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ABSTRACT

Accurate prediction of the remaining useful life of rolling
element bearings is a critical task in prognostics and health
management. Although deep learning methods have shown
strong predictive capability, purely data-driven approaches
still face two important limitations: they may produce phys-
ically inconsistent predictions that contradict the irreversible
nature of bearing degradation and often fail to provide reli-
able uncertainty estimates. To address these issues, this pa-
per proposes a physics-informed probabilistic framework to
predict the remaining useful life. First, a health index is con-
structed from logarithmic envelope spectrum features using a
variational autoencoder, enabling the extraction of a mono-
tonic degradation indicator without requiring labeled fault
data. Second, a Transformer-based predictor is trained with a
monotonicity constraint that explicitly enforces the predicted
remaining useful life to be non-increasing over time. Third,
Monte Carlo dropout is used to quantify epistemic uncer-
tainty, and a post-hoc conformal calibration strategy is ap-
plied to construct finite-sample prediction intervals with guar-
anteed marginal coverage by leveraging historical degrada-
tion data. Experiments on the XJTU-SY full-lifecycle bear-
ing dataset show that the proposed framework improves point
prediction accuracy relative to controlled feature and model
ablations. More importantly, the uncertainty results reveal a
substantial mismatch between raw Monte Carlo dropout in-
tervals and the observed prediction errors: the average pre-
diction interval coverage probability increases from 0.4835
before calibration to 0.9445 after conformal calibration. The
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resulting wider intervals should not be interpreted only as
a loss of sharpness, but as a correction of the severe over-
confidence of the uncalibrated model under heterogeneous
degradation trajectories. Bearings with more irregular or non-
stationary degradation behavior require wider calibrated in-
tervals to maintain reliable coverage, indicating that the pro-
posed framework can expose trajectory-dependent prediction
difficulty and support risk-aware maintenance decisions.

1. INTRODUCTION

Bearings are critical rotating components in a wide range of
mechanical systems, including those in the energy, aerospace,
and manufacturing sectors (Mian et al., 2024; S. Wang, Vi-
dal, & Pozo, 2025a). Their progressive degradation can
quickly lead to secondary damage, unexpected downtime,
safety risks, and considerable economic losses (Zhao, Cai,
& Cui, 2024). As a result, remaining useful life (RUL) pre-
diction has become a central task in prognostics and health
management, as it enables condition-based maintenance and
helps prevent catastrophic failures (Cuesta, Leturiondo, Vi-
dal, & Pozo, 2025). In practice, reliable bearing prognos-
tics requires addressing three closely related objectives: con-
structing a health index (HI) that captures incipient degrada-
tion, learning an RUL prediction model that is both accurate
and physically plausible, and quantifying uncertainty so that
maintenance decisions can be made with confidence (J. Zhou,
Yang, Xiang, & Qin, 2025). Although substantial progress
has been made on each of these aspects individually, integrat-
ing them into a unified and effective framework remains a
challenge.

The construction of a reliable HI is the foundation of data-
driven prognostics. Traditional statistical indicators such as



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

root-mean-square (RMS) and kurtosis are widely used be-
cause of their simplicity, but they mainly reflect global energy
changes and are often insensitive to early-stage faults (Guo,
Li, & Wan, 2023; Zhong, Wang, Guo, Cabrera, & Li, 2020).
Signal-processing methods such as envelope analysis can im-
prove the sensitivity to fault-related signatures, but generally
require empirical parameter tuning and substantial domain
expertise (Hou et al., 2022). To automate feature extrac-
tion, learning-based approaches have employed autoencoders
and related models (Wei, Wu, & Terpenny, 2021). However,
the HIs derived from reconstruction errors often fluctuate and
show non-monotonic behavior, which limits their usefulness
for degradation tracking. From a physical perspective, bear-
ing faults generate repetitive impulsive excitations that ap-
pear in the envelope spectrum (Randall & Antoni, 2011).
However, in practice, dominant high-amplitude components
in the raw spectrum can mask weak early-stage fault signa-
tures, making it difficult to construct a robust and monotonic
HI

Even when a reliable HI is available, mapping it to an accu-
rate and physically meaningful RUL remains difficult. Re-
current neural networks such as LSTM and GRU can model
temporal dependencies, but may still produce non-monotonic
and physically implausible predictions when the degrada-
tion signal is weak or noisy (Dong et al., 2023; Ni et al.,
2024). Transformer-based models have recently attracted at-
tention due to their ability to capture long-range dependencies
through self-attention (Cao, Meng, Li, Wu, & Fan, 2024).
Nevertheless, when trained in a purely data-driven manner,
they do not guarantee that the predicted RUL decreases over
time. This is problematic because bearing degradation is in-
herently irreversible. Without explicit physical constraints,
the learned prediction trajectories may contradict the basic
degradation process.

