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ABSTRACT

Predictive maintenance requires reliable remaining useful
life (RUL) estimation. Existing methods mainly follow two
paradigms: wear-based aging models that capture cumulative
degradation and sensor-driven data models that reflect
instantaneous health conditions, each providing only partial
information. In this work, we propose a probabilistic fusion
framework that integrates wear-based and sensor-based
prognostic components through failure probability distribu-
tions. Based on explicit structural assumptions linking wear,
latent health, sensor observations, and failure, we derive a
principled combination rule that enables uncertainty-aware
integration with adaptive weighting of the components.
Experimentally, we assess this combination rule by learning
the wear-based component using a parametric survival model
and the sensor-based component using a 1D convolutional
neural network (1D-CNN) with a post-hoc uncertainty model.
Evaluation on multiple N-CMAPSS datasets demonstrates
that the fused model improves point accuracy, preserves
the C-index, and produces narrower yet well-calibrated
prediction intervals compared to either component alone.
The results highlight the complementary roles of wear-based
survival model and sensor-based deep learning model, and
show that their probabilistic integration provides a structured
pathway toward more robust and consistent prognostics over
the life-time.

Abhishek Srinivasan et al. This is an open-access article distributed under the
terms of the Creative Commons Attribution 3.0 United States License, which
permits unrestricted use, distribution, and reproduction in any medium, pro-
vided the original author and source are credited.

1. INTRODUCTION

In recent years, the reliability of engineering systems has be-
come increasingly important, particularly as modern society
depends heavily on complex and safety-critical assets such
as aircraft engines, energy systems, automobiles, and indus-
trial manufacturing equipment. Ensuring safe and efficient
operation under demanding conditions has become a central
concern in engineering practice. In this context, maintenance
approaches have progressively shifted from reactive and pre-
ventive maintenance toward predictive maintenance, which
seek to anticipate failures using condition monitoring models
(Murtaza et al., 2024).

Predictive maintenance relies on condition monitoring
systems that infer the state of machinery during operation .
These systems generally serve two distinct but related pur-
poses: diagnostics and prognostics. Diagnostic approaches,
such as anomaly detection or health index estimation, assess
the current condition of the system and identify deviations
from normal behavior. Prognostic approaches aim to esti-
mate the future progression of degradation, typically in the
form of a time-to-event distribution or Remaining Useful
Life (RUL). While diagnostic information provides insight
into the present state, effective predictive maintenance ulti-
mately requires prognostic estimates to support maintenance
scheduling, risk management, and resource planning (Fink et
al., 2020).

A wide range of approaches have been proposed for RUL
estimation within the fields of reliability engineering and
prognostics and health management (PHM) . Broadly, exist-
ing methods can be categorized according to their primary
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source of information: wear-based models, which rely on
accumulated covariates, and sensor-based models, which use
instantaneous multivariate sensors(Zheng, Ristovski, Farahat,
& Gupta, 2017; Nemani, Lu, Thelen, Hu, & Zimmerman,
2022).

Wear-based models describe failure as a function of accumu-
lated usage, age, or exposure to operating conditions. Clas-
sical reliability approaches often assume parametric lifetime
distributions such as Weibull or log-normal models (Klein
& Moeschberger, 2003), while semi-parametric formulations
such as the Cox proportional hazards model estimate rela-
tive hazard as a function of covariates without specifying the
baseline hazard (Kaplan & Meier, 1958; Cox, 1972). Exten-
sions of these models allow for time-varying covariates, en-
abling the incorporation of evolving operational factors over
time (Cygu, Seow, Dushoff, & Bolker, 2023). Nevertheless,
typically such time-varying covariates are engineered or ag-
gregated to form representations of system wear rather than
high-frequency sensor measurements. As a result, these mod-
els impose a coherent time-to-event structure and yield mono-
tone survival functions, providing temporally consistent esti-
mates of failure risk, but they often rely on simplified aging
assumptions and do not fully capture the instantaneous health
state reflected in real-time sensor data (Cao, Xiao, Sun, Gan,
& Wang, 2024; Cygu et al., 2023).

In contrast, sensor-based prognostic models infer degrada-
tion directly from multivariate time-series measurements col-
lected during system operation (Zheng et al., 2017). Ma-
chine learning and deep learning methods, including convo-
lutional neural networks (CNNs) and recurrent architectures
such as LSTMs, have demonstrated strong predictive perfor-
mance (Zheng et al., 2017; Nemani et al., 2022). These ap-
proaches are capable of capturing complex nonlinear relation-
ships between sensor signals and degradation patterns. How-
ever, they often treat RUL estimation as a regression problem
over sensor observations and typically lack an explicit aging
structure. As a result, predictions may become unstable in
early stages of operation when degradation signals are weak,
and temporal consistency is not guaranteed unless additional
constraints are imposed (Nieves Avendano et al., 2022).

