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ABSTRACT

Prognostics aims to predict the Remaining Useful Life (RUL)
of engineering systems to support decision-making in Pre-
dictive Maintenance (PdM) and operational planning. While
significant efforts have focused on maintenance optimization,
the impact of operational decisions on system degradation re-
mains relatively underexplored. In mission-based contexts,
systems operate under varying operational profiles, which
directly influence degradation dynamics and, consequently,
RUL.

This paper proposes a Sequential Bayesian Semi-Markov
(SBSM) framework for RUL prediction under changing op-
erational profiles. System degradation is modeled using Hid-
den Semi-Markov Models (HSMMs) with profile-dependent
sojourn time distributions and shared emission models, en-
abling consistent degradation representation across operati-
nal profiles. Online state estimation and uncertainty propa-
gation are performed using a particle filter, allowing adaptive
tracking of degradation under operational profile switching.
A quantile-preserving transformation is introduced to ensure
coherent state evolution during profile switching.

The framework supports two prediction modes: (i) a non-
informed mode, assuming unknown future operation, and
(ii) an informed mode, leveraging known future operational
schedules for decision support. The approach is validated on
a simulated battery degradation dataset with time-varying op-
erational profiles. Results demonstrate that incorporating fu-
ture operational information significantly improves both pre-
diction accuracy and uncertainty calibration, while the pro-
posed non-informed approach achieves competitive perfor-
mance with improved interpretability compared to a CNN
baseline.

These results highlight the potential of the SBSM framework
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for mission-based prognostics and its applicability to opera-
tional decision-making under uncertainty.

1. INTRODUCTION

Modern engineering systems are increasingly operated un-
der mission-based paradigms, in which a system executes
a sequence of missions characterized by changing opera-
tional profiles, objectives, and constraints (Wesendrup &
Hellingrath, 2020). In this context, mission-based prognos-
tics refers to the prediction of the Remaining Useful Life
(RUL) of a system while explicitly accounting for the fact
that system usage is driven by mission execution and may in-
volve deliberate changes in operational profiles.

Prognostics is a key enabler of decision-making within
Prognostics and Health Management (PHM) frameworks
(Goebel et al., 2017). In mission-based settings, prog-
nostic outputs are not only used to anticipate failures but
also to inform operational post-prognostic decision-making,
where operational profiles are adapted to balance perfor-
mance, safety, and system longevity during mission execution
(Wesendrup & Hellingrath, 2020). Mission-based operational
decision-making—such as mission replanning or task alloca-
tion using RUL information—can be seen as a specific subset
of operational post-prognostic decision-making.

Despite this potential, post-prognostic decision-making
research has predominantly focused on maintenance ac-
tions. The review by (Bougacha et al., 2020) shows that
nearly half of the existing studies address maintenance
decisions, whereas only about a quarter consider opera-
tional decision-making. Consequently, the role of prognostic
models specifically designed for mission-driven operational
profile changes remains underexplored.

Several works have investigated operational decision-making
using RUL information. Mission replanning based on prog-
nostics was proposed for autonomous vehicles in (Tang
et al., 2011), while (Zhang et al., 2014) developed an
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RUL-enhanced mission planner for planetary rovers. Simi-
lar objectives were pursued in (Salinas-Camus et al., 2023)
and (Tamssaouet et al., 2019). However, these approaches
typically assume that an accurate prognostic model is already
available and do not address how such models should be con-
structed to account for mission-induced changes in opera-
tional profiles.

Indeed, nearly half of post-prognostic decision-making
studies do not specify how RUL is predicted (Bougacha
et al., 2020), implicitly separating prognostics from
decision-making. This separation overlooks their closed-loop
interaction: operational decisions influence degradation,
while prognostic predictions inform future decisions. From
a prognostic perspective, this implies that models intended
for mission-based applications must explicitly account for
changing operational profiles and support sequential interac-
tion with operational decision-making algorithms.

Another limitation of existing prognostic frameworks is the
widespread use of deterministic RUL predictions (Salinas-
Camus et al., 2025). Since RUL represents an uncer-
tain prediction of future system behavior, uncertainty must
be explicitly quantified. Moreover, prognostic models for
mission-based applications must be interpretable, adaptive,
and capable of incorporating known or unknown future op-
erational schedules.