In addition to accurate point prediction, practical mainte-
nance decisions also require reliable uncertainty quantifica-
tion. A common approach is to use Monte Carlo dropout to
estimate epistemic uncertainty (Gal & Ghahramani, 2016).
However, such methods are based on variational approxima-
tion and therefore rely on implicit distributional assumptions,
which may lead to poor calibration in practice, especially
under distribution shift (Angelopoulos, Bates, Fisch, Lei, &
Schuster, 2022). As a result, the resulting prediction inter-
vals can be overconfident and may fail to achieve the desired
coverage. Conformal prediction provides a principled way
to improve the reliability of such uncertainty estimates. By
applying a post-hoc calibration step, it can construct predic-
tion intervals with finite-sample coverage guarantees without
requiring strong distributional assumptions (Angelopoulos et
al., 2022; X. Zhou, Chen, Gui, & Cheng, 2025). This advan-
tage is particularly important for prognostics, where only a
limited number of run-to-failure trajectories are available. In
such small-sample scenarios, conformal calibration offers a

more robust alternative to uncertainty estimates obtained di-
rectly from dropout.

Motivated by the above challenges, this paper proposes a uni-
fied physics-informed uncertainty-aware framework for bear-
ing remaining useful life prediction. Rather than introduc-
ing a new standalone learning architecture, the contribution
of this work lies in linking three requirements that are often
treated separately in existing studies: degradation-sensitive
health representation, physically consistent RUL evolution,
and statistically calibrated uncertainty estimation. First, a
physically interpretable health index is constructed from the
logarithmic envelope spectrum using a variational autoen-
coder, enabling weak degradation signatures to be captured
without labeled fault data. Second, a Transformer encoder
with a differentiable monotonicity constraint is employed to
enforce non-increasing RUL trajectories and reduce physi-
cally implausible predictions caused by local fluctuations in
the health indicator. Third, Monte Carlo dropout is combined
with conformal calibration to convert overconfident predic-
tive intervals into statistically reliable bounds with finite-
sample marginal coverage under the exchangeability assump-
tion. Finally, beyond reporting interval metrics, this study
analyzes how calibrated uncertainty varies across heteroge-
neous degradation trajectories, clarifying that wider intervals
may reflect genuinely more difficult and less representative
degradation behavior rather than merely poor model perfor-
mance. The proposed framework is validated on the XJTU-
SY full-lifecycle bearing dataset (B. Wang, Lei, Li, & Li,
2018).

The remainder of this paper is organized as follows. Section 2
describes the proposed methodology. Section 3 presents the
experimental results. Finally, Section 4 concludes the paper.

2. PROPOSED METHODOLOGY

The proposed framework is designed to satisfy two practi-
cal requirements of bearing prognostics: first, the health in-
dicator should be physically interpretable and robust to non-
stationary noise; second, the RUL predictor should be accu-
rate, physically consistent, and able to provide confidence-
aware outputs. To this end, the method consists of two stages.
The first stage constructs a degradation indicator using the
SimUFD framework (S. Wang, Vidal, & Pozo, 2025b). The
second stage learns a constrained sequence-to-RUL mapping
with a physics-informed Transformer, followed by conformal
calibration to obtain statistically valid prediction intervals.
The general pipeline is illustrated in Figure 1.

2.1. Health Index Construction

Rolling-element bearing faults typically produce impulsive
excitations at fault-characteristic frequencies (FCFs) and
their harmonics, which appear as modulation components
in the envelope spectrum (Randall & Antoni, 2011). In
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Figure 1. Overview of the proposed framework, from vibration data acquisition and VAE-based health indicator construction
to RUL prediction using a physics-informed Transformer and conformal calibration.

this work, the HI is constructed using the SimUFD frame-
work (S. Wang et al., 2025b), which operates directly in the
envelope-spectrum domain and therefore preserves physical
interpretability.