These observations suggest that wear-based and sensor-
based models capture complementary aspects of system
degradation. Wear-based models provide a structured repre-
sentation of long-term aging dynamics, while sensor-based
models capture instantaneous variations in system condi-
tion. Nevertheless, the two paradigms have largely been
developed and evaluated independently (Rahat, Kharazian,
Mashhadi, Rognvaldsson, & Choudhury, 2023). Many
existing approaches implicitly assume that either cumulative
wear variables or sensor measurements alone sufficiently
explain failure behavior, limiting the ability to exploit the
complementary strengths of both information sources.

The present study proposes a probabilistic fusion framework
that integrates predictions from a wear-based model and a
sensor-based model within a unified probabilistic formula-
tion. The approach is motivated by an explicit structural
assumption about the relationships between accumulated
wear, latent health state, sensor observations, and failure
occurrence. Under this assumption, predictions from both
wear-based and sensor-based model can be coherently com-
bined to obtain an improved estimate of failure probability
distribution conditioned on both sources.

To evaluate the proposed approach, we compare a 1D convo-
lutional neural network (sensor-based model), a Weibull sur-
vival model (wear-based model), and the combined frame-
work using the N-CMAPSS dataset (Arias Chao, Kulkarni,
Goebel, & Fink, 2021). The empirical results show that the
fused model achieves improved prediction accuracy, compet-
itive c-index, and well-calibrated narrow prediction intervals
compared to either model used independently. In addition,
analysis of prediction behavior across the system life-time
reveals that the fusion framework naturally shifts between
wear-driven and sensor-driven predictions depending on the
relative predictive uncertainty of each component.

2. RELATED WORK
2.1. Survival Analysis for Time-to-Failure Modeling

Survival analysis has long been used to model time-to-
failure in reliability engineering and biostatistics (Klein
& Moeschberger, 2003). Classical parametric approaches
assume a specific lifetime distribution, most commonly
Weibull, log-normal, or exponential models, and esti-
mate distribution parameters from failure data (Klein &
Moeschberger, 2003). These models are attractive due to
their interpretability and closed-form survival and hazard
functions, but their validity depends strongly on distributional
assumptions.

Semi-parametric and non-parametric approaches relax
these assumptions. The Kaplan—Meier estimator provides
a non-parametric estimate of the survival function under
right-censoring (Kaplan & Meier, 1958), while the Cox
proportional hazards (Cox-PH) model estimates relative
hazards without specifying the baseline hazard function
(Cox, 1972). The Cox model assumes proportional hazards
over time, which may not hold in systems with evolving
degradation dynamics.

More recently, machine learning extensions of survival
models have been proposed. Random survival forests gen-
eralize tree-based methods to improve representation power
via covariates and learns via Kaplan-Meier formulation
(Ishwaran, Kogalur, Blackstone, & Lauer, 2008). While
deep learning formulations such as DeepSurv, uses neural
Cox models to parameterize the hazard function using
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neural networks (Katzman et al., 2018). These approaches
retain the survival modeling framework while increasing
representational flexibility.

In most survival-based approaches within engineering
applications, covariates typically represent accumulated
usage, age, or wear-related quantities (e.g., operating hours,
load exposure, cumulative stress) (Klein & Moeschberger,
2003; Yang, Kanniainen, Krogerus, & Emmert-Streib, 2022).
Time-varying covariates may also be incorporated, but they
are often aggregated or engineered features rather than
high-frequency raw sensor streams (Cygu et al., 2023). Im-
portantly, survival models primarily encode aging structure
and long-term risk trends, rather than instantaneous condition
information.

2.2. Remaining Useful Life (RUL) Prediction

RUL prediction has been extensively studied in prognostics
and health management (PHM) (Fink et al., 2020). Ap-
proaches can broadly be categorized into reliability-based
(statistical) models, physics-based degradation models, and
data-driven machine learning models.

Reliability-based approaches estimate RUL from assumed
lifetime distributions or stochastic degradation processes.
For example, Wiener and gamma processes have been
used to model monotonic degradation trajectories and infer
time-to-failure distributions (Deng, Barros, & Grall, 2015).
These models often provide principled uncertainty quantifi-
cation but may require strong assumptions about degradation
dynamics.

Physics-based models rely on first-principles understanding
of degradation mechanisms, such as crack propagation (e.g.,
Paris’ law) or fatigue accumulation (Bechhoefer, Bernhard,
& He, 2008). While physically interpretable, such models
require domain knowledge and may not scale well to complex
systems with multiple interacting degradation modes.