While most prognostic models assume fixed operating condi-
tions, some works address time-varying operational profiles
(Xue et al., 2025). Although deep learning approaches have
been developed, they typically require large labeled datasets,
offer limited interpretability, and produce deterministic pre-
dictions. For example, (Chang et al., 2022) proposed a multi-
input Long Short-Term Memory (LSTM) model that incor-
porates future operational conditions. However, the result-
ing framework remains a black-box model and does not pro-
vide probabilistic RUL predictions. In contrast, stochastic
and Bayesian approaches naturally support uncertainty prop-
agation and can be trained in an unsupervised manner. Ex-
isting Bayesian models either neglect how operational pro-
file changes affect the system lifetime distribution (Liu et al.,
2024), rely on system-specific physics (Jain & Lad, 2020),
or impose restrictive assumptions such as linearity or Gaus-
sian noise (Li et al., 2019; Keizers et al., 2021). A notable
exception is the work of (Flory et al., 2014), who proposed
a switching diffusion model for systems operating in ran-
domly varying environments. However, their approach fo-
cuses on lifetime estimation and does not explicitly quantify
uncertainty in the resulting predictions. Consequently, there
remains a need for a probabilistic prognostic framework ca-
pable of predicting RUL under changing operational profiles
while rigorously propagating uncertainty.

The objective of this paper is to propose a prognostic model
specifically tailored to mission-based operation, where oper-

ational profiles are deliberately changed to fulfill mission ob-
jectives. To this end, the Sequential Bayesian Semi-Markov
(SBSM) framework is proposed for RUL prediction under
changing operational profiles. Degradation is modeled us-
ing a Hidden Semi-Markov Model (HSMM) (Yu, 2010) with
discrete degradation states and Weibull-distributed sojourn
times. A finite set of operational profiles is assumed, with
one HSMM trained per profile in an unsupervised manner.
Sequential inference and RUL prediction are performed using
a Particle Filter (PF), enabling non-linear and non-Gaussian
uncertainty propagation (Jouin et al., 2016). The work most
closely related to the proposed framework is that of (Xiao et
al., 2018), who employed a duration-dependent HSMM com-
bined with a high-order particle filter for online prognostics.
In contrast, the proposed SBSM framework uses Weibull-
distributed state durations and a standard PF. The Weibull
distribution is widely adopted for modeling degradation pro-
cesses in engineering systems (Pham, 2022), while the use
of a standard PF reduces computational complexity and im-
proves computational efficiency.

RUL prediction is carried out in two modes: (i) a
non-informed mode, assuming no knowledge of future op-
erational usage, and (ii) an informed mode, assuming the
future mission schedule is known. By explicitly modeling
mission-driven operational profile switching and uncertainty
propagation, the proposed framework provides prognostic
outputs suitable for use within mission-based operational
post-prognostic decision-making.

The main contributions of this work are:

1. A prognostic framework tailored to mission-based oper-
ation with changing operational profiles.

2. An uncertainty-aware RUL prediction method based on
HSMMs and particle filtering.

3. The formulation of informed and non-informed RUL
prediction modes for mission-driven operational con-
texts.

The remainder of this paper is organized as follows. Section
2 presents the proposed methodology, including the SBSM
degradation modeling, the online inference procedure, and
the RUL prediction under both unknown and known future
operational profiles. It also describes the benchmark CNN
architecture used for comparison. Section 3 introduces the
case study based on simulated batteries and details the pa-
rameters employed to generate the dataset. Section 4 reports
the results of the SBSM, both informed and non-informed,
alongside those of the CNN, evaluating prediction accuracy
and uncertainty calibration. Finally, Section 5 summarizes
the conclusions.
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2. METHODOLOGY

The proposed Sequential Bayesian Semi-Markov (SBSM)
framework combines offline degradation modeling with on-
line Bayesian inference and RUL prediction. The framework
consists of three main components: HSMM-based degrada-
tion modeling, particle-filter-based online state inference with
operational profile adaptation, and RUL prediction under un-
known or known future operational profiles.