2.1.1. Logarithmic Envelope Spectrum

Given a vibration signal s(t), the analytic signal is first ob-
tained using the Hilbert transform H{-}, and the envelope
is computed as En(t) = +/s(t)2 + H{s(t)}*. The corre-
sponding single- 51ded envelope spectrum is then defined as
ES(f) = | F{En(¢)}|, where F{-} denotes the Fourier trans-
form. Although the envelope spectrum reveals FCF-related
peaks, a small number of dominant high-amplitude compo-
nents can mask weak early fault signatures and make the de-
rived HI unstable. To alleviate this effect, a logarithmic trans-
formation is applied:

LogES(f) = log(1 + ES(f)), (1)

where the constant 1 is added to ensure numerical stability
near zero. Previous studies have shown that this transforma-
tion offers two important advantages (S. Wang et al., 2025b).

First, it compresses the spectral dynamic range, making weak
fault-related components more visible relative to dominant
peaks. Second, it introduces an amplitude-adaptive normal-
ization effect when deviations from a reference spectrum
are measured, thereby reducing sensitivity to large-amplitude
fluctuations and improving the stability of the degradation in-
dicator.

2.1.2. VAE-Based Health Index

The extracted LogES features are fed to a variational autoen-
coder (VAE) trained exclusively on healthy-state data. The
encoder ¢4 (z|x) maps each LogES frame x to a latent Gaus-
sian distribution A (, diag(o?)), from which a latent code
z is sampled via the reparameterization trick. The decoder
pg(x|z) reconstructs the original LogES from z. Training
minimizes the evidence lower bound:

Lyvap = [x = %[5 +Dxifas(2%) [ p(2))- (2
£

During online monitoring, the HI at time step ¢ is defined as
the mean squared reconstruction error over all frequency bins
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HI(t) = — > [LogES;(t) — LogES;(H)]*. (3

=1

As the bearing degrades, spectral shifts between the current
state and the learned healthy distribution increase the recon-
struction error, causing HI(t) to rise.

A fault alarm point (FAP) is detected using the three-sigma
rule applied to the HI computed over the initial N}, healthy
files:

tpap = min{t | HI(t+k) > 7, k =0,1,2},

“
where a persistence window of three consecutive exceedances
suppresses transient false alarms. The normalized RUL label
is then defined as a piecewise-linear function that equals 1 at
trap and decreases linearly to O at the end of life T

T = up+30n,

1, t < trap,

t — trap ©)
— —, t>tpap.
T — tpap

Y =

2.2. Physics-Informed Transformer

Given the HI sequence and normalized RUL labels produced
in the previous stage, the second stage trains a Transformer-
based predictor to map degradation trajectories to RUL es-
timates. A physics-informed penalty is incorporated to en-
force the monotonic decay property inherent to irreversible
bearing degradation, preventing physically implausible pre-
dictions during inference.

2.2.1. Input Tokenization and Temporal Encoding

At each time step ¢, the input to the predictor is a fixed-length
sliding window containing the most recent L HI observations:

X = [Z-p41,.... 7] €RE, ©)

with left-padding applied when ¢ < L — 1. Instead of using
only a generic positional index, a degradation-aware relative-
time scalar is introduced to encode the physical progression
since the FAP:

B log(l + max(t — tpap, O))
= log(1 + Tyef)

where T..¢ = 500 is a fixed normalization horizon. This log-
arithmic mapping emphasizes differences in the early degra-
dation stage while compressing large time indices, thus pro-
viding more informative temporal context to the self-attention
mechanism.