Data-driven approaches, particularly deep learning models
such as multilayer perceptrons (MLPs), convolutional neu-
ral networks (CNNs), and long short-term memory networks
(LSTMs), have demonstrated strong performance on bench-
mark datasets such as CMAPSS and N-CMAPSS (Zheng et
al., 2017; Nemani et al., 2022; Fink et al., 2020). These mod-
els typically learn mappings from multivariate sensor time-
series to RUL targets. In many benchmark datasets (e.g.,
CMAPSS), sensor signals exhibit monotonic drifts over time,
effectively acting as proxies for latent wear. However, such
proxies are indirect and may not explicitly encode cumulative
aging mechanisms.

Several works have attempted to incorporate stochastic degra-
dation modeling from reliability theory with neural networks.
For example, degradation processes modeled via Wiener pro-
cesses with both measurable and unobservable external im-

pacts (S. Zhang, Zhai, & Li, 2023) consider time-varying
covariates and latent factors within a stochastic framework.
Similarly, LSTM-based stochastic degradation models com-
bine sequence learning with probabilistic degradation model-
ing (Zezhou, Jian, Jiantai, Liyuan, & Zhongyi, 2024). These
approaches integrate temporal learning with uncertainty mod-
eling but typically focus on sensor-driven degradation rather
than explicitly separating accumulated wear factors from in-
stantaneous condition indicators.

2.3. Bridging Survival Modeling and RUL Estimation

Both survival analysis and remaining useful life (RUL) esti-
mation aim to characterize how systems degrade over time,
yet they approach this objective from different perspectives.
Survival models emphasize time-to-event distributions and
principled handling of censoring, while RUL models often
focus on regression-style prediction from sensor streams.

Although survival analysis and RUL prediction address
closely related time-to-failure objectives, existing hybrid
approaches often combine them by balancing or averaging
their contributions. Recent work such as SurvLoss (Rahat
& Kharazian, 2024) bridges RUL regression and survival
modeling through a survival-consistent loss, enabling joint
learning from censored and uncensored data. Other related
studies have also transformed survival outputs into RUL
targets or compared survival-based and regression-based
models under varying censoring levels, showing the value of
censoring-aware formulations for time-to-event prediction
(Rahat et al., 2023). However, these methods still operate
within a single modeling framework rather than explicitly
modeling distinct data-generating factors. In contrast, our
approach treats wear-based aging and sensor-based condition
information as complementary but structurally separate
sources, and derives a probabilistic fusion rule that combines
them at the level of failure probability distributions.

Existing hybrid prognostics approaches have also combined
model-based or physics-informed information with data-
driven RUL predictors. Chao, Kulkarni, Goebel, and Fink
(2022), for example, used physics-based performance models
to infer unobservable health-related parameters that were
then combined with sensor readings as inputs to a deep neural
network. Cao et al. (2024) similarly used an exponential
degradation model and extended Kalman filtering to estimate
degradation-related states and parameters, which were fused
with sensor-derived features in a Transformer-based RUL
predictor. While these works demonstrate the value of hybrid
prognostics, they primarily perform fusion at the level of
input features, latent representations, state estimates, or
direct RUL regression (Cao et al., 2024; B. Zhang et al.,
2025; Liao & Kottig, 2016). In contrast, our work explicitly
separates data-sources i.e., accumulated wear and sensor-
based condition information as structurally distinct partial
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views of failure and combines the corresponding failure-time
distributions through a probabilistic factorization. Thus the
contribution here is not a specific hybrid model, but the
principled mechanism to combine sensor based and wear
based models, thereby making it possible to enhance already
existing prediction models in industry.

2.4. Relation to the Present Work

In contrast to prior approaches, our work starts from an ex-
plicit assumption on data-generating process in which accu-
mulated wear (W) influences latent health (H), which in turn
affects both sensor observations (S) and failure occurrence
(F). Under this structure, survival-based wear modeling and
sensor-based RUL estimation correspond to partial views of
the same latent process.

Rather than replacing one paradigm with the other, we derive
a probabilistic fusion rule under conditional independence as-
sumptions implied by the graphical model, enabling coher-
ent combination of P(F|W) and P(F|S) into P(F|W,S).
The key distinction from existing stochastic degradation or
hybrid deep models is that we explicitly separate wear-driven
aging dynamics from sensor-driven state estimation and com-
bine them at the level of failure probability distributions. This
work makes the underlying structural assumptions and prob-
abilistic fusion mechanism explicit.

