Hz and
a bandwidth of 500 Hz, corresponding to a passband of 750–1250 Hz, is applied in a zero-
phase manner. Hilbert-envelope demodulation is subsequently performed on the filtered
signal. Seven statistical descriptors, including envelope RMS, variance, kurtosis, skewness,
crest factor, impulse factor, and entropy, are extracted from the resulting envelope.

The Fourier spectrum of the envelope signal is further used to construct 12 envelope-
spectrum descriptors. These features characterize spectral position, dispersion, distribution
shape, entropy, dominant components, signal energy, amplitude, and modulation-related
spectral structure. Specifically, the envelope-spectrum feature group contains spectral
centroid, spectral spread, spectral skewness, spectral kurtosis, spectral entropy, dominant
frequency, spectral energy, peak value, RMS, mean value, the 50–150 Hz band-energy ratio,
and the harmonic-energy ratio.

For bearing i, let Ni denote the number of vibration records in its run-to-failure
sequence. The multidomain feature vector extracted from the t-th vibration record is
defined as

fi(t) = [ fi,1(t), fi,2(t), . . . , fi,D(t)]
T ∈ RD, t = 1, 2, . . . , Ni, D = 48 (1)

where fi,j(t) denotes the value of the j-th candidate feature extracted from the t-th vibration
record of bearing i. By arranging the feature vectors in chronological order, the complete
run-to-failure feature matrix of bearing i is expressed as:

Fi = [fi(1), fi(2), . . . , fi(Ni)]
T ∈ RNi×D, D = 48 (2)

Each row of Fi corresponds to one vibration record, whereas each column repre-
sents the temporal trajectory of one candidate degradation feature. The resulting fea-
ture matrix is then used for degradation-sensitivity evaluation and for bearing-specific
feature-subset selection.

3.3. Degradation-Sensitive Feature Selection

The 48 candidate features exhibit substantially different sensitivities to bearing degra-
dation. Some feature trajectories show persistent long-term evolution, whereas others are
dominated by short-term fluctuations or contain information that is highly redundant with
other descriptors. Therefore, a bearing-specific feature-selection procedure is employed
to jointly consider degradation sensitivity and inter-feature redundancy. The procedure
consists of degradation-sensitivity evaluation, adaptive determination of the feature-subset
dimension, and redundancy-aware subset selection.
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3.3.1. Degradation-Sensitivity Evaluation

Before degradation-sensitivity evaluation, each candidate feature trajectory is smoothed
using an exponentially weighted moving average (EWMA) with a span of five observations.
The same smoothing span is used for feature assessment in both datasets. This operation
is intended to suppress short-term fluctuations during feature evaluation and is distinct
from the physical-time smoothing subsequently applied to the final Fusion-VHI. For the
jj-th candidate feature of bearing ii, the smoothed trajectory is defined as:

fi,j(t) = α f fi,j(t) + (1 − α f ) f̃i,j(t − 1) (3)

where
α f =

2
5 + 1

(4)

Here, fi,j(t) and f̃i,j(t) denote the raw and EWMA-smoothed feature values, respectively.
Three complementary indicators, namely monotonicity, trendability, and robustness, are
then used to characterize the degradation sensitivity of each candidate feature.

Monotonicity evaluates the directional consistency of the smoothed feature trajectory.
Let ni,j

+ and ni,j
− denote the numbers of positive and negative adjacent increments in f̃i,j(t),

respectively. The monotonicity score is defined as:

Moni,j =

∣∣∣n+
i,j − n−

i,j

∣∣∣
Ni − 1

(5)

Zero increments contribute to neither ni,j
+ nor ni,j

−. A larger Moni,j therefore indicates
a more persistent unidirectional tendency over the run-to-failure trajectory.

Trendability measures the long-term association between the smoothed feature trajec-
tory and operating progression. Let ti = [1, 2, . . . , Ni]

T denote the observation-index vector.
The trendability score is defined as:

Trei,j =
∣∣∣ρP

(
ti, f̃i,j

)∣∣∣ (6)

where ρP(·, ·) denotes the Pearson correlation coefficient and f̃i,j denotes the complete
smoothed trajectory of the j-th feature. The absolute correlation is adopted because both
increasing and decreasing trajectories can provide degradation information.

The sign of the same Pearson correlation is retained separately as the degradation-
direction coefficient,

di,j = sign
[
ρP

(
ti, f̃i,j

)]
(7)

Features with zero degradation direction are excluded from subsequent selection.
For the retained features, di,j∈{−1,+1}, and the direction coefficient is subsequently used
to align the selected trajectories such that larger values consistently correspond to more
severe degradation.

Robustness quantifies the resistance of a feature trajectory to short-term deviations
from its smoothed degradation tendency. It is defined as:

Robi,j = clip[0,1]

 1
Ni

Ni

∑
t=1

exp

−
∣∣∣ fi,j(t)− f̃i,j(t)

∣∣∣
max

(∣∣ fi,j(t)
∣∣, ηi,j

)
 (8)

where the data-scaled denominator floor is:

ηi,j = max
{

10−12, 10−6max
[
mediant

∣∣∣ fi,j(t)
∣∣∣, meant

∣∣∣ fi,j(t)
∣∣∣, 10−12

]}
(9)
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The adaptive denominator floor prevents numerical instability when the instantaneous
feature magnitude approaches zero. A larger robustness value indicates that the raw
trajectory remains closer to its underlying smoothed tendency.

Because the numerical distributions of Mon, Tre, and Rob may differ, the three metrics
are further transformed into within-bearing percentile ranks. For X ∈ {Mon,Tre,Rob},

pX
i,j =

rankavg
(
Xi,j
)

48
, X ∈ {Mon, Tre, Rob} (10)

where rankavg(·) denotes average ranking in the presence of tied values. The balanced
degradation-sensitivity score of the j-th feature is then defined as the geometric mean of
the three percentile measures:

Bi,j =
(

pMon
i,j pTre

i,j pRob
i,j

)1/3
(11)

The geometric mean penalizes features that perform strongly according to only one or
two criteria but poorly according to another, thereby favoring more balanced degradation
characteristics.

For a candidate feature subset S, its mean balanced degradation sensitivity is

Bi(S) =
1
|S|∑j∈S

Bi,j (12)

For descriptive reporting and deterministic tie-breaking, the conventional composite
degradation indicator is additionally defined as:

KPIi,j =
Moni,j + Trei,j + Robi,j

3
(13)

Importantly, KPIi,j is not used as a fusion weight in the final Fusion-VHI construction.

3.3.2. Adaptive Determination of the Subset Dimension

The number of retained degradation features is not predefined. After features with
invalid degradation directions are excluded, the balanced degradation-sensitivity scores of
the remaining valid candidates are used to identify the comparatively degradation-sensitive
portion of the feature pool for each bearing.

Because the distributions of the balanced sensitivity scores may differ among bearings
and may contain unusually high or low values, robust location and scale statistics are
adopted instead of prescribing a fixed feature number. For bearing i, the median balanced
degradation sensitivity is defined as:

mi = medianj
(

Bi,j
)

(14)

and the corresponding median absolute deviation is:

MADi = medianj
∣∣Bi,j − mi

∣∣ (15)

The MAD is converted to a robust scale estimate using the conventional normal-
consistency factor 1.4826:

σrob
B,i = 1.4826MADi (16)

A bearing-specific degradation-sensitivity threshold is then defined as:

θi = mi + σrob
B,i (17)
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Features whose balanced degradation-sensitivity scores exceed this threshold are
regarded as comparatively degradation-sensitive candidates. The corresponding adaptive
subset dimension is therefore:

K∗
i =

∣∣{j : Bi,j ≥ θi
}∣∣ (18)

This robust screening rule does not impose a predefined lower or upper bound on
the number of retained features. Instead, Ki

∗ reflects the number of candidate descriptors
whose degradation sensitivity is distinctly higher than the typical level of the corresponding
bearing. This step is particularly relevant to the subsequent equal-mean Fusion-VHI
construction, because it limits the inclusion of weakly degradation-sensitive descriptors
that could otherwise dilute the contribution of more informative features during fusion.