2.1. HSMM-based degradation modeling

In the offline phase, historical condition monitoring (CM)
data, or health indicators, are used to learn degradation mod-
els based on Hidden Semi-Markov Models (HSMMs) using
the HiMAP package (Kontogiannis et al., 2026). An HSMM
represents the degradation process as a sequence of discrete
degradation states, where each degradation state corresponds
to a distinct degradation level of the system. Each degradation
state is associated with a state-dependent observation model
and an explicit sojourn time distribution that governs the du-
ration spent in that state.

Formally, an HSMM is defined by the number of degradation
states N , the initial state distribution π, the emission distri-
butions B, and the state sojourn time distributions λ. In this
work, Gaussian emission distributions are considered, param-
eterized by a mean µ and standard deviation σ, while Weibull
distributions are used to model state sojourn times, parame-
terized by a shape parameter α and a scale parameter β. The
number of degradation states N is the only hyperparameter
of the model. All remaining parameters are learned using
the Expectation–Maximization algorithm and are denoted by
θ = {π,B, λ}.

For mission-based prognostics, a separate HSMM is trained
for each operational profile using run-to-failure trajectories
collected under that profile. It is assumed that all operational
profiles share identical emission distributions B across states.
This implies that the observed health indicator provides a
consistent representation of the underlying degradation state
(see, for example, the health indicator construction method-
ology for time-varying operational conditions proposed by
(Yang et al., 2025)), independently of the operating con-
ditions. Such an assumption is reasonable when a robust
health indicator has been developed that accurately reflects
the degradation process. Under this assumption, differences
in degradation dynamics across operational profiles are cap-
tured exclusively through the state sojourn time distributions
λ, which represent profile-dependent degradation rates.

Training provides a set of parameters θ for each operational
profile, characterizing the corresponding degradation dynam-
ics and serving as input to the online state inference and RUL
prediction framework.

2.2. Online state inference via particle filtering

During online operation, the hidden degradation state is in-
ferred sequentially using a PF (Jouin et al., 2016). Given ob-
servations y1:k, the posterior distribution of the degradation
state is approximated as

p(xk | y1:k) ≈
M∑
i=1

ω
(i)
k δ(xk − x

(i)
k ), (1)

where each particle x
(i)
k = (s

(i)
k , e

(i)
k ) represents the current

degradation state and the elapsed time spent in that state.

Particles are propagated according to the HSMM transition
model. State transitions are governed by the discrete-time
Weibull hazard function

hs(e) = 1− Ss(e+ 1)

Ss(e)
, (2)

while particle weights are updated using the state-dependent
observation likelihood

ω
(i)
k ∝ ω

(i)
k−1 p(yk | s(i)k ). (3)

Systematic resampling is performed when particle degener-
acy is detected using a threshold on the effective sample size.

2.3. Operational profile transition

Operational profile transitions are handled independently of
the RUL prediction strategy and are applied whenever a
change in the operational profile is detected.

Since a dedicated HSMM is trained for each operational pro-
file, a profile change requires adapting the state duration
model. Consider a particle in degradation state s with elapsed
time e. Under the previous profile, the state duration follows
a Weibull distribution with parameters (αold

s , βold
s ), while un-

der the new profile it follows (αnew
s , βnew

s ).

To preserve the particle’s relative progress within the degra-
dation state, a quantile-preserving transformation is applied:

q = Fold(e), e′ = F−1
new(q), (4)

where F (·) denotes the Weibull cumulative distribution func-
tion. This transformation ensures that the particle maintains
the same percentile of the state duration distribution after the
profile transition. The degradation state remains unchanged,
and only the elapsed time is updated. Particles already in the
absorbing failure state are not modified.

This quantile-preserving transformation is central to the pro-
posed framework, as it enables consistent tracking of degra-
dation progress across operational profile changes without
resetting the state or losing information about the system’s
degradation history.
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Figure 1. Overview of the SBSM framework for mission-based prognostics.

2.4. RUL prediction with unknown future operation

When future operational profiles are unknown, RUL predic-
tion is performed by propagating the posterior particle en-
semble forward in time while assuming that the current oper-
ational profile remains active.

For each particle, multiple Monte Carlo realizations of future
degradation trajectories are generated. If a particle is already
in the failure state, its RUL is set to zero. Otherwise, the
remaining time in the current degradation state is sampled
from a Weibull distribution conditioned on survival beyond
the elapsed time:

T (i,j) ∼ Weibull(α
s
(i)
k

, β
s
(i)
k

), T (i,j) > e
(i)
k . (5)

The particle is then propagated through successive degrada-
tion states until the absorbing failure state is reached.