3. MODEL ASSUMPTIONS

The assumption behind this study is that the two types of in-
formation — accumulated wear and momentary sensor read-
ings — are complementary and each could therefore contribute
to the prediction of when a failure will occur. The corre-
sponding model assumption is depicted in Figure 1. The wear
factors (W) accumulated over time affect the health (H) of
the component. The health in turn affects the momentary sen-
sor readings (S). The health also affects when the component
will fail (F).

The health (H) is a hidden factor, since it cannot be observed
directly. This gives us the freedom to select a suitable repre-
sentation of H. We will here assume a direct and determinis-
tic connection between this hidden health state and the failure
probability, such that when the health is "used up” the compo-
nent will fail. In specific, we will let the health represent the
remaining amount of equivalent operating hours (EOH) until
failure. The distributions of F will also be epressed as a dis-
tribution over EOH. Then the distribution of H ("How much
health is left?”) will be exactly the same as the distribution
of F ("How long until it fails?””). In the following dervivation
we can therefore use P(F) instead of P(H).

This equivalence assumption allows us to express the joint
likelihood in terms of observable quantities. Applying Bayes’
rule and factorizing the likelihood accordingly, we obtain:

©)

Figure 1. Model assumption of data generation process. Wear
factors (W) influence latent health (H), which affects both
sensor observations () and failure occurrence (F).

P(F|W,S) < P(W,S | F)- P(F)
= P(W | F)-P(S|F)-P(F)
P(F|W) P(F|S)
P(F)  P(F) )
_ P |W) - P(F|5S)
a P(F)

Here P(F) represents the probability of failure when neither
wear factors nor sensors are known. That is, lacking informa-
tion on how long it has been used or how it behaves, we as-
sume a constant hazard rate based on the MTBF (mean time
between failures), resulting in an exponential failure proba-
bility distribution. We divide with P(F) to avoid factoring
it twice, as it is implicitly included in both P(F | W) and
P(F|S).

Note that we here use the Bayesian notation of using P()
for a probability distribution, and o means “proportional
to”, which means that the expression needs to be normalized
to produce a proper probability distribution in the end. All
the probability distributions in the final expression are over
equivalent operating hours, and the normalization is thus
over the same.

4. METHOD

Based on the probabilistic derivation in the section 3, the final
combined equation is obtained as:

P(F|W)-P(F|S)

P(F|W,S) )

(D

the failure distribution conditioned on both wear factor (W)
and the sensor information (.S) consists of three components:
(i) Wear-based failure model (P(F | W)); (ii) Sensor-
based failure model (P(F | 5)); and (iii) Baseline fail-
ure distribution (P (F")). Each component produces a failure
probability density over future time.
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4.1. Wear-based failure model (P(F | W))

To model failure from wear factors, we utilize Weibull sur-
vival model. Let 1" be the time-to-failure. The Weibull distri-
bution is defined as

PN i\ F
t = — — — —_
where k is the shape parameter and A the scale parameter.

These parameters are estimated by optimizing to maximize
the log likelihood based on the observed data.

The distribution P(F' | W) is represented via the conditional
density over time-to-failure 7 at current time t., i.e the failure
density after ¢. given that the component has survived until
te:
f w (t(' + T)
T T > t,)=*"—~—- 7
f w ( | L) SW ( tc) I

where S, (t.) is the survival probability at ¢.. The renormal-
ization ensures that the conditional distribution is a consistent
probability distribution and that it factors for the time that has
passed.

4.2. Sensor-based failure model (P(F' | S))

The sensor-based failure is modeled to estimate probabilis-
tic time-to-failure (i.e. probabilistic RUL) from time-series
Sensor measurements.

Mean RUL estimator: Multivariate sensor time-series are seg-
mented into sliding windows and provided as input to a 1D
convolution neural network (1D-CNN). The architecture con-
sists of multi-layer 1D convolution networks, followed by a
dense layer and then a single output neuron predicting a point
estimate of RUL. All parts of the network utilize ReLU acti-
vation. The network uses mean square error as a loss func-
tion. The point estimates are used as (1(.S) of failure distribu-
tion from sensor measurements.

RUL uncertainty (std) estimator: To obtain a predictive dis-
tribution rather than a point estimate, we model the condi-
tional standard deviation as a function of the predicted RUL.
A separate dense neural network with two hidden layers and
an output neuron, is trained to predict the absolute residual
|y — [i(9)|. This network is trained with a Huber loss. The
predictions from the dense network produces &(5).

The sensor-based time-to-failure distribution is modeled as
Gaussian, i.e., P(F | S) = N((S),5((S))) and truncated
to non-negative remaining life. This defines the distribution
P(F | S) over the remaining time-to-failure 7.