However, high degradation sensitivity alone does not guarantee complementary infor-
mation. Therefore, the features retained by the robust sensitivity screening are not fused
directly. Instead, they define the bearing-specific sensitivity level and subset dimension
for the subsequent redundancy-aware optimization. To allow alternative complementary
combinations around the high-sensitivity region, the reduced candidate pool is formed
from the highest-ranked valid features:

Li = min(ni, K∗
i + 3) (19)

where ni is the number of valid features after degradation-direction screening. All subsets
containing Ki

∗ features within these Li candidates are then evaluated according to the
sensitivity-retention and NMI-based redundancy criteria described in Section 3.3.3. In this
way, degradation-sensitive dimensionality determination and redundancy-aware feature-
combination selection are treated as two successive but distinct steps.

3.3.3. Redundancy-Aware Subset Selection

High degradation sensitivity alone does not ensure that the selected features con-
tain complementary information. Different amplitude-, energy-, and envelope-related
descriptors may exhibit strongly dependent trajectories. To account for both linear and
nonlinear dependence, normalized mutual information (NMI) calculated from rank-based
quantile-discretized raw feature trajectories is used to quantify inter-feature redundancy.

For a candidate subset S, the mean pairwise redundancy is defined as:

RNMI(S) =
2

|S|(|S|−1) ∑
p<q

p,q∈S

NMI
(

fi,p, fi,q
)
, |S| > 1 (20)

When Ki
∗ = 1, pairwise redundancy is undefined and redundancy optimization is

therefore unnecessary; the highest-ranked valid feature is retained directly. For Ki
∗ ≥ 2, the

NMI-based subset-selection procedure described below is applied.
A smaller RNMI(S) indicates lower average dependence among the selected

feature trajectories.
Directly minimizing redundancy, however, may favor weakly degradation-sensitive

features. Therefore, redundancy optimization is performed subject to a balanced-sensitivity
retention criterion. At the selected dimension Ki

∗, the maximum subset sensitivity is
defined as:

BtopK
i = max

S ⊆ Ci

|S| = K∗
i

Bi(S) (21)

where Ci denotes the reduced candidate pool containing the Li highest-ranked valid features.
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The sensitivity-feasible subset is then defined as:

Ai =
{

S ⊆ Ci :
∣∣∣S∣∣∣= K∗

i , Bi(S) + 10−12 ≥ 0.95BtopK
i

}
(22)

Thus, only subsets retaining at least 95% of the maximum balanced sensitivity attain-
able at the selected dimension are considered for redundancy minimization. The final
feature subset is obtained as

S∗
i = argmin

S∈Ai

RNMI(S) (23)

When numerically indistinguishable redundancy values occur, the candidate with
higher degradation sensitivity is preferentially selected using the balanced-sensitivity
and degradation-quality measures as deterministic tie-breaking criteria. Representative
degradation-sensitivity ranking and NMI-based redundancy analysis results for the selected
feature subsets are illustrated in Figure 4.

Figure 4. Representative degradation-sensitivity ranking and redundancy analysis of the selected
feature subsets. (a) Degradation-sensitivity ranking of the 48 candidate features for XJTU-SY Bear-
ing1_1 and PHM2012 Bearing1_3, where only the top-ranked candidates are shown, colored bars
denote the features retained in the final selected subset, and gray bars denote high-ranked candidates
excluded after NMI-based redundancy optimization; (b) pairwise normalized mutual information
(NMI) matrices of the selected feature subsets.
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The resulting subset Si
∗ therefore balances three considerations: degradation sensi-

tivity, compact dimensionality, and inter-feature redundancy. In contrast to the previous
score-weighted formulation, the degradation-sensitivity metrics are used only for feature
assessment and subset determination and do not determine the contribution weights in
the final health indicator. After Si

∗ is obtained, the retained trajectories are directionally
aligned, normalized using percentile-based scaling, and equally fused to construct the
Fusion-VHI, as described in Section 3.4.

3.4. Fusion-VHI Construction

After the degradation-sensitive subset Si
∗ has been determined, the selected fea-

ture trajectories are transformed into a scalar health indicator with a consistent degrada-
tion direction and comparable numerical scale. The Fusion-VHI construction consists of
degradation-direction alignment, percentile-based scaling, equal-mean fusion, and tempo-
ral smoothing.

For the j-th selected feature of bearing i, the degradation-direction coefficient di,j

obtained in Section 3.3 is first applied to align the trajectory:

gi,j(t) = di,j fi,j(t), j ∈ S∗
i (24)

where di,j∈{−1, +1}. After direction alignment, larger values of gi,j(t) consistently represent
a more advanced degradation state, regardless of whether the original feature increases or
decreases over the bearing lifetime.

To reduce differences in scale among heterogeneous feature families and limit the
influence of extreme values, each aligned trajectory is transformed using its 5th and 95th
percentiles. Let qi,j

0.05 and qi,j
0.95 denote the 5th and 95th percentiles of the complete raw

direction-aligned trajectory gi,j(t), respectively. The normalized trajectory is defined as

zi,j(t) = clip[0,1]

[
gi,j(t)− q0.05

i,j

q0.95
i,j − q0.05

i,j + 10−12

]
(25)

This percentile-based transformation maps the central degradation range of each
selected feature onto a common interval while preventing isolated extreme observations
from disproportionately affecting the subsequent fusion.

Unlike the previous score-weighted formulation, the selected features contribute
equally to the final degradation representation. For bearing i, the unsmoothed fused
indicator is therefore defined as

V(0)
i (t) =

1
K∗

i
∑

j∈S∗
i

zi,j(t) (26)

where Ki
∗ = |Si

∗| is the adaptively determined number of selected features. Equal-mean fu-
sion separates the roles of feature selection and feature aggregation: degradation-sensitivity
scores determine which complementary features are retained, whereas no additional score-
derived weighting is imposed after selection.

Because the acquisition intervals of XJTU-SY and PHM2012 are different, temporal
smoothing is specified in physical time rather than by assigning the same observation
span to both datasets. A smoothing duration of 300 s is adopted. This corresponds to an
EWMA span of five observations for XJTU-SY, whose records are acquired every 60 s, and
30 observations for PHM2012, whose records are acquired every 10 s.

The final Fusion-VHI is recursively defined as

Vi(t) = αiV
(0)
i (t) + (1 − αi)Vi(t − 1) (27)
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with
αi =

2
si + 1

(28)

where

si =

5, XJTU-SY,

30, PHM2012
(29)

The initial value is set as
Vi(1) = V(0)

i (1) (30)

The resulting Vi(t) is referred to as the Fusion-VHI and is used in the subsequent
degradation-stage localization and RUL prediction procedures. Its unified degradation
direction ensures that larger values correspond to more severe degradation, while equal-
mean fusion preserves complementary information from the adaptively selected feature
subset without introducing additional feature-specific weighting parameters.

3.5. RBF-SVDD-Based First Prediction Time Determination

The first prediction time (FPT) is determined by identifying the onset of sustained
degradation. To reduce the influence of isolated fluctuations, a persistence-constrained
radial basis function support vector data description (RBF-SVDD) method is adopted. The
conceptual principle of the RBF-SVDD detector is illustrated in Figure 5. Here, RBF denotes
the radial basis function kernel, while SVDD denotes support vector data description.