) (N

2.2.2. Transformer Predictor

The sequence H, is processed by an N;-layer Transformer
encoder. Each layer consists of multi-head self-attention and
a position-wise feed-forward network, together with resid-
ual connections and layer normalization. The contextualized
CLS token Uy o € R? is then passed through an MLP regres-
sion head to produce the predicted RUL mean:

fiy = Q;L(Ut,o)- (8)

Because bearing degradation is driven by irreversible damage
accumulation, the predicted RUL should satisfy the mono-
tonic decay constraint dj/d¢ < 0. In discrete form, this phys-
ical prior can be expressed as fi; — fi;—1 < 0. Following the
physics-informed learning paradigm, this constraint is incor-
porated as a differentiable penalty:

B

1 . .
Lowy = 5 D [max(0, 1" —g2)]% ©
b=1

where B denotes the batch size and paired inputs (x;—1, X;)
are used during training. The ReLU operator ensures that
only violations of the monotonicity constraint are penalized,
allowing the model to remain flexible enough to capture dif-
ferent degradation rates across bearings.

The supervised training objective combines the mean squared
error (MSE) loss with the physics-based penalty:

1 .
Esup = @ Z(yt - Mt)Qa

teQ

(10)

Lzﬁsup+)\£phy7 (11)

where A > 0 controls the strength of the physical constraint
and € denotes the supervised training set.

2.3. Uncertainty Quantification and Conformal Calibra-
tion

Reliable remaining useful life prediction requires not only
accurate point estimates, but also well-calibrated uncertainty
bounds to support risk-aware maintenance decisions. In the
proposed framework, predictive uncertainty is modeled in
two stages: epistemic uncertainty estimation using Monte
Carlo dropout, followed by statistical calibration using con-
formal prediction.

2.3.1. Epistemic Uncertainty via Monte Carlo Dropout

Epistemic uncertainty, arising from limited training data
and model ambiguity, is approximated using Monte Carlo
dropout (Gal & Ghahramani, 2016). During inference,
dropout layers remain active and S stochastic forward passes
are performed for each input sample. The predictive mean
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and epistemic variance are estimated as follows:

(s) 1 (0 2
s okt = ﬁz<ﬂt —ﬂt) :

1 s=1
(12)

e =

| =
M

S

Although Monte Carlo dropout provides a practical approxi-
mation of model uncertainty, such estimates are typically not
well calibrated and may lead to overconfident prediction in-
tervals, particularly under distribution shift or small-sample
conditions. To improve the statistical reliability of the uncer-
tainty bounds, a post-hoc conformal calibration procedure is
therefore introduced.

2.3.2. Conformal Calibration

Although Monte Carlo dropout provides a sample-dependent
estimate of predictive uncertainty, the resulting intervals are
not guaranteed to be well calibrated. To improve their relia-
bility, a conformal calibration step is applied. Specifically, a
conformal prediction strategy is adopted, in which the predic-
tion error is scaled by the corresponding Monte Carlo uncer-
tainty estimate.

Given a calibration dataset, the nonconformity score for sam-
ple ¢ is defined as

Si = = )
Oepi,i +e€

where [i; is the predictive mean obtained by Monte Carlo
dropout, Gepi; is the corresponding predictive standard de-
viation, and € is a small positive constant introduced for nu-
merical stability.

The scores are aggregated into a calibration set S = {s;} Li‘l,

and the conformal quantile is computed as

(8] + 1)(1 — )]
§ ) S

¢ = Quantile (S ,

For a test sample at time step ¢, the calibrated prediction in-
terval is then constructed as

Ca(xt) = [,L_Lt - (ja—cpi(t)v ,L_Lt + (j&cpi(t)] . (15)

In this way, the interval width is adaptively adjusted accord-
ing to the predictive uncertainty estimated by Monte Carlo
dropout. Samples with larger uncertainty are assigned wider
intervals, whereas samples with smaller uncertainty receive
tighter bounds.

3. EXPERIMENTS

This section evaluates the proposed physics-informed proba-
bilistic framework on a publicly available run-to-failure bear-
ing dataset.

3.1. Dataset and Experimental Setup

The proposed framework is evaluated on the XJTU-SY run-
to-failure bearing dataset (B. Wang et al., 2018). This dataset
contains 15 bearings operating under three different condi-
tions, defined by different combinations of rotational speed
and radial load. The vibration signals are sampled at 25.6
kHz and recorded at 1-minute intervals. The test rig and rep-
resentative failure modes are shown in Figure 2.