4.3. Baseline failure distribution (P(F’))

The baseline failure probability represents prior knowledge
in the absence of both wear and sensor information. As men-
tioned in the Section 3, the baseline distribution assumes con-
stant hazard Ao = 1/MT BF'. This constant hazard yields an
exponential distribution fo(t) = Ag exp(—Aot). This defines
the distribution P(F') over the remaining time-to-failure 7.
This is a memory-less model, it always predicts the same dis-
tribution irrespective of time, wear and senor information.

4.4. Fusion of components

To estimate the prediction of the combined model, individual
prediction form different components P(F | W), P(F | S)
and P(F) are put together using the Equation (1).

In the derivation above, we use P(-) as Bayesian notation for
probability distributions. In the implementation, F' is treated
as a continuous remaining-life variable, and the three terms
P(F | W), P(F | S), and P(F) are evaluated as probabil-
ity density functions over future remaining life. Therefore,
Equation (1) first defines an unnormalized fused density,

P(F|W)P(F | S)
P(F) '

P(F|W,8) =

The normalized fused density is then obtained by numerical
normalization over the remaining-life grid:

P(E, | W,S)

P(Fy | W,8) = = ;
>, P(F; | W, 8)AF

where F, € {0,1,..
work.

., 128} cycles and AF = 1 cycle in this

5. EXPERIMENTS

This section compiles the informataion on the dataset, exper-
imental setup and the metrics used.

5.1. Dataset and Experimental Setup

Dataset: We use the New Commercial Modular Aero-
Propulsion System Simulation (N-CMAPSS) dataset
(Arias Chao et al., 2021), which provides realistic simulated
run-to-failure data of aircraft engines operating under real
flight conditions. For each cycle a time-series is collected
from take-off to landing. This time-series comprises of
14 sensor values, 14 virtual sensors and four operating
conditions. This is collected until the unit fails.

N-CMAPSS consists of eight sub-datasets corresponding to
different failure modes. In this study, we evaluate on: DSO1,
DSO03 and DS04. Dataset DS02 was excluded because several
time-series were shorter than the selected window length used
for the 1D-CNN model. Window length used in this work is
50 cycles.
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Experimental Setup: The N-CMAPSS dataset provides
pre-defined train and test splits. From the train set, we
randomly selected two units for validation set for model
development.

The wear-based component P(F' | W) is modeled using life-
lines package. Model parameters are estimated via maxi-
mum likelihood from training time-to-failure data,i.e., cycle
at which a unit fails. Conditional RUL distributions are ob-
tained by truncating and re-normalizing at the current cycle,
as described in Section 4.1

The sensor-based component P(F | S) is implemented us-
ing 1D-CNN model. This model (i.e. ji(S)) uses three 1D-
CNN layers (with 10, 10, and 1 filters) and followed by a
dense layer with 100 neurons. The uncertainty model (i.e.
5(f4(S))) has a single input neuron and output neuron with
a hidden layer of 10 neurons. The standard-deviation model
is trained as a post-processing step using the validation set.
The resulting predictive distribution is Gaussian, as detailed
in Section 4.2.

5.2. Evaluation Metrics

To comprehensively evaluate predictive performance, we
consider both point-estimate and probabilistic metrics. The
measures including Root Mean-Square Error (RMSE),
Prediction Interval Coverage Probability (PICP), Normalized
Mean Interval Prediction Width (NMIPW) and C-index. The
measures are defined as follows:

* RMSE measures the root mean squared error between
predictions and ground truth values, evaluating the accu-
racy of point estimates (Equation 2).

* PICP evaluates probabilistic predictions by measuring
the proportion of samples for which the true value lies
within the predicted interval (Equation 3).

* NIPW measures the normalized average width of the pre-
diction intervals across samples, indicating the sharpness
of probabilistic predictions (Equation 4).

* C-index evaluates whether the ordering of predicted val-
ues is consistent with the ordering of the ground truth
(Equation 5).

RMSE@@%=¢UN§}w—mV )

L[ Lify € [La(By), Ua())]
f“P—N;{mm¢m@mm@n ®
1 N
NIPW = > (Ual®y) = La(By))

N(max {y} — min {y}) 4

=1

N
. ~ 1
C-index(y, §) = - Z I(y: < yj)

Here y and y denotes the ground truth and estimated time
to failure (i.e. RUL). N denotes the number of samples
in the dataset, p; denotes the estimated probability dis-
tribution for the 4" sample, I(.) denotes the indicator
function, n is the number of comparable pairs (calculated via
Zf\:ll Zj‘v:i_u 1(y; < y;)), Ua(p) and L, (p) provides the
upper and lower bounds of the distribution p. In this work,
we set a = 95%.