Figure 5. Conceptual principle of the RBF-SVDD detector. (a) Healthy Fusion-VHI reference con-
structed from the first 20 min; (b) implicit nonlinear mapping induced by the RBF kernel; and
(c) calibrated SVDD healthy-state boundary. Blue circles represent healthy reference samples, whereas
the red point denotes a candidate departure. A candidate departure is not directly regarded as the
final FPT; the persistence criterion is subsequently applied.

For bearing i, the first 20 min of the Fusion-VHI sequence are used as the healthy
reference. The Fusion-VHI is robustly standardized using the location and scale estimated
from this reference:

Hi = {Vi(t) : 0 ≤ t ≤ 20min}, zi(t) =
Vi(t)− ci

si + ε
(31)

where Vi(t) denotes the Fusion-VHI, ci and si are the robust location and scale parameters
estimated from Hi, and ε is a small numerical constant.

The nonlinear healthy-state distribution is characterized using an RBF kernel:

K(z, z′) = exp

(
−∥z − z′∥2

2σ2
i

)
=
〈
ϕ(z), ϕ(z′)

〉
H (32)
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where σi is the kernel-width parameter and H denotes the kernel-induced feature space.
The squared distance between a sample and the SVDD center is calculated by

D2
i (t) = K(zi(t), zi(t))− 2∑

j
αijK(zij, zi(t)) + ∑

j
∑

l
αijαilK(zij, zil) (33)

where zij represents the standardized healthy reference samples and αij are the SVDD
coefficients. The healthy-state boundary is calibrated from the healthy-reference distances.

The normalized departure score and the corresponding departure indicator are
defined as

ri(t) =
D2

i (t)

max
(

R2
i,cal, 10−15

) − 1, Ii(t) = 1{ri(t) > 0} (34)

where Ri,cal is the calibrated healthy-boundary radius. Thus, ri(t) > 0 indicates a candidate
departure from the healthy region.

To avoid treating an isolated abnormal observation as the FPT, a 300 s persistence
window is applied. The FPT is defined as the endpoint of the first complete post-reference
window containing at least ki departure observations:

ni =

⌈
300s
∆ti

⌉
, tFPT

i = min

{
t ≥ bi + ni − 1 :

t

∑
u=t−ni+1

Ii(u) ≥ ki

}
(35)

where ∆ti is the sampling interval and bi is the number of observations in the initial 20 min
healthy reference. In this study, (ni,ki) = (5, 2) for XJTU-SY and (ni,ki) = (30, 5) for PHM2012.

This definition identifies the earliest statistically persistent departure from the healthy
state rather than the first isolated abnormal observation. The subsequent prediction
point Tp is determined separately according to the data-length requirement for rolling
Diff-GPR prediction.

3.6. Prediction Point Determination

Although the FPT represents the estimated onset of sustained degradation, RUL
prediction is not initiated directly at the FPT. First, the FPT is back-localized only after the
subsequent Fusion-VHI evolution satisfies the sustained-degradation validation described
in Section 3.5. Second, the multiscale Diff-GPR model requires a minimum amount of post-
FPT degradation information to construct reliable increment samples. Therefore, a separate
prediction point Tp is introduced to indicate the earliest stage at which the confirmed
degradation segment contains sufficient information for subsequent RUL modeling.

The Diff-GPR model uses degradation increments over four temporal spans:

H = {1, 3, 5, 8} (36)

The longest span h = 8 provides relatively long-range local degradation information
and is sampled with a stride of two observations. To ensure that this scale contributes a
minimum of five increment samples, at least Ninit = 17 post-FPT observations are required.
At this observation count, the available increment samples for h = 1,3,5, and 8 are 16, 14, 12,
and 5, respectively. This requirement provides a common minimum information basis for
initializing the multiscale differential model.

Because the sustained-degradation validation in Section 3.5 uses

Nv,i = max(Ninit, 2ni) (37)

https://doi.org/10.3390/machines14101119

https://doi.org/10.3390/machines14101119


Machines 2026, 14, 1119 16 of 33

and Nv,i ≥ Ninit, the validation requirement also guarantees that the minimum Diff-GPR
initialization requirement has been satisfied. Let ji,FPT denote the record index of the
localized FPT. The prediction point is therefore defined as

ji,p = ji,FPT + Nv,i − 1 (38)

or, in physical time,
Ti,p = Ti,FPT + (Nv,i − 1)∆ti (39)

where ∆ti is the acquisition interval of the corresponding dataset.
For XJTU-SY, ni = 4, yielding Nv,i = 17; therefore, Tp occurs 16 min after the FPT. For

PHM2012, ni = 24, yielding Nv,i = 48, corresponding to approximately 7.83 min after the
FPT. Unlike the FPT, Tp does not represent an additional degradation-state transition. It
only denotes the earliest prediction-ready point at which the sustained degradation episode
has been confirmed and sufficient post-FPT information is available for initialization of the
rolling Diff-GPR model.

3.7. Rolling Differential Gaussian Process Regression for RUL Prediction
3.7.1. Multiscale Differential Degradation Modeling

Directly extrapolating the absolute Fusion-VHI level is challenging because bearing
degradation trajectories are generally nonstationary and may exhibit bearing-specific
offsets, local plateaus, and different degradation rates. To reduce sensitivity to the absolute
indicator level, the proposed method models local degradation increments rather than the
Fusion-VHI itself.

Let V(t) denote the Fusion-VHI at observation t. For a temporal span h, the average
degradation increment is defined as

∆Vh(t) =
V(t + h)− V(t)

h
(40)

To characterize degradation dynamics over different temporal scales, four spans are
considered: H = {1, 3, 5, 8}. Short spans characterize local variations, whereas longer
spans provide a smoother representation of the underlying degradation tendency. The
multiscale targets are pooled to construct a unified regression dataset. In the primary
formulation, positive increments are retained to characterize the forward degradation rate
associated with progression toward the failure state. This choice introduces a directional
modeling assumption and may suppress genuine local reversals or plateaus in the observed
degradation trajectory; this limitation is discussed further in Section 5.

For each retained increment, the predictor uses the current degradation state together
with relative operating time:

x(t) =

[
τ(t)
V(t)

]
(41)

where τ(t) denotes the elapsed time relative to the available prediction history. Both input
variables are standardized before Gaussian-process fitting.

3.7.2. Differential Gaussian Process Regression

Gaussian process regression is employed to characterize the relationship between
the current degradation state and the subsequent degradation increment. The differential
regression model is expressed as:

∆V = f (x) + ε, ε ∼ N (0, σ2
n) (42)
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where f (x) denotes the latent degradation-increment function and σ2
n represents the

observation-noise variance.
A Matérn-5/2 covariance function is adopted because it allows less restrictive smooth-

ness than the squared-exponential kernel and is therefore suitable for degradation trajecto-
ries containing gradual but locally varying dynamics. The covariance between two input
samples is expressed as:

k(x, x′) = σ2
f

(
1 +

√
5r
ℓ

+
5r2

3ℓ2

)
exp

(
−
√

5r
ℓ

)
(43)

where r = ∥x− x′∥2, ℓ is the characteristic length scale, and σ2
f represents the signal variance.

For the training inputs X = {x1, . . . , xn}, the latent covariance matrix is defined by:

[K f ]ij = k f (xi, xj) (44)

Considering observation noise, the covariance matrix of the training targets is:

Ky = K f + σ2
nI (45)

For a new input x∗, the posterior predictive distribution of the degradation increment is:

p(∆V∗ | x∗, X, y) = N (µ∗, σ2
∗) (46)

with
µ∗ = kT

∗K−1y (47)

and
σ2
∗ = k(x∗, x∗) + σ2

n − kT
∗K−1k∗ (48)

The kernel hyperparameters are estimated by maximizing the log marginal likelihood.
To restrict the optimization to numerically meaningful regions, the signal-scale parameter,
Matérn length scale, and white-noise level are bounded within [0.05, 100], [0.1, 10], and
[10−6, 0.1], respectively. Multiple optimizer initializations are used to reduce sensitivity to
local optima.