The resulting RUL samples capture aleatoric uncertainty due
to the stochastic nature of degradation, and epistemic un-
certainty arising from uncertainty in the inferred degradation
state. The predictive RUL distribution is obtained by aggre-
gating all samples and weighting them according to the parti-
cle weights.

2.5. RUL prediction with known future operational
schedule

When the future operational schedule is known, the degrada-
tion process is propagated through the prescribed sequence of

operational profiles. Let

U = {(um, dm)}Mm=1 (6)

denote the future operational profiles and their durations.

Starting from the posterior particle set, future degradation tra-
jectories are simulated sequentially across the scheduled pro-
files. Within each profile, state transitions are governed by
the corresponding Weibull hazard function

hs(e, um) = 1− S
(m)
s (e+ 1)

S
(m)
s (e)

, (7)

where the superscript (m) denotes the operational profile.

When the duration of an operational profile is exhausted,
the current degradation state and elapsed time are preserved,
while the Weibull parameters are updated to those of the next
profile. Monte Carlo realizations are generated until the ab-
sorbing failure state is reached, providing a weighted approx-
imation of the posterior predictive distribution

p(RUL | y1:k,U). (8)

By explicitly incorporating future operational scheduling, this
formulation reduces uncertainty associated with unknown fu-
ture usage and enables operationally informed prognostic pre-
dictions.
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2.6. Benchmark model: Convolutional Neural Network

To evaluate the performance of the SBSM framework, a Con-
volutional Neural Network (CNN) is employed as the base-
line model, given the widespread adoption of CNNs in prog-
nostics following the emergence of deep learning techniques.
The CNN is trained to map fixed-length temporal windows of
CM data, together with a one-hot encoded representation of
the corresponding operational profile, to the RUL. The net-
work architecture is illustrated in Figure 2. The extracted
feature representations are subsequently mapped to a scalar
RUL prediction through a fully connected layer with a linear
activation function. The network parameters θ are optimized
by minimizing the mean squared error (MSE) between the
predicted and true RUL values:

L(θ) = 1

N

N∑
i=1

(yi − fθ(Xi))
2
, (9)

where N denotes the number of training windows, yi is the
ground-truth RUL associated with the i-th input window, and
fθ(Xi) represents the CNN prediction for input Xi.

In
pu

t w
in

do
w

s

C
on

v1
D

C
on

v1
D

M
ax

Po
ol

D
ro

po
ut

G
lo

ba
lA

vg
Po

ol

Re
LU

D
ro

po
ut

Li
ne

ar

Figure 2. CNN architecture.

To capture predictive uncertainty, Monte Carlo (MC) Dropout
is applied during both training and inference. Dropout layers
remain active during prediction, producing stochastic forward
passes that generate a set of RUL predictions (samples) for
each input window. These samples create an empirical RUL
distribution and represent an approximation of the epistemic
uncertainty (Gal & Ghahramani, 2016).

Unlike the SBSM, the CNN does not explicitly model the
system’s degradation process. Temporal dependencies are
learned implicitly through convolutional feature extraction,
while MC Dropout provides a probabilistic approximation of
epistemic uncertainty.

3. CASE STUDY

The case study is based on a simulated battery degrada-
tion dataset generated using the ProgPy library developed by
NASA (Teubert et al., 2023). Specifically, the dataset was
generated using the BatteryCircuit model, with a pro-
cess noise level of 0.01 and a measurement noise level of

0.03. The End of Life (EOL) is defined as the time at which
the battery voltage reaches 3.1 [V].

Three operational profiles were defined based on the dis-
charge current: Operation A with a current draw of 3.2 [A],
Operation B with 3.5 [A], and Operation C with 3.7 [A].

For each operational profile, 20 run-to-failure degradation tra-
jectories were generated, where the battery was operated un-
der the same discharge current throughout its entire lifetime.
These trajectories constitute the training dataset.