Following common practice, bearings with highly irregular
degradation behavior and without a clear degradation trend
(e.g., Bearing 3-2) are excluded from the evaluation. As a re-
sult, experiments are conducted on the 11 bearings listed in
Table 1. A leave-one-bearing-out protocol is adopted, where
one bearing is used for testing and all remaining non-test
bearings are used to construct the training, validation, and
conformal calibration sets. It should be noted that the bear-
ings in this dataset exhibit heterogeneous degradation trajec-
tories across operating conditions and failure modes. There-
fore, the leave-one-bearing-out setting is not intended to cre-
ate an idealized identically distributed scenario, but rather to
evaluate whether the proposed framework can provide physi-
cally plausible predictions and meaningful uncertainty infor-
mation when the test trajectory differs from the historical tra-
jectories available for training and calibration. Although sev-
eral prior studies have reported RUL results on the XJTU-
SY dataset, direct cross-paper numerical comparison is of-
ten confounded by differences in selected bearings, feature
representations, degradation-point definitions, and validation
protocols. For this reason, the present study emphasizes con-
trolled within-study comparisons and the interpretation of
calibrated uncertainty rather than cross-study ranking.

The health indicator is generated using the procedure de-
scribed in Section 2.1, and the fault alarm point is detected
using the three-sigma rule. For the Transformer predictor,
the input sequence length is set to L = 8. The model is
trained for 100 epochs using the AdamW optimizer with a
cosine annealing schedule. The weight of the monotonicity
constraint is set to A = 1.0, and the dropout rate is set to
p = 0.05. For uncertainty estimation, Monte Carlo dropout is
performed with S = 50 stochastic forward passes. The con-
formal miscoverage level is set to o = 0.05, corresponding
to a nominal 95% prediction interval.

3.2. Health Indicator Evaluation

Figure 3 presents the normalized health indicator trajectories
for all 15 bearings. Across different operating conditions, a
consistent pattern can be observed: the health indicator re-
mains close to zero and relatively stable during the healthy
stage, and then increases as degradation progresses. This be-
havior provides a clear degradation trend for the downstream
RUL predictor. Under Condition 1, the degradation evolution
is relatively gradual, whereas under Condition 3 the transi-
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(a) XJTU-SY bearing fest rig (b) Faulty bearings
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Figure 2. XJTU-SY accelerated life test platform and representative bearing failure modes. (a) Bearing test rig configuration.
(b) Examples of failed bearings illustrating typical fault modes.
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Figure 3. Normalized health indicators constructed by the proposed framework for all 15 XJTU-SY bearings under three
operating conditions. Each curve represents the VAE reconstruction error computed from the logarithmic envelope spec-
trum, followed by min-max normalization within each run. Rows correspond to Condition 1 (2100 r/min, 12 kN), Condition 2
(2250 t/min, 11 kN), and Condition 3 (2400 r/min, 10 kN), while columns correspond to Bearings 1 to 5 within each condition.
The condition label (C1 to C3) is shown on the right side of each row.
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Figure 4. RUL prediction results and calibrated 95% prediction intervals for the test bearings in the XJTU-SY dataset. The
red line denotes the predicted mean, the dashed black line denotes the true RUL, the shaded red region indicates the calibrated
interval, and the shaded blue region at the bottom represents the prediction error.

tion is often sharper because of the higher rotational speed.
Overall, the results indicate that the proposed logarithmic-
envelope-spectrum-based health indicator provides a clear
degradation trend and is robust to noise across different fail-
ure modes

3.3. RUL Prediction Results

Point prediction performance is evaluated using root mean
squared error (RMSE) and mean absolute error (MAE) on the
normalized RUL scale. Interval quality is evaluated using the
prediction interval coverage probability (PICP) and the mean
prediction interval width (MPIW):

N
1 .
PICP = ;31 lvi € Cla)] (16)
1 & A
MPIW = N;(ai — 1), (17

where ; and [; denote the upper and lower bounds of the pre-
diction interval, respectively. A desirable probabilistic model
should achieve a coverage rate close to or above the nominal
target while keeping the interval width reasonably small.

Figure 4 illustrates representative prediction trajectories and
calibrated uncertainty bounds for several test bearings. Over-
all, the proposed framework produces smooth and physically
consistent RUL decay trends that closely follow the ground
truth. The calibrated prediction intervals successfully capture
most of the true trajectories, indicating reliable uncertainty
quantification across different degradation patterns.