The differential formulation differs fundamentally from direct level-GPR prediction.
Absolute Fusion-VHI trajectories contain both the accumulated degradation state and
bearing-specific trajectory offsets, making their long-term level distribution strongly non-
stationary. By contrast, ∆Vh(t) represents the local rate of degradation over a finite temporal
interval. Conditioning these increments on the current Fusion-VHI and elapsed time re-
moves part of the accumulated level effect and focuses the regression on local degradation
dynamics. Consequently, the differential representation is expected to be less sensitive
to absolute trajectory offsets and more suitable for recursive updating. This modeling
rationale does not imply guaranteed empirical superiority over direct level-GPR. Rather,
the differential formulation is adopted to reduce direct dependence on the accumulated
absolute health-indicator level and to provide an increment-based representation suitable
for recursive degradation extrapolation. A systematic direct comparison with level-based
probabilistic regression across different bearings and operating conditions remains an
important topic for future investigation.

3.7.3. Rolling RUL Estimation

At a rolling prediction origin t0, only the Fusion-VHI observations available up to the
current origin are supplied to the degradation model. The GPR posterior mean provides
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the estimated forward degradation increment, and the Fusion-VHI trajectory is recursively
extrapolated from the latest observed state:

V̂(t + 1) = V̂(t) + ∆̂V(t), t ≥ t0 (49)

with the initial recursive state given by the last observed Fusion-VHI value.
The predicted failure time is defined as the first future observation at which the

extrapolated Fusion-VHI reaches the normalized failure threshold:

T̂f = min
{

t > t0 : V̂(t) ≥ 1
}

(50)

The RUL estimate at prediction origin t0 is therefore

R̂UL(t0) = (T̂f − t0)∆t (51)

where ∆t denotes the acquisition interval of the corresponding dataset. Thus, ∆t = 1 min
for XJTU-SY and ∆t = 1/6 min for PHM2012.

The model is subsequently updated at later rolling origins as additional degradation
observations become available. This rolling formulation permits the evolution of RUL
prediction accuracy to be evaluated from the initial prediction point to progressively later
stages rather than reporting only a single near-failure estimate.

3.7.4. Empirical Calibration of GPR Predictive Uncertainty

The posterior variance of GPR provides a model-based measure of local predictive
uncertainty. However, nominal Gaussian-process intervals may be miscalibrated when the
assumed covariance structure does not fully represent the observed degradation dynamics.
Therefore, the raw one-step predictive intervals are additionally assessed using empirical
coverage and calibrated using a leave-one-bearing-out residual-scaling procedure.

For a held-out bearing ii, calibration statistics are estimated exclusively from the other
eligible bearings of the same dataset. For each calibration observation, the standardized
absolute residual is defined as:

z =
|y − µ|

max(σ, ε)
(52)

where y is the observed increment and µ and σ are the corresponding GPR predictive mean
and standard deviation.

Let qα denote the empirical α-quantile of z obtained from the calibration bearings. The
calibrated predictive interval for the held-out bearing is then

Iα = [µ − qασ, µ + qασ] (53)

The nominal 95% and 99% predictive intervals are evaluated using the prediction-
interval coverage probability (PICP) and mean prediction-interval width (MPIW). Because
the resulting intervals incorporate empirical residual calibration, they are referred to as
empirically calibrated predictive intervals, rather than intrinsic GPR confidence intervals.

3.8. Algorithm Summary

The overall procedure of the proposed method is summarized in Algorithm 1. The
framework first constructs a bearing-specific Fusion-VHI from multidomain vibration
features, then determines the FPT and prediction point, and finally performs rolling RUL
estimation using Diff-GPR. Feature selection and percentile scaling are conducted under
the retrospective protocol described in Sections 3.3 and 3.4, whereas the downstream FPT
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detection and rolling prediction stages are performed sequentially on the constructed
Fusion-VHI.

Algorithm 1. Proposed Fusion-VHI and Diff-GPR framework

Input: Run-to-failure vibration records of bearing i
Output: Si

∗, Vi(t), Ti,FPT, Ti,p, and rolling RUL estimates

1. Extract the 48-dimensional multidomain feature matrix Fi.
2. Compute feature degradation sensitivity and determine degradation direction.
3. Determine the adaptive subset dimension Ki

∗, and select the final subset Si
∗ by

balancing sensitivity and NMI-based redundancy.
4. Align the selected trajectories, apply clipped q0.05/q0.95 scaling, perform

equal-mean fusion, and apply physical-time EWMA smoothing to obtain Vi(t).
5. Construct the calibrated RBF-SVDD healthy-state boundary from the initial 20 min

standardized Fusion-VHI reference and compute the normalized departure score;
determine Ti,FPT using statistical persistence confirmation.

6. Set Ti,p when the dataset specific post-FPT readiness requirement is satisfied
(17 observations for XJTU-SY and 48 for PHM2012). Otherwise, the bearing is
excluded from Diff-GPR prediction.

7. Construct multiscale degradation increments over H = {1,3,5,8} and fit the
Diff-GPR model using relative time and current Fusion-VHI as inputs.

8. Recursively extrapolate the future Fusion-VHI trajectory, identify the first
threshold crossing as the predicted failure time, and calculate the
corresponding RUL.

9. Update the Diff-GPR model and RUL estimate as new Fusion-VHI observations
become available.

At each rolling prediction origin, only the Fusion-VHI observations available up to
the current origin are used in the downstream Diff-GPR update.

4. Results
4.1. Evaluation Protocol and Metrics

The proposed framework was evaluated on both the XJTU-SY and PHM2012 run-to-
failure datasets described in Section 2. Because the proposed method is designed to update
the RUL estimate progressively as additional degradation information becomes available,
prediction performance was evaluated at multiple standardized rolling stages rather than
only at the final valid prediction origin.

For each bearing satisfying both the FPT and prediction-point criteria, the first rolling
prediction was performed at Tp. Subsequent evaluation origins were defined at 25%, 50%,
and 75% of the interval between Tp and the end of the available run-to-failure sequence.
The last valid rolling origin before failure was additionally retained as an auxiliary late-
stage reference. Consequently, the five evaluation stages are denoted as Tp, 25%, 50%, 75%,
and last-valid.

At each rolling origin to,i, the actual RUL is defined as

RULi(to,i) =
(

Tf ,i − to,i

)
∆ti (54)

whereas the predicted RUL is

R̂ULi(to,i) =
(

T̂f ,i − to,i

)
∆ti (55)
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Prediction accuracy is evaluated using mean absolute error (MAE) and root-mean-
square error (RMSE):

MAE =
1
M

M
∑

i=1

∣∣∣R̂ULi − RULi

∣∣∣
RMSE =

√
1
M

M
∑

i=1

(
R̂ULi − RULi

)2
(56)

Here, M denotes the number of eligible bearings with valid predictions at the corre-
sponding rolling stage. Prediction coverage is reported together with MAE and RMSE
to avoid interpreting error statistics independently of the number of successful failure-
threshold crossings. The last-valid result is treated as a supplementary late-stage indicator,
whereas the Tp, 25%, 50%, and 75% stages are used to assess how predictive performance
evolves as degradation information accumulates.

4.2. Bearing-Specific Feature Selection Results
4.2.1. Adaptive Feature-Subset Dimension Results

The robust degradation-sensitivity screening was applied independently to each
bearing to determine the number of features entering the subsequent redundancy-aware
subset optimization. Unlike a fixed-dimensional selection strategy, Ki

∗ was determined
from the distribution of balanced degradation-sensitivity scores for each individual bearing.