For testing, degradation trajectories with time-varying op-
erational profiles were generated. Each battery experiences
all three operational profiles exactly once during its lifetime,
without repetition. The order of the profiles and the switching
times are randomly sampled for each trajectory. In total, 20
degradation histories were generated for testing.

Figure 3 shows the EoL distribution for each dataset. It can be
observed that, for the individual operational profiles (datasets
A, B, and C), the EoL distributions are relatively concen-
trated. In contrast, the testing dataset exhibits a more dis-
persed distribution, reflecting the variability introduced by
switching between operational profiles.

This experimental setup allows the evaluation of the proposed
framework under controlled operational profile switches to
validate the proposed prognostics framework capabilities.

Figure 3. EOL distribution per dataset.

4. RESULTS

The SBSM framework requires training an HSMM. The
Bayesian Information Criterion (BIC) was used to determine
the optimal number of hidden states, resulting in a model with
five states. A general HSMM was first trained using the entire
pool of training data to estimate the shared emission param-
eters B. These emission parameters were subsequently fixed
and used to train three operation-profile-specific HSMMs. As
all models share the same emission parameters, the key dis-
tinguishing factor between them lies in their sojourn time dis-
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tributions, which capture the dynamics of each operational
profile.

The learned parameters were then used within a particle fil-
tering framework for online state inference, using 60 particles
for both informed and non-informed SBSM variants.

For comparison, a CNN-based baseline model was imple-
mented using a fixed input window length of 10. The model
was trained with the Adam optimizer for up to 100 epochs,
with early stopping applied to mitigate overfitting. Hyper-
parameters, including learning rate, batch size, and dropout
rate, were optimized via random search, with the final model
selected based on validation performance.

Model performance was evaluated using Root Mean Squared
Error (RMSE) to assess point prediction accuracy, and Con-
tinuous Ranked Probability Score (CRPS) to jointly evaluate
predictive accuracy, uncertainty calibration, and sharpness.
The distributions of both metrics across trajectories are shown
in Figure 4.

(a) RMSE results

(b) CRPS results

Figure 4. Results in terms of prediction accuracy and uncer-
tainty calibration for the three models.

The results indicate a clear performance advantage for the
SBSM-informed approach. In terms of RMSE (Figure 4a),

the SBSM-informed model achieves the lowest median er-
ror (29.88 steps), significantly outperforming both the SBSM
non-informed model (median of 46.07 steps) and the CNN
baseline (median of 50.51 steps). Additionally, the SBSM-
informed model exhibits a wider spread with lower minimum
values, suggesting that it can achieve highly accurate predic-
tions under favorable conditions, although with some vari-
ability.

A similar trend is observed for CRPS (Figure 4b), where the
SBSM-informed model again substantially outperforms the
alternatives. The median CRPS is 15.12 steps, compared to
around 26.30 steps for the SBSM non-informed model and
29.87 steps for the CNN. This improvement highlights the
benefit of incorporating future operational profile informa-
tion, enabling better-calibrated predictive distributions with
improved sharpness.

Overall, these results demonstrate that incorporating knowl-
edge of future operational profiles significantly enhances both
prediction accuracy and uncertainty quantification. This is
expected, as only the SBSM-informed model has access to
future operational schedules. Therefore, the most meaningful
comparison is between the SBSM non-informed model and
the CNN baseline, which operate under the same information
constraints. Under these conditions, the two models show
comparable performance in both RMSE and CRPS, with the
SBSM non-informed model achieving slightly better median
values.

Beyond predictive performance, the SBSM framework offers
substantial advantages in interpretability. By combining an
HSMM-based degradation model with a particle filter for on-
line inference, the evolution of the degradation state can be
tracked explicitly. Each hidden state corresponds to a distinct
degradation level, which can be visualized and analyzed over
time. Furthermore, the predictive log-likelihood of observa-
tions can be monitored, providing a quantitative measure of
how well the current observations align with the estimated
degradation state. This enables users to diagnose model in-
consistencies: for instance, if the estimated degradation state
is incorrect, it is likely to propagate into inaccurate RUL pre-
dictions.

In contrast, the CNN model operates as a direct mapping from
input data (condition monitoring signals and operational pro-
files) to RUL predictions. Due to its high-dimensional pa-
rameterization, the model behaves as a black box, offering
limited insight into the underlying degradation process or the
cause of prediction errors.

