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ABSTRACT

Prognostics aims to predict the Remaining Useful Life (RUL)
of engineering assets and is essential for effective Predictive
Maintenance (PdM). Unlike preventive maintenance, PdM of-
fers substantial cost benefits by scheduling maintenance only
when needed. However, most existing prognostic models as-
sume that repairs return an asset to an “as-good-as-new”” con-
dition. In practice, repairs are often imperfect, as they only
partly restore the asset and may change its subsequent degra-
dation behavior. This mismatch represents a major limitation
of current prognostic approaches, as poor prognostic perfor-
mance can lead to unnecessary maintenance actions or unex-
pected failure.

This paper proposes a fully Bayesian prognostic model, named
the Sequential Bayesian Semi-Markov Framework (SBSM),
that explicitly accounts for imperfect repair while being trained
exclusively on data from non-repaired assets. The framework
combines a Hidden Semi-Markov Model (HSMM) to repre-
sent the degradation model with a particle filter for the pre-
dictive step. Repair actions are incorporated as prior distribu-
tions that represent repair effectiveness, enabling repair un-
certainty and prognostic uncertainty to be treated in a unified
manner. This formulation allows post-repair degradation tra-
jectories to differ from pre-repair behavior without retraining
the model.

The approach is experimentally validated using an in-house

dataset of aluminum open-hole specimens subjected to constant-

amplitude fatigue loading, repaired via cold spray deposition,
and tested to failure. Baseline (non-repaired) specimens are
used for training, while repaired specimens are used exclu-
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sively for testing. The proposed method is compared against
a Convolutional Neural Network (CNN) baseline. Results
show that the SBSM achieves lower prediction error and im-
proved probabilistic calibration, particularly under significant
distributional shifts induced by more effective repairs. The
framework demonstrates robust post-repair RUL prediction
and well-calibrated uncertainty estimates, highlighting its po-
tential for real-world predictive maintenance applications in-
volving imperfect repair.

1. INTRODUCTION

Prognostics is a key component of predictive maintenance, as
it provides Remaining Useful Life (RUL) predictions. Un-
like reactive maintenance (after failure) or preventive main-
tenance (at fixed intervals), predictive maintenance schedules
interventions according to the actual degradation state of the
asset. This condition-based strategy improves reliability, re-
duces downtime, and optimizes life cycle cost (Moleda et al.,
2023).

Maintenance actions can be classified as perfect, minimal,
worse, or imperfect repair (Carlo & Arleo, 2017). A perfect
repair restores the asset to an “as good as new” condition. A
minimal repair restores it to an “as bad as old” state, leav-
ing degradation unchanged. Worse repair degrades the asset
further than its pre-repair state. Imperfect repair lies between
perfect and minimal repair: the asset is partially restored but
not to its original condition. In practice, most repairs are im-
perfect. If this is not properly modeled, RUL predictions may
become overly optimistic, leading to unexpected failures (Do
et al., 2015). Therefore, prognostic frameworks must explic-
itly account for imperfect repair and its uncertainty.

In prognostics, data-driven models are among the most widely
used approaches, as they rely on historical data for training
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and do not require explicit physical knowledge of the asset.
This is particularly advantageous for complex engineering as-
sets, where obtaining accurate and complete physics-based
models can be challenging and often impractical (Salinas-
Camus et al., 2025). However, only a limited number of data-
driven models incorporate imperfect repairs. Existing ap-
proaches either rely on computationally expensive deep learn-
ing architectures (Skordilis & Moghaddass, 2020), exhibit
early-life prediction bias (Ma et al., 2023), or treat repair
uncertainty independently from prognostic uncertainty with-
out allowing degradation dynamics to change after repair -
(Komninos et al., 2025). As a result, current methods may
fail to capture the complex interactions between repair ac-
tions and future degradation behavior.

To address these limitations, this paper proposes a fully Baye-
sian data-driven prognostic framework, called the Sequential
Bayesian Semi-Markov Framework (SBSM) that explicitly
incorporates imperfect repair and its uncertainty into RUL
prediction. The proposed framework models the degradation
process using a Hidden Semi-Markov Model (HSMM) (Yu,
2010), as it provides an effective representation of degrada-
tion based on condition monitoring (CM) data, enabling accu-
rate RUL prediction while quantifying uncertainty (Dong &
He, 2007; Kontogiannis et al., 2025; Wang et al., 2014). To
predict RUL, the proposed SBSM uses sequential Bayesian
inference to update the asset state as new observations be-
come available. Repair actions are integrated into the prog-

nostic process as probabilistic interventions, allowing the degra-

dation trajectory to change after maintenance while account-
ing for uncertainty in repair effectiveness. This enables joint
propagation of prognostic and repair uncertainty and allows
the framework to operate without requiring repaired data dur-
ing training.