As summarized in Table 4, the resulting subset dimensions varied across bearings
and operating conditions. For XJTU-SY, Ki

∗ ranged from 3 to 12 and a median of 8. For
PHM2012, Ki

∗ ranged from 4 to 10 and a median of 7. These values are substantially smaller
than the 48 direction-valid candidate features available for each bearing, indicating that the
robust screening procedure retains only a comparatively degradation-sensitive portion of
the original feature pool.

Table 4. Statistical summary of the bearing-specific feature-subset dimensions determined by robust
degradation-sensitivity screening.

Dataset No. of Bearings Minimum Ki
∗ Maximum Ki

∗ Median Ki
∗

XJTU-SY 15 3 12 8
PHM2012 17 4 10 7

Figure 6 further illustrates the bearing-specific distribution of Ki
∗. Considerable

variation can be observed even among bearings tested under the same operating condition.
For example, the selected dimensions within XJTU-SY Condition 1 vary from 4 to 12,
whereas the PHM2012 bearings also exhibit different retained dimensions under identical
operating settings. This variation indicates that the amount of degradation-sensitive
information available in the candidate feature pool depends on the individual degradation
trajectory and supports the use of bearing-specific dimensionality determination rather
than prescribing a common feature number.

The adaptive determination of Ki
∗ also provides a quality-control step for the subse-

quent Fusion-VHI construction. By limiting the candidate subset size to features exhibiting
comparatively strong degradation sensitivity, weakly informative descriptors are prevented
from directly diluting the contribution of more degradation-relevant features during equal-
mean fusion. The final feature combination at the determined dimension is further refined
through the NMI-based redundancy optimization described in Section 3.3.3.
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Figure 6. Bearing-specific feature-subset dimensions determined by robust degradation-sensitivity
screening. (a) XJTU-SY dataset; (b) PHM2012 dataset. Dashed vertical lines separate different
operating conditions. The subset dimension Ki

∗ is determined independently for each bearing
without prescribing a common feature number.

4.2.2. Final Feature-Subset Selection and Fusion-VHI Results

After the bearing-specific subset dimension Ki
∗ was determined, the final feature com-

bination was further refined by considering inter-feature redundancy. For each bearing, all
Ki

∗-dimensional subsets within the reduced high-sensitivity candidate pool were evaluated.
Only subsets retaining at least 95% of the maximum balanced degradation sensitivity at the
corresponding dimension were considered, after which the subset with the minimum mean
pairwise normalized mutual information (NMI) was selected as the final feature set Si

∗.
This procedure preserves the degradation sensitivity established during dimensionality
determination while reducing redundant information among the features entering the
subsequent fusion stage.

The final selected subsets exhibited clear differences across bearings and datasets. For
XJTU-SY, the selected subsets had a mean balanced degradation-sensitivity score of 0.7354
and a median value of 0.7353, while the mean pairwise NMI was 0.3145. For PHM2012,
the corresponding mean and median balanced sensitivity scores were 0.6900 and 0.6793,
and the mean pairwise NMI was 0.1162. These results indicate that the final subsets retain
relatively strong degradation sensitivity while avoiding excessive dependence among
selected features.

The selected features originated from all six feature domains, confirming that useful
degradation information was distributed across multiple vibration representations. In
XJTU-SY, frequency-domain descriptors were selected most frequently, with 39 occurrences,
followed by time-domain features with 24 occurrences and envelope-spectrum features
with 18 occurrences. In PHM2012, frequency-domain, time–frequency, and time-domain
descriptors occurred 28, 25, and 24 times, respectively. At the individual-feature level,
spectral spread was the most frequently selected feature in XJTU-SY, whereas envelope
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entropy was most frequently retained in PHM2012. The variation in selected feature
composition further indicates that no single descriptor or feature family is sufficient to
characterize all bearing degradation trajectories.

The selected trajectories were subsequently directionally aligned, normalized using
clipped 5th–95th percentile scaling, and combined through equal-mean fusion. A 300 s
EWMA was then applied to obtain the final Fusion-VHI. Representative results are shown
in Figure 7. For XJTU-SY Bearing1_1, 12 complementary features were retained from
multiple signal domains. The resulting Fusion-VHI remains at a relatively low level during
the early-life stage and exhibits a pronounced increase as degradation progresses. For
PHM2012 Bearing1_3, four selected features were retained, and the corresponding Fusion-
VHI shows a more gradual long-term increase with stronger local fluctuations. Despite
these different trajectory characteristics, both indicators preserve a consistent failure-high
direction, with larger Fusion-VHI values corresponding to more advanced degradation.

Figure 7. Representative feature-fusion and Fusion-VHI construction results. (a) XJTU-SY Bearing1_1;
(b) PHM2012 Bearing1_3. The upper panels show the selected normalized feature trajectories before
equal-mean fusion, and the lower panels compare the unsmoothed equal-mean indicator with the
final 300 s EWMA-smoothed Fusion-VHI.
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The redundancy-control stage is particularly important for the equal-mean fusion
strategy adopted in this study. Because all selected features contribute equally after nor-
malization, the repeated inclusion of strongly dependent descriptors could overrepre-
sent a particular degradation pattern in the scalar health indicator. By combining robust
degradation-sensitivity screening with NMI-based redundancy minimization before fu-
sion, the proposed procedure retains complementary degradation information while lim-
iting the influence of redundant features. The resulting Fusion-VHI therefore provides
the unified degradation representation used for subsequent FPT localization and rolling
RUL prediction.

4.3. FPT and Prediction Point Localization Results

The FPT and the subsequent prediction point Tp obtained for the XJTU-SY and
PHM2012 datasets are summarized in Tables 5 and 6, respectively. Considerable bearing-
to-bearing variation can be observed in the localized FPTs, which is consistent with the
heterogeneous degradation trajectories represented by the Fusion-VHI. Rather than defin-
ing the first isolated abnormal observation as the prognostic starting point, the proposed
localization strategy identifies the earliest candidate that is subsequently confirmed as the
onset of sustained degradation. The prediction point Tp is then determined separately
after sufficient post-FPT degradation information has accumulated for initialization of the
rolling Diff-GPR model. Therefore, Tp should be interpreted as a prediction-readiness point
rather than an additional degradation-state transition.

Table 5. FPT and Tp localization results on the XJTU-SY dataset.

Bearing FPT (min) Tp (min) Bearing FPT (min) Tp (min) Bearing FPT (min) Tp (min)

Bearing1_1 57 73 Bearing2_1 148 164 Bearing3_1 2276 2292
Bearing1_2 30 46 Bearing2_2 36 52 Bearing3_2 1936 1952
Bearing1_3 28 44 Bearing2_3 110 126 Bearing3_3 334 350
Bearing1_4 52 68 Bearing2_4 21 37 Bearing3_4 118 134
Bearing1_5 26 42 Bearing2_5 95 111 Bearing3_5 26 42

Table 6. FPT and Tp localization results on the PHM2012 dataset.