A comprehensive quantitative comparison is presented in Ta-
ble 1. To ensure a fair evaluation, the same physics-informed
Transformer predictor is adopted for both RMS and SDAE-
based features. In addition, an ablation variant using the
proposed LogES-VAE feature without the monotonicity con-
straint is included to isolate the contribution of the physics-
informed modeling strategy.

The results show that the proposed configuration, namely
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Table 1. Comparison of RUL prediction performance (RMSE / MAE) under different feature representations and physics
constraints.

RMS + PI-Transformer SDAE + PI-Transformer LogES-VAE + Transformer LogES-VAE + PI-Transformer

Bearing

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
Bearing 1.1  0.2180 0.1781 0.2283 0.1909 0.2121 0.1756 0.2246 0.1849
Bearing 1.2 0.1889 0.1521 0.1372 0.1150 0.1432 0.1159 0.1368 0.1188
Bearing 1.3 0.1737 0.1497 0.2191 0.1849 0.1204 0.1064 0.1003 0.0873
Bearing 2.1 0.1712 0.1469 0.0507 0.0352 0.0750 0.0697 0.0589 0.0489
Bearing 2.2 0.1529 0.1325 0.1310 0.1041 0.1246 0.1117 0.1305 0.1110
Bearing 2.3 0.1121 0.0968 0.1727 0.1532 0.1537 0.1387 0.1534 0.1386
Bearing 2.5  0.2268 0.1971 0.0935 0.0818 0.1416 0.1210 0.1513 0.1250
Bearing 3.1 0.1572 0.1350 0.1076 0.0929 0.0798 0.0707 0.0949 0.0780
Bearing 3.3 0.2230 0.1990 0.1929 0.1648 0.1665 0.1365 0.1822 0.1517
Bearing 3.4  0.0878 0.0771 0.0705 0.0591 0.1124 0.0934 0.0926 0.0759
Bearing 3.5 0.2566 0.2087 0.2773 0.2234 0.2419 0.2006 0.2005 0.1736
Average 0.1789 0.1521 0.1528 0.1278 0.1428 0.1218 0.1387 0.1176

LogES-VAE combined with the physics-informed Trans-
former, achieves the best overall performance, yielding the
lowest average RMSE (0.1387) and MAE (0.1176) among
all compared settings. Compared with traditional RMS-based
inputs, the learned spectral representation provides a clearer
degradation signal that improves prediction stability, particu-
larly in the early degradation stage.

Furthermore, comparing the two LogES-VAE variants high-

0.2649 to 0.9238), reflecting the inherent trade-off between
interval sharpness and statistical validity.

Table 2. Interval uncertainty metrics before and after confor-
mal calibration across all test bearings. PICP: prediction in-
terval coverage probability (target > 0.95); MPIW: mean pre-
diction interval width. Bold indicates post-calibration PICP
meeting the nominal 95% target.

lights the effectiveness of the monotonicity constraint. Re- Bearing g Raw (z = 1.96)  Conformal (95%)
moving physics regularization increases the average RMSE PICP MPIW PICP MPIW
from 0.1387 to 0.1428, suggesting that purely data-driven Bearing 1.1  5.6221 04151 02756 08113 0.7905
training is more susceptible to local fluctuations in the health Bearing 1% 23333 8{51;;5@1 8;32% ggggg 82;28
BT ‘o o : : Bearing 1. 9091 . . . .
indicator. By exphcltlly e.nforcmg 1rrever51blf: RUL evolution, Bearing 2.1 56938 08500 02248 1.0000 06531
the proposed constraint improves both prediction robustness Bearing 2.2 65158  0.4138 02045 0.9914 0.6798
and physical consistency. Bearing 2.3 64720 02681 0.1714 0.7778  0.5660
Bearing2.5  7.8286 0.4682 0.1751 0.9227 0.6996
Overall, these results demonstrate that the integration of Bearing 3_1 2.5784 0.6891 0.255 (1)3333 0.8333
: : : o Bearing 3.3 .8350 0.3750  0.2649 . 0.9238
Physmally interpretable feature construction and physics Bearing 3.4 7.5162 07154 02315 1.0000 0.8877
informed temporal modeling leads to more accurate and re- Bearing 3.5 10.3310 0.1835 0.1551 0.9908 0.8173
liable bearing RUL prediction. Mean 69312 04835 02130 09445 0.7376