6. RESULTS
6.1. Empirical Evaluation

We evaluate the Weibull model (P(F' | W)), 1D-CNN model
(P(F | S)) and the proposed combined model (P(F | W, S))
across DS01, DS03, and DS04. Results averaged over 10 runs
are reported in Table 1. The final RUL point estimate used for
RMSE is computed as the mean of the normalized fused den-
sity. Prediction intervals are computed from the normalized
fused distribution by converting the desired confidence level
« to the corresponding standard-deviation multiplier and ap-
plying it to the fused mean and variance.

Table 1. Performance comparison across datasets averaged
over 10 runs. Methods include Weibull (W), 1D-CNN (1D),
and the combined model (C). Values in parentheses indicate
standard deviation, and arrows denote the direction of good-
ness for each metric.

D M RMSE/ PICPt NIPW., C-index?

— W 7.02(0.00) 1.00(0.00) 0.34(0.00) 0.96 (0.00)
2 ID 8.69(1.06) 0.80(0.03) 0.27(0.05) 0.90(0.01)
A C  612(023) 086(0.04) 0.21(0.02) 0.94(0.00)
W 9.24(0.00) 1.00(0.00) 0.47(0.00) 0.88 (0.00)
S ID 8.03(0.55) 0.89(0.01) 0.41(0.02) 0.90(0.01)
A C 7.34(030) 095(0.01) 0.30(0.01) 0.91(0.00)
< W 9.26(0.00) 1.00(0.00) 0.46(0.00) 0.91(0.00)
S ID 17.33(1.59) 0.85(0.03) 0.57(0.08) 0.78 (0.03)
A C 924039 095(0.03) 035(0.02) 0.90(0.01)

Across all datasets, the combined model achieves the lowest
RMSE, indicating improved point prediction accuracy rela-
tive to both individual models. This suggests that integrat-
ing aging-based and sensor-based information reduces overall
prediction error.

The Weibull model attains the highest PICP values, reflecting
conservative but well-calibrated prediction intervals. In par-
ticular, the reported PICP values of 1.00 (rounded to two deci-
mals) reflect highly conservative prediction intervals induced
by the parametric survival model. However, these intervals
are comparatively wide, as reflected in the NIPW metric.

The combined model consistently produces narrower
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intervals than the Weibull model while maintaining com-
petitive coverage, resulting in the best NIPW performance
across datasets. This indicates improved sharpness without
substantial loss of calibration.

In terms of ranking consistency (C-index), the Weibull
model performs strongly due to its monotonic aging struc-
ture. The combined model achieves comparable C-index
values, demonstrating that the fusion process preserves
ordering performance while improving accuracy and interval
sharpness.

Overall, the empirical results show that the proposed prob-
abilistic fusion framework provides a favorable trade-off be-
tween accuracy, calibration, and sharpness compared to either
model used independently.

6.2. Visual Evaluation

To complement the quantitative results, Figures 2 and 3
present representative RUL predictions for test unit 7 from
datasets DSO1 and DS04, respectively. The DSO1 example
illustrates an ideal scenario in which both models produce
accurate predictions, whereas the DS04 example highlights
a more challenging case where the 1D-CNN model exhibits
comparatively poorer predictive performance.

In Figure 2 prediction for test unit 7 from dataset DS01, the
Weibull model follows the true RUL trajectory closely for this
unit. The 1D-CNN model initially exhibits large predictive
variance when the system is far from failure, reflecting lim-
ited degradation information in the early stages of operation.
As the unit approaches failure, the predictions become more
accurate and the uncertainty decreases. The combined model
integrates information from both components, producing pre-
dictions that remain stable in early cycles while gradually in-
corporating the improved sensor-based estimates later in the
lifecycle.

In Figure 3 prediction for test unit 7 from dataset DS04, the
1D-CNN model exhibits larger deviations and wider uncer-
tainty bounds compared to the Weibull model. The Weibull
model produces smoother predictions, with comparatively
broad intervals.The combined model lies between the two
estimates and shifts toward the Weibull prediction at large,
while still utilizing the predictions from sensor-based model.

6.3. Error Analysis of Combined Model

To further analyze the behavior of our fusion framework, Fig-
ure 4 presents the average prediction error (RMSE) as a func-
tion of true RUL for dataset DSO1. When the true RUL is
large, the combined model closely follows the error profile of
the Weibull model. As the unit approaches failure, the error of
the 1D-CNN decreases, and the combined model correspond-
ingly shifts toward the sensor-based behavior. This illustrates
a transition behavior of the combined model.

6.4. Ablation Study

To examine the influence of predictive uncertainty on the
combined model, we synthetically scale the estimated stan-
dard deviation of the 1D-CNN while keeping the predicted
mean fixed. The resulting predictions are shown in Figure 5.