Bearing FPT (min) Tp (min) Bearing FPT (min) Tp (min) Bearing FPT (min) Tp (min)

Bearing1_1 190.17 198 Bearing2_1 139.33 147.17 Bearing3_1 21.33 29.17
Bearing1_2 124.5 132.33 Bearing2_2 74.83 82.67 Bearing3_2 23.67 31.5
Bearing1_3 210.33 218.17 Bearing2_3 47.67 55.5 Bearing3_3 57 64.83
Bearing1_4 94 101.83 Bearing2_4 48.17 56
Bearing1_5 95.5 103.33 Bearing2_5 33.83 41.67
Bearing1_6 269 276.83 Bearing2_6 41.83 49.67
Bearing1_7 68.83 76.67 Bearing2_7 23.83 31.67

Figure 8 presents representative localization results for XJTU-SY Bearing1_1 and
PHM2012 Bearing1_3, together with the traditional 3σ detector and the FPT reported by
Zhang et al. [36]. For XJTU-SY Bearing1_1, the traditional 3σ detector is triggered at 48 min,
whereas the proposed method identifies the FPT at 57 min. The subsequent confirmation
interval extends to 73 min, after which sufficient post-FPT information is available at
Tp. The FPT reported by Zhang et al. occurs later, at 78 min, close to the stage at which
the Fusion-VHI begins a pronounced acceleration. The comparison therefore illustrates
the different localization behavior of the three criteria: the 3σ rule responds to the first
threshold exceedance, whereas the proposed strategy requires subsequent persistence and
degradation-trend confirmation before accepting the earlier sustained-degradation onset.
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Figure 8. Comparison of FPT localization for representative bearings: (a) XJTU-SY Bearing1_1 and
(b) PHM2012 Bearing1_3. The shaded regions indicate the healthy reference and the proposed
confirmation interval. The gray dash-dotted line denotes the FPT reported in [36].

A similar distinction can be observed for PHM2012 Bearing1_3. The traditional 3σ
detector identifies the first threshold crossing at approximately 200.67 min, while the
proposed method localizes the FPT at 210.33 min. The Fusion-VHI continues to increase
over the subsequent confirmation interval, and the prediction-ready point is reached at
Tp = 218.17 min. By comparison, the FPT reported by Zhang et al. is located at approx-
imately 229 min. In this case, the proposed FPT lies between the early threshold-based
response and the later literature-reported localization, while remaining associated with a
sustained increase in the degradation indicator.

The separation between FPT and Tp is important for long-horizon prognosis. For
XJTU-SY, Tp is located 16 min after the FPT, whereas for PHM2012 the corresponding
interval is approximately 7.83 min because of the different acquisition intervals of the two
datasets. This design prevents an isolated or insufficiently confirmed novelty event from
directly initiating recursive RUL prediction, while still allowing degradation onset to be
localized earlier than the prediction-ready stage. Since neither XJTU-SY nor PHM2012
provides ground-truth annotations for the physical FPT, the comparison in Figure 8 should
be interpreted as a comparison of localization behavior under different criteria rather than
as an absolute ranking of FPT accuracy.

4.4. Rolling RUL Prediction Results

The final rolling RUL prediction results for the XJTU-SY and PHM2012 datasets are
summarized in Tables 7 and 8. During rolling prediction, the RUL estimate was repeatedly
updated as new degradation observations became available after the initial prediction point
Tp. The values reported here correspond to the final valid rolling estimates obtained after
this sequential updating process, rather than the initial RUL estimates produced at Tp.
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Table 7. Bearing-level final rolling RUL prediction results on the XJTU-SY dataset.

Proposed Method

Bearing Actual RUL at Tp (min) Predicted RUL (min) AE (min)

Bearing1_1 49 53 4
Bearing1_2 114 118 4
Bearing1_3 84 93 9
Bearing1_4 61 50 11
Bearing1_5 6 3 3
Bearing2_1 19 14 5
Bearing2_2 99 101 2
Bearing2_3 406 412 6
Bearing2_4 4 2 2
Bearing2_5 212 203 9
Bearing3_1 245 260 15
Bearing3_2 1066 1063 3
Bearing3_3 20 26 6
Bearing3_4 1318 1326 8
Bearing3_5 77 85 8

Table 8. Bearing-level final rolling RUL prediction results on the PHM2012 dataset.

Proposed Method

Bearing Actual RUL at Tp (min) Predicted RUL (min) AE (min)

Bearing1_1 269 261 8
Bearing1_2 13 7 6
Bearing1_3 177 179 2
Bearing1_4 136 143 7
Bearing1_5 375 391 16
Bearing1_6 131 133 2
Bearing1_7 313 318 5
Bearing2_1 4.5 7 2.5
Bearing2_2 50 60 10
Bearing2_3 287 295 8
Bearing2_4 69 77 8
Bearing2_5 343 339 4
Bearing2_6 68 65 3
Bearing2_7 6.5 10 3.5
Bearing3_1 56.5 53 3.5
Bearing3_2 241 232 9
Bearing3_3 35 40 5

Valid final rolling RUL predictions were obtained for all 15 XJTU-SY bearings and
all 17 PHM2012 bearings, corresponding to full prediction coverage on both datasets. For
XJTU-SY, the proposed method achieved an MAE of 6.33 min and an RMSE of 7.26 min,
with a median AE of 6.00 min and a maximum AE of 15 min. Thirteen of the 15 bearings
exhibited absolute errors below 10 min. For PHM2012, the corresponding MAE and RMSE
were 6.03 min and 6.98 min, respectively, while the median AE was 5.00 min and the
maximum AE was 16 min. Fifteen of the 17 PHM2012 bearings exhibited absolute errors
below 10 min.

Considering all 32 run-to-failure bearings together, the overall MAE and RMSE of
the final rolling predictions were 6.17 min and 7.11 min, respectively, with a median AE
of 5.50 min and a maximum AE of 16 min. The relatively small difference between MAE
and RMSE indicates that the aggregate prediction accuracy was not dominated by a small
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number of extreme-error cases. These results represent the final rolling estimates obtained
after sequentially updating the RUL prediction as additional degradation observations
became available after Tp. Because such late-stage estimates benefit from progressively
accumulated degradation information, the subsequent stage-wise analysis further evaluates
prediction accuracy from the initial prediction point Tp through standardized intermediate
stages to characterize the evolution and convergence of the RUL prediction error.

4.5. Stage-Wise Rolling RUL Prediction and Error Evolution

To further characterize the prognostic behavior of the proposed rolling Diff-GPR
framework, RUL prediction performance was evaluated at the initial prediction point Tp,
three standardized intermediate stages corresponding to 25%, 50%, and 75% of the post-Tp

degradation interval, and the final valid rolling estimate. Unlike the final bearing-level
results reported in Tables 7 and 8, the stage-wise evaluation focuses on how prediction
accuracy evolves as progressively more degradation observations become available.

As summarized in Table 9, the prediction error was substantially larger at the early
prognostic stage and generally decreased as the rolling process progressed. For XJTU-SY,
the MAE decreased from 31.48 min at Tp to 27.62 min at the 25% stage and 22.35 min at the
50% stage. A more pronounced improvement was observed after sufficient degradation
information had accumulated, with the MAE decreasing to 13.86 min at the 75% stage and
finally reaching 6.33 min. The corresponding RMSE decreased from 41.26 min at Tp to
36.91, 29.74, and 18.07 min at the 25%, 50%, and 75% stages, respectively, before reaching
7.26 min in the final rolling result.

Table 9. Stage-wise rolling RUL prediction performance on the XJTU-SY and PHM2012 datasets.

Bearing Stage Coverage MAE RMSE Median AE (min)

XJTU-SY

Tp 15/15 31.48 41.26 23
25% 15/15 27.62 36.91 20
50% 15/15 22.35 29.74 16
75% 15/15 13.86 18.07 10
Final 15/15 6.33 7.26 6.00

PHM2012

Tp 17/17 39.27 51.84 29
25% 17/17 42.15 55.63 31
50% 17/17 30.68 40.57 22
75% 17/17 16.74 22.31 12
Final 17/17 6.03 6.98 5.00

PHM2012 exhibited a stronger intermediate-stage fluctuation. The MAE was 39.27 min
at Tp and temporarily increased to 42.15 min at the 25% stage, indicating that the incorpora-
tion of newly observed degradation information does not necessarily lead to an immediate
improvement in every rolling update. The MAE subsequently decreased to 30.68 min at
the 50% stage and 16.74 min at the 75% stage, before reaching 6.03 min in the final rolling
estimate. The corresponding RMSE changed from 51.84 min at Tp to 55.63, 40.57, and
22.31 min at the three intermediate stages, and finally decreased to 6.98 min.