Additionally, the two approaches differ in their treatment
of uncertainty. The CNN relies on MC dropout to ap-
proximate epistemic uncertainty, whereas the SBSM frame-
work provides a more comprehensive uncertainty representa-
tion. Specifically, aleatoric uncertainty is inherently captured
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through the HSMM degradation model, while epistemic un-
certainty is accounted for through the particle filtering pro-
cess. This results in a richer and more interpretable charac-
terization of predictive uncertainty.

As a qualitative example, Figure 5 presents the RUL predic-
tion for trajectory 18. The predictions of the CNN and the
SBSM non-informed model are broadly similar, although the
CNN exhibits higher variability and less smooth predictions.
In contrast, the SBSM-informed model produces a more sta-
ble prediction with reduced uncertainty bounds, reflecting the
additional information about the future operational schedule.
This demonstrates the practical advantage of leveraging oper-
ational profile schedule in prognostic modeling.

Overall, the SBSM framework can be leveraged for mission-
based applications in two complementary ways. First, in sce-
narios where operational decisions dynamically alter the sys-
tem usage, the framework provides reliable RUL predictions
even when the future operational schedule is unknown. Sec-
ond, when the decision-maker seeks to evaluate alternative
operational strategies, the informed SBSM mode enables the
comparison of different future operational schedules. This al-
lows assessing how various mission plans would impact the
system’s degradation and RUL, thereby supporting decision-
making processes aimed at optimizing objectives such as sys-
tem longevity, safety, or performance.

5. CONCLUSIONS

This paper proposed a Sequential Bayesian Semi-Markov
(SBSM) framework for mission-based prognostics under
changing operational profiles. The approach combines
HSMM-based degradation modeling with particle filtering
for online inference, enabling both accurate RUL predic-
tion and principled uncertainty quantification in dynamic
operational environments.

The proposed framework explicitly accounts for changes in
operational profiles by associating each profile with a specific
HSMM, while sharing emission parameters across models to
ensure consistency in degradation representation. Two RUL
prediction modes were introduced: a non-informed mode,
which assumes unknown future operation, and an informed
mode, which leverages knowledge of future mission sched-
ules. This distinction allows the framework to be applied in
both real-time operational contexts and decision-support sce-
narios.

The results demonstrate that incorporating future operational
information significantly improves predictive performance.
The SBSM-informed approach achieved the lowest RMSE
and CRPS values, indicating both high accuracy and well-
calibrated probabilistic predictions. Furthermore, the pro-
posed framework enables uncertainty management specifi-
cally for future uncertainties, defined as the reduction of pre-

(a) CNN.

(b) SBSM non-informed.

(c) SBSM informed.

Figure 5. RUL prediction for an example trajectory under
different models.

dictive uncertainty by leveraging knowledge of future op-
erational conditions. When the future operation is known,
the model can condition its predictions on the correspond-
ing operational profile, leading to narrower confidence inter-
vals in RUL estimates. Under comparable information con-
ditions, the SBSM model without future information and the
CNN baseline exhibited similar performance, with the SBSM
showing slightly better median results.

Beyond predictive accuracy, the SBSM framework provides
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important advantages in interpretability and uncertainty rep-
resentation. Unlike the CNN baseline, which operates as a
black-box mapping, the SBSM enables explicit tracking of
degradation states and their evolution over time. Further-
more, the framework naturally captures both aleatoric uncer-
tainty, through the stochastic degradation model, and epis-
temic uncertainty, through particle-based inference, resulting
in richer and more interpretable predictive distributions.

The proposed framework also supports mission-based
decision-making by enabling the evaluation of alternative
operational strategies. By simulating different future oper-
ational schedules, decision-makers can assess their impact
on system degradation and RUL, thereby supporting objec-
tives such as extending system lifetime or ensuring mission
completion.

While the SBSM framework has potential to be used in
mission-based contexts and operational post-prognostics de-
cision making, future work will focus on extending the frame-
work to handle continuous and potentially unknown opera-
tional profiles. Further research will also explore integration
with decision-making algorithms in closed-loop settings, en-
abling joint optimization of prognostics and operational plan-
ning. Finally, validation on real industrial datasets will be
pursued to assess the practical applicability and robustness of
the proposed approach.
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