When the standard deviation is deflated, the combined esti-
mate converges toward the 1D-CNN prediction. When the
standard deviation is inflated, the combined estimate shifts
toward the Weibull model. The prediction from individual
models can be seen in Figure 2. This experiment demon-
strates that the combined model’s outcome varies systemat-
ically with the relative uncertainty of the sensor-based com-
ponent. Ablation Study solidifies the transition behaviors ob-
served in the error analysis.

7. DISCUSSION

The empirical results demonstrate that integrating wear-based
survival modeling with sensor-based RUL estimation yields
consistent improvements across datasets. The combined
model achieves lower RMSE while maintaining competitive
c-index and producing narrower prediction intervals than
either component individually. These results indicate that
the fusion framework provides a favorable balance between
accuracy, calibration, and interval width.

The visual analysis further clarifies this behavior. When the
sensor-based model exhibits comparatively large uncertainty,
its influence is limited, and the combined prediction remains
closer to the Weibull estimate. At the same time, sensor-
derived information is still incorporated into the final esti-
mate. This adaptive behavior suggests that the fusion mecha-
nism performs uncertainty-aware decision making rather than
fixed model averaging.

The error analysis provides additional insight into this adapta-
tion. In early stages of operation, when the true RUL is large,
sensor signals contain limited degradation information. In
this regime, the wear-based model offers stable and consistent
predictions, and the combined model closely follows its be-
havior. As failure approaches and degradation becomes more
observable in sensor measurements, the sensor-based model
improves in accuracy. The combined model correspondingly
shifts toward the sensor-driven estimate. This time-dependent
transition emerges naturally from the fusion rule.

The ablation study reinforces this interpretation. By syn-
thetically inflating or deflating the estimated variance of
the sensor-based model, the dominance of each component
changes systematically. When the sensor-based model is
confident (low variance), it dominates the combined estimate.
When its uncertainty increases, the wear-based prior exerts
greater influence. This confirms that the switching behavior
is governed by relative predictive uncertainty and aligns
directly with the probabilistic formulation in Equation (1).
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Figure 2. RUL predictions for Unit 7 from dataset DSOI. Panel (a) shows the Weibull survival model, (b) the sensor-based
1D-CNN model, and (c) the combined model. The dashed line denotes the true RUL, and shaded regions indicate the 3o

uncertainty intervals.
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Figure 3. RUL predictions for Unit 7 from dataset DS04. Panel (a) shows the Weibull survival model, (b) the sensor-based
1D-CNN model, and (c) the combined model. The dashed line denotes the true RUL, and shaded regions indicate the 3o

uncertainty intervals.

+— Weibull - RMSE
—e— 1D_CNN - RMSE
1471 —e— Combined - RMSE

RMSE

a0
True RUL

Figure 4. Prediction error as a function of true RUL for
dataset DSO1. The combined model follows the Weibull
model in early life and shifts toward the sensor-based model
as failure approaches.

The observed behavior therefore arises from principled
probabilistic integration rather than heuristic blending.

The effectiveness of this framework depends critically on
well-calibrated uncertainty estimates. If predictive variances
are substantially mis-calibrated, the fusion mechanism may
overweight unreliable predictions or underweight reliable
predictions. Consequently, uncertainty calibration plays an
important role in practical deployment.

This study focuses on a specific parametric survival model
(i.e. the Weibull) and a specific neural architecture (i.e. 1D-
CNN) for sensor-based modeling to evaluate our primary con-
tribution on the probabilistic fusion mechanism. In principle,
our framework is model-agnostic and can accommodate al-
ternative survival formulations, such as Cox-based, stochas-
tic degradation models, or more advanced deep learning ar-
chitectures. Evaluating the approach with a range of individ-
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Figure 5. Ablation study showing the effect of predictive uncertainty of the sensor-based model on the combined model.
Deflating the standard deviation of 1D-CNN model shifts the estimate toward the 1D-CNN prediction, while inflating it shifts
the estimate toward the Weibull model. Original prediction can be seen in Figure 2.

ual models would provide further insight into its generality
and the extent of performance gains in relation to individual-
model performance.

The experimental evaluation is conducted on the N-CMAPSS
dataset, a simulated dataset, that enables controlled analy-
sis of the proposed fusion mechanism but may not fully re-
flect the complexity of real-world fleets. Its simulation-based
degradation process may produce more structured and sta-
tistically regular trajectories. In contrast, in real world op-
erational data additional variability is expected to be intro-
duced through maintenance actions, usage histories, operat-
ing regimes, sensor drift, missing data, and interacting degra-
dation mechanisms. Assessing the proposed framework on
real industrial datasets remains an important direction for fu-
ture work.