Overall, the stage-wise results show that the rolling prediction process is not strictly
monotonic. Local deterioration may occur when newly acquired observations modify
the estimated degradation rate and consequently shift the recursively predicted failure
time. Nevertheless, a clear overall convergence trend is observed on both datasets. As the
observed degradation segment becomes longer and the remaining extrapolation horizon
becomes shorter, the RUL estimates progressively stabilize and approach the actual remain-
ing lifetime. This result highlights the practical role of sequential updating in reducing the
uncertainty associated with long-horizon prediction initiated at Tp.
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4.6. Prediction Uncertainty and Maintenance-Oriented Error Analysis

Prediction uncertainty was further examined to complement the point-estimate accu-
racy reported above. Figure 9 shows the representative rolling RUL trajectories together
with the corresponding 99% prediction intervals for XJTU-SY Bearing1_1 and PHM2012
Bearing1_3. In both cases, the interval width is relatively large during the early prognostic
stage and gradually contracts as additional degradation observations become available
and the remaining extrapolation horizon becomes shorter. For the representative trajec-
tories, all actual RUL observations remained within the corresponding 99% prediction
intervals. As summarized in Table 10, the resulting PICP was 100% for both cases, while
the MPIW was 14.33 min for XJTU-SY Bearing1_1 and 26.83 min for PHM2012 Bearing1_3.
The wider interval for the PHM2012 case is consistent with its stronger intermediate-stage
prediction fluctuations.

Figure 9. Representative rolling RUL prediction trajectories. (a) XJTU-SY Bearing1_1; (b) PHM2012
Bearing1_3. The solid black lines denote the actual RUL, the dashed lines with markers denote the
rolling predicted RUL, and the shaded regions indicate the 99% prediction intervals.

Table 10. Predictive-uncertainty results for the representative rolling RUL trajectories.

Dataset Bearing Confidence Level PICP (%) MPIW (min)

XJTU-SY Bearing1_1 99% 100.00 14.33
PHM2012 Bearing1_3 99% 100.00 26.83

In addition to absolute prediction accuracy, the direction of the RUL prediction error
is important for maintenance decision-making. The signed prediction error was defined as:
e = R̂UL − RUL.

A negative error indicates RUL underestimation and therefore an earlier, more conser-
vative predicted failure time, whereas a positive error indicates RUL overestimation and
hence a later predicted failure time. The representative signed-error trajectories in Figure 10
show that the rolling predictions fluctuate around zero rather than remaining consistently
biased toward one direction. Such sign changes indicate that newly acquired degradation
observations can temporarily shift the estimated degradation rate and the corresponding
predicted failure time during sequential updating.
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Figure 10. Representative signed RUL prediction-error evolution. (a) XJTU-SY Bearing1_1;
(b) PHM2012 Bearing1_3. The horizontal dashed line denotes zero prediction error. Positive er-
rors indicate RUL overestimation and hence later predicted failure, whereas negative errors indicate
RUL underestimation and hence earlier, more conservative failure prediction.

At the final rolling stage, XJTU-SY contained seven early-prediction cases and eight
late-prediction cases, corresponding to 46.7% and 53.3% of the 15 bearings, respectively.
The mean signed error was +1.40 min. The complete signed-error statistics are summarized
in Table 11. For PHM2012, 6 of the 17 bearings (35.3%) exhibited early predictions, whereas
11 bearings (64.7%) exhibited late predictions, with a mean signed error of +2.09 min.
Considering all 32 run-to-failure bearings, 13 cases (40.6%) were early predictions and
19 cases (59.4%) were late predictions, while the overall mean signed error remained limited
to +1.77 min.

Table 11. Maintenance-oriented signed-error statistics of the final rolling RUL predictions.

Dataset Early
Predictions Early (%) Late Predictions Late (%) Mean Signed

Error (min)

XJTU-SY 7 46.7 8 53.3 +1.40

PHM2012 6 35.3 11 64.7 +2.09
Overall 13 40.6 19 59.4 +1.77

From a maintenance perspective, the two error directions have different implications.
Early failure prediction is conservative and may result in premature inspection or com-
ponent replacement, whereas late failure prediction may postpone maintenance beyond
the actual remaining lifetime and is therefore potentially more critical from an operational-
safety perspective. Although slightly more late-prediction cases were observed, the small
mean signed errors indicate that the final rolling estimates did not exhibit a pronounced
systematic directional bias. Therefore, signed-error behavior should be considered to-
gether with MAE/RMSE and prediction-interval information when assessing the practical
prognostic performance of the proposed method.

4.7. Comparison with Published RUL Prediction Methods

To provide additional context for the RUL prediction performance, the proposed
method was compared with representative published approaches evaluated on the XJTU-
SY and PHM2012 datasets. The selected methods include the dual dynamic time-warping
similarity-matching method of Zhang et al. [36], the practical-health-indicator prognostic
method of Guo et al. [37], the feature-enhancement and prediction-error-compensation
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approach of Zhang et al. [38], and the first-to-end cross-domain health-indicator method of
Pei et al. [39]. The corresponding results are summarized in Table 12.

Table 12. Contextual comparison with published bearing RUL prediction methods.

Dataset Method Coverage MAE/min RMSE/min

XJTU-SY

Guo et al. [37] 10 30.9 * 38.57 *
Zhang et al. [36] 10 8.5 * 13.28 *

Pei et al. [39] 12 5 * 6.83 *
Proposed 15 6.33 7.26

PHM2012

Zhang et al. [36] 5 59 * 90.41 *
Zhang et al. [38] 5 20.8 * 35.98 *

Pei et al. [39] 5 47.8 * 58.26 *
Proposed 17 6.03 6.98

* Values recalculated by the authors from the corresponding published results, rather than directly
reported in the original references.

On the XJTU-SY dataset, the proposed method achieved an MAE of 6.33 min and
an RMSE of 7.26 min across all 15 bearings. The long-term prediction results reported by
Zhang et al. [36] yielded recalculated MAE and RMSE values of 8.50 min and 13.28 min, re-
spectively, whereas Pei et al. [39] reported results corresponding to approximately 5.00 min
MAE and 6.83 min RMSE on a 12-bearing subset. On PHM2012, the proposed method
achieved an MAE of 6.03 min and an RMSE of 6.98 min across all 17 run-to-failure bearings,
while the published subsets summarized by Zhang et al. [36] exhibited larger errors under
their respective protocols.

These values should not be interpreted as a strictly controlled ranking because the
published studies use different prediction origins, test-bearing subsets, FPT definitions,
and degradation representations. Nevertheless, the comparison indicates that the proposed
framework achieves competitive RUL accuracy while maintaining full prediction coverage
across both complete datasets.

5. Discussion
The results demonstrate that the proposed framework benefits from integrating adap-

tive degradation representation, prognostic-stage localization, and rolling differential
modeling rather than relying on a fixed feature set or a single prediction stage. The bearing-
specific subset dimensions varied substantially across both datasets, ranging from 3 to 12
with a median of 8 for XJTU-SY and from 4 to 10 with a median of 7 for PHM2012. Moreover,
the retained descriptors were distributed across all six feature domains. These observa-
tions indicate that the amount and composition of degradation-sensitive information are
bearing-dependent, even under the same nominal operating condition. The combination
of degradation-sensitivity screening and redundancy-aware subset selection therefore
provides a more flexible representation than prescribing a common feature dimension.
Direction alignment, percentile-based normalization, equal-mean fusion, and physical-time
smoothing further transform the selected heterogeneous features into a unified failure-high
Fusion-VHI while avoiding additional feature-specific weighting parameters. Here, inter-
pretability refers primarily to feature-level and pipeline-level transparency: the selected
feature identities, subset dimensions, fusion rule, and prognostic-stage transitions are
explicitly traceable, rather than implying complete physical attribution of each selected
feature to a specific damage mechanism.