3.4. Uncertainty Calibration

The reliability of predictive uncertainty is evaluated using in-
terval coverage metrics reported in Table 2. When uncertainty
bounds are constructed directly from the MC Dropout stan-
dard deviation using a fixed Gaussian scaling factor (z =
1.96), severe miscalibration is observed. The average raw
PICP is only 0.4835, indicating that the variational approx-
imation substantially underestimates prediction uncertainty
and produces overly narrow intervals. After applying con-
formal calibration, interval reliability improves significantly.
By calibrating prediction errors using pooled historical degra-
dation data, the average PICP increases to 0.9445, and the
majority of test bearings achieve coverage close to or exceed-
ing the nominal 95% target. This improvement is accompa-
nied by a wider average interval width (MPIW increases from

Despite the overall improvement, the uncertainty behavior is
not uniform across bearings. Bearing 2_3 and Bearing 1_1
achieve post-calibration PICPs of 0.7778 and 0.8113, respec-
tively, both below the nominal 95% target. In contrast, Bear-
ings 2_1, 3_3, and 3_4 reach nearly perfect coverage, although
with wider calibrated intervals. This variability is informative
rather than incidental. The conformal intervals are calibrated
from historical degradation trajectories, and their width re-
flects both the magnitude of the raw predictive uncertainty
and the mismatch between the current trajectory and the cal-
ibration distribution. When a test bearing exhibits abrupt, ir-
regular, or non-stationary degradation behavior that is weakly
represented in the pooled calibration set, the associated non-
conformity scores become larger and wider intervals are re-
quired to preserve reliability.
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These results clarify the meaning of uncertainty in the pro-
posed framework. A narrow interval is not necessarily prefer-
able if it fails to contain the true RUL trajectory, as observed
for the raw Monte Carlo dropout intervals. Conversely, a
wider calibrated interval may be appropriate when the degra-
dation process is less regular or less similar to previously ob-
served trajectories. In this sense, calibrated interval width
acts as an indicator of trajectory difficulty: smoother and
more representative degradation patterns tend to admit tighter
intervals, whereas atypical trajectories require larger uncer-
tainty bounds. Therefore, the proposed model is uncertainty-
aware not because it always generates narrow intervals, but
because it corrects overconfident estimates and reveals when
the prediction task itself is less certain. This observation also
suggests that future trajectory-aware or locally weighted con-
formal calibration may improve the balance between cover-
age and sharpness under heterogeneous operating conditions.

4. CONCLUSION

This paper presented a unified physics-informed uncertainty-
aware framework for bearing remaining useful life predic-
tion. A logarithmic-envelope-spectrum-based health indica-
tor is constructed using unsupervised variational learning to
capture weak degradation signatures, and a Transformer pre-
dictor with a differentiable monotonicity constraint is used
to enforce physically consistent RUL evolution. Predictive
uncertainty is first estimated using Monte Carlo dropout and
then calibrated through conformal prediction to obtain statis-
tically reliable prediction intervals.

The experimental results on the XJTU-SY run-to-failure
dataset show that the proposed framework improves point
prediction performance relative to controlled feature and
model ablations. More importantly, the uncertainty analy-
sis demonstrates that raw Monte Carlo dropout intervals are
severely overconfident, while conformal calibration substan-
tially improves coverage reliability. The accompanying in-
crease in interval width is not merely a degradation in sharp-
ness, but reflects the heterogeneity of degradation trajectories
and the difficulty of making reliable predictions for irregular
or weakly represented cases. These findings highlight that
useful prognostic uncertainty should not be judged only by
how narrow the interval is, but by whether it faithfully indi-
cates when predictions are more or less trustworthy.

Future work will investigate time-varying operating condi-
tions and cross-domain scenarios. In addition, adaptive con-
formal prediction strategies that account for trajectory simi-
larity or degradation stage may enable tighter and more in-
formative prediction intervals while preserving reliability in
practical industrial applications.
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