The framework relies on two assumptions, introduced in sec-
tion 3: First, that there is a deterministic relation between
H and F, and second that W and S are independent given
H. Care must be taken when applying the proposed method,
since both assumptions may be violated in certain situations.
First, the assumption of equivalence between H and F relies
on that the expression for equivalent operating hours used in
modeling P(F') corresponds to the actual physical degrada-
tion mechanism in the component. For example, if the actual
degradation accumulates as a function of load, but remain-
ing life is modeled in calendar time (and the future load is
not known in advance), then the relation between H and F
is not deterministic any more (only correlated) and the com-
bined model will be an approximation. Second, the assump-
tion that W and S are independent given H may also be vi-
olated, if for example information about the wear leaks into
the sensor based prediction. This may happen when wear-
related variables are implicitly encoded in sensor measure-
ments (e.g., trip meters, fuel consumption, or time since last

maintenance). Although such signals may benefit standalone
sensor-based models, our results suggest that separating these
sources and combining them through a principled survival
model may be more effective. Future work should there-
fore investigate methods to test this assumption and develop
strategies to account for potential dependencies when it does
not hold.

8. CONCLUSION

This work proposed a probabilistic framework for integrating
wear-based survival modeling with sensor-based RUL esti-
mation under explicit structural assumptions. By modeling
wear-driven risk and sensor-driven degradation as comple-
mentary sources of information. Later, combining the pre-
dictions at the level of failure probability distributions, the
framework enables principled uncertainty-aware fusion rather
than heuristic model averaging.

Empirical evaluation on N-CMAPSS datasets demonstrates
that the combined model achieves improved prediction
accuracy while maintaining competitive c-index perfor-
mance and producing narrower prediction intervals. The
error analysis further reveals a transition behavior: wear-
based modeling provides stability in early life, whereas
sensor-based estimation dominates as degradation becomes
observable. This switching behavior emerges naturally from
the probabilistic formulation and is governed by relative
predictive uncertainty.

The proposed framework provides a structured approach to
bridging wear-based and sensor-based prognostics, while
also connecting industrial maintenance practices with predic-
tive maintenance research. In industrial settings, long-term
service plan are required to be stable, for which survival-
based approaches are well suited. In contrast, much of the
research literature emphasizes data-driven deep learning
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models for RUL estimation. The proposed framework
enables the integration of advanced data-driven models with
existing survival-based approaches, rather than replacing
them. Thus the proposed framework supports a gradual and
practical transition toward more data-driven and Al-enabled
maintenance strategies.
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APPENDIX
Motivation on the standard deviation Model

Scatter plot in Figure 6 show that the true RUL vs predicted
RUL does not perfectly align on the diagonal line and addi-
tionally has a spread around the diagonal line. This calls for
modeling the heteroskedasticity uncertainty of the model. We
addressed this by modeling this uncertainty term as 6 (/i(S)).

Validating the results across individual Units

To assess the consistency of the results, we evaluate perfor-
mance across individual units. Figure 7 presents the metrics
computed per unit, demonstrating that the overall trends ob-
served in Section 6.1 are preserved at the unit level. In partic-
ular, the combined model consistently achieves the best per-
formance in terms of NIPW, while maintaining comparable
RMSE and PCIP, with a exception on unit 9 with lower PCIP.
Similar behavior is observed across all evaluated datasets.

For Unit 9, the combined model shows a noticeable reduc-
tion in PICP compared with the other units. This behavior
is mainly attributed to local miscalibration of the predictive
uncertainty for this unit. In particular, increasing the confi-
dence level used for PICP from o = 0.95 to o = 0.99 raises
the PICP for Unit 9 to 0.81. This indicates that the prediction
errors are not entirely inconsistent with the estimated distri-
bution, but that the 95% predictive interval is too narrow for
this specific unit. Therefore, the degraded PICP for Unit 9
reflects local uncertainty miscalibration.

Additional Information about the data

Our experiments use three N-CMAPSS subsets: DSO1 (4
train, 2 validation, 4 test units), DS03 (7 train, 2 validation,
6 test units), and DS04 (4 train, 2 validation, 4 test units).
For each cycle, the time-series data are smoothed using a
20-step tumbling-window average and segmented using a
sliding window of length 50. This produces DSO1 (14,359
training, 7,728 validation, 12,156 test samples), DS03
(20,567 training, 4,369 validation, 19,312 test samples),
and DS04 (19,386 training, 10,241 validation, 16,489 test
samples).
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Figure 6. Scatter plot of true versus predicted RUL for the 1D-CNN model. The increasing spread at larger RUL values
motivates modeling heteroskedastic prediction uncertainty.
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Figure 7. Per-unit evaluation of predictive performance, verifying that overall trends are consistent across individual units for

the dataset DSO1.
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