The separation between the first prediction time and the subsequent prediction point
also plays an important role in the proposed framework. The FPT is intended to repre-
sent the estimated onset of sustained degradation rather than the first isolated abnormal
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observation, whereas Tp denotes the point at which sufficient post-FPT degradation in-
formation has accumulated for RUL modeling. This distinction is particularly relevant
to long-horizon prognosis because initiating recursive prediction immediately after an
isolated novelty event may produce an unstable estimate of the degradation rate. The
stage-wise results further show that prediction accuracy should not be evaluated only from
a single late-stage estimate. On both datasets, the prediction errors were substantially
larger near Tp and generally decreased as additional observations became available. The
temporary error increase observed at an intermediate PHM2012 stage also indicates that
rolling prediction does not necessarily monotonically improve at every update. Instead,
newly acquired degradation information may locally alter the estimated degradation rate
before the prediction progressively stabilizes as the extrapolation horizon becomes shorter.

Among the retained design parameters, the healthy-reference duration and the Fusion-
VHI smoothing duration have particularly direct influences on the prognostic process. The
initial 20 min healthy-reference interval determines the samples used to characterize the
healthy-state distribution for RBF-SVDD. If this interval is too short, the estimated healthy
boundary may be insufficiently representative of normal variability and more sensitive
to local fluctuations. Conversely, an excessively long reference interval may incorporate
early degradation information, broaden the estimated healthy-state boundary, and con-
sequently delay FPT localization. The 300 s Fusion-VHI smoothing duration controls the
trade-off between noise suppression and temporal responsiveness. A shorter smoothing
duration preserves rapid degradation changes but may retain excessive local fluctuations,
whereas a longer duration produces a smoother degradation trajectory at the cost of delayed
response to emerging degradation. Because the smoothed Fusion-VHI is subsequently
used for prognostic-stage localization and Diff-GPR prediction, these two parameters
can influence the detected prediction stage and the available extrapolation horizon. In
this study, both parameters are defined in physical time so that they retain a consistent
temporal interpretation across XJTU-SY and PHM2012 despite their different acquisition
intervals. A systematic quantitative sensitivity analysis under an independently separated
development/validation protocol remains an important direction for future work.

At the final rolling stage, valid predictions were obtained for all 15 XJTU-SY bearings
and all 17 PHM2012 bearings. The resulting MAE/RMSE values were 6.33/7.26 min for
XJTU-SY and 6.03/6.98 min for PHM2012, corresponding to an overall MAE of 6.17 min
and RMSE of 7.11 min across the 32 run-to-failure bearings. The maintenance-oriented
signed-error analysis additionally showed an overall mean signed error of +1.77 min.
Although slightly more final predictions overestimated rather than underestimated the
remaining lifetime, the small mean signed error suggests that the final estimates were not
dominated by a strong directional bias. From a maintenance perspective, this distinction
remains important because conservative RUL underestimation may lead to premature
inspection or replacement, whereas RUL overestimation may delay intervention and can
therefore present a greater operational risk. The representative prediction intervals further
illustrate the contraction of uncertainty as the observed degradation history increases,
although these interval results should be interpreted as representative case studies rather
than dataset-level uncertainty calibration.

The comparison with published RUL approaches provides additional context for the
obtained accuracy. The proposed framework achieved competitive errors while maintaining
prediction coverage over all bearings in both datasets. However, the published studies
employ different prediction origins, bearing subsets, health-indicator definitions, and
evaluation protocols; consequently, the numerical differences in Table 12 should not be
interpreted as a strictly controlled ranking. Several additional limitations should also be
acknowledged. First, the present Fusion-VHI construction is retrospective because bearing-
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specific feature evaluation, degradation-direction determination, subset selection, and
percentile scaling use the complete run-to-failure trajectory. The current results therefore
characterize an offline run-to-failure evaluation rather than a fully future-information-
free online prognostic implementation. Second, the primary positive-increment Diff-GPR
formulation emphasizes forward degradation but may suppress genuine local reversals
or plateaus in the observed health indicator. Third, predictive-uncertainty analysis is
currently demonstrated only through representative trajectories rather than comprehensive
calibration across all rolling origins. Fourth, although the retained parameter settings are
physically or methodologically defined where possible, a comprehensive hyperparameter-
sensitivity analysis under an independently separated development/validation protocol
has not been conducted. Therefore, the robustness of the remaining fixed settings across
datasets and operating conditions requires further validation. In addition, the present study
consistently uses the first vibration channel and does not establish invariance to channel
choice or the potential benefit of multi-channel fusion. Future work should therefore
develop a strictly prefix-only health-indicator construction procedure, investigate signed
degradation dynamics and more complete uncertainty calibration, systematically assess
parameter and channel robustness, and validate the framework under additional datasets,
operating conditions, and online acquisition environments.

6. Conclusions
This study developed an interpretable rolling-bearing RUL prediction framework inte-

grating adaptive multidomain degradation representation, two-stage prognostic localiza-
tion, and rolling Diff-GPR. The method was evaluated on all 15 XJTU-SY and 17 PHM2012
run-to-failure bearings under multiple operating conditions. The main conclusions are
as follows:

(1) A 48-dimensional candidate feature pool spanning six vibration-signal domains
was evaluated using complementary degradation-sensitivity measures. The adaptively
determined feature-subset dimensions ranged from 3 to 12 with a median of 8 for XJTU-SY
and from 4 to 10 with a median of 7 for PHM2012. Redundancy-aware subset optimiza-
tion further retained complementary degradation information, and direction alignment,
percentile-based scaling, equal-mean fusion, and physical-time smoothing were used to
construct a unified failure-high Fusion-VHI.

(2) The two-stage prognostic localization procedure separated the estimated onset of
sustained degradation from the subsequent prediction-ready point Tp. This design prevents
isolated abnormal observations from directly initiating long-horizon RUL prediction and
allows the rolling Diff-GPR model to begin after sufficient degradation information has
accumulated. The subsequent rolling formulation progressively updates the predicted
failure time and RUL as additional observations become available.

(3) Full final rolling prediction coverage was obtained for both datasets. The proposed
method achieved an MAE of 6.33 min and an RMSE of 7.26 min on XJTU-SY and an MAE
of 6.03 min and an RMSE of 6.98 min on PHM2012. Across all 32 bearings, the overall MAE
and RMSE were 6.17 and 7.11 min, respectively, with a median absolute error of 5.50 min
and a maximum absolute error of 16 min. The stage-wise evaluation showed an overall
reduction in prediction error as progressively more degradation observations became
available, while local fluctuations confirmed that rolling prediction does not necessarily
improve monotonically at every update.

(4) Maintenance-oriented signed-error analysis showed an overall mean signed error of
+1.77 min, indicating only a limited final directional bias, while the published-method com-
parison placed the proposed method at a competitive accuracy level across the two datasets.
However, the literature comparison is contextual rather than strictly matched because the
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published methods adopt different prediction origins and evaluation subsets. In addition,
the current upstream Fusion-VHI construction still uses complete run-to-failure trajectories
for feature selection, degradation-direction determination, and percentile scaling. Future
work will therefore focus on strictly prefix-only health-indicator construction, broader
run-to-failure validation, improved modeling of signed degradation dynamics, and com-
prehensive calibration of recursive prediction uncertainty.
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