The framework is validated through an in-house experimen-
tal study of aluminum specimens subjected to fatigue load-
ing and repaired using cold spray, an additive manufactur-
ing technique in which metallic powder particles are acceler-
ated to supersonic velocities to form dense, adherent coatings
at relatively low temperatures. Cold spray has applications
in aerospace, automotive, and marine industries (Yandouzi
et al., 2014; Widener et al., 2016). Baseline (non-repaired)
specimens are used for training, while repaired specimens are
used exclusively for testing. The proposed approach is further
compared with a Convolutional Neural Network (CNN) as a
deep learning baseline.

The main contributions of this work are summarized as fol-
lows:

1. A fully Bayesian prognostic framework that integrates
HSMM-based degradation modeling with particle filter-
ing to provide probabilistic RUL estimation.

2. A principled mechanism to incorporate imperfect repair

within the inference process, enabling repair uncertainty
and prognostic uncertainty to be treated in a unified man-
ner.

3. Experimental validation on cold spray repaired aluminum
fatigue specimens, including comparison with a CNN-
based deep learning baseline.

The remainder of this paper is organized as follows. Section
2 describes the methodology, detailing the SBSM in both of-
fline and online phases, as well as the baseline CNN architec-
ture used for comparison. Section 3 presents the case study
on aluminum open-hole specimens repaired with cold spray.
Section 4 reports the results of the SBSM and CNN in terms
of prediction accuracy and uncertainty calibration. Finally,
Section 5 summarizes the conclusions.

2. METHODOLOGY

The Sequential Bayesian Semi-Markov Framework (SBSM)
operates in two stages: an offline (train) phase and an on-
line (test) phase, as presented in Figure 1. During the of-
fline phase, historical CM data or a Health Indicator (HI) are
used to train the parameters of an HSMM, including the state-
dependent observation distributions and the Weibull state du-
ration parameters. The HSMM was implemented using the
HiMAP package (Kontogiannis et al., 2026). The HSMM
outputs the learned parameter set, 6, which characterizes the
stochastic degradation process of the asset. These estimated
parameters are subsequently used for Bayesian inference.

In the online phase, real-time observations are assimilated us-
ing a Particle Filter (PF). The PF is employed for sequen-
tial Bayesian inference because it provides a computationally
feasible method for approximating the posterior distribution
of the asset states (Jouin et al., 2016). Initialized with the
learned HSMM parameters 6, the PF recursively estimates
the posterior distribution of the hidden degradation states as
new observations become available. In addition, the PF en-
ables the incorporation of repair actions by introducing a prior
distribution that represents repair effectiveness. This prior in-
formation is used to update the state duration distributions in
a Bayesian manner. This combination of HSMM-based mod-
eling and particle filtering provides a fully data-driven and
probabilistic framework for reliable prognostics.

2.1. Hidden Semi-Markov Degradation Model

The degradation process of the engineering asset is modeled
as an HSMM. Let X; € {1,..., S} denote the hidden degra-
dation state at time ¢, and let Y; represent the corresponding
CM observation.

Unlike standard hidden Markov models, the duration of the
state is explicitly modeled through state-dependent duration
distributions. For each degradation state s, the sojourn time
follows a Weibull distribution parameterized by a shape pa-
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Figure 1. Sequential Bayesian Semi-Markov Framework (SBSM) overview.

rameter o and a scale parameter 3.

2.2. State Duration and Transition Model

Let e denote the elapsed time spent in the current state s. The
survival function associated with the Weibull duration model

is given by
&@)wp{(ﬁ)s}. ()

The conditional probability of remaining in state s for one
additional time step is therefore expressed as

Ss(e+1)
Ss(e) @

—esl(£) - ()] @

Accordingly, the probability that the current state terminates
at elapsed time e is given by

P(Xip1=s|Xi=s,¢€) =

Ss(e+1)

Sile) “

P(Xt+128+1|Xt:S,€):l—

Transitions are assumed to be sequential, reflecting the mono-
tonic progression of degradation through the hidden states.
2.3. Observation Model

Conditional on the hidden degradation state, observations are
assumed to be independent and normally distributed. The
emission model is defined as

p(Ye | Xy = 8) = N(Yy | s, 02), Q)

where us and o5 denote the state-dependent mean and stan-

dard deviation, respectively. This assumption reflects the HSMM

degradation model, where each state generates observations
according to its emission parameters.
2.4. Initial Degradation Condition

Prior knowledge regarding the initial degradation condition
of the asset is incorporated through a categorical prior distri-
bution over the hidden states,

P(X1:S)Z7TS7 (6)
where 74 represents the prior probability that the asset starts
in state s.

2.5. Bayesian Filtering and Posterior Approximation

The objective of inference is to recursively estimate the filter-
ing distribution

p(Xt | Yl:t)a (7)

which is analytically intractable due to the explicit model-
ing of state durations. To address this challenge, the particle
filtering approach is employed to approximate the posterior
distribution.

Each particle represents a realization of the hidden state and
its associated elapsed time. The particle weights are propor-
tional to the joint likelihood of the observation and the transi-
tion dynamics,

W ocp(Ya | X p(xX 1 XD e ®

After normalization, the filtering distribution is approximated



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

as
N . .
p(Xe=s|Yi) = Y w 1(X[ =), ©9)
=1

where I(+) denotes the indicator function.

2.6. Particle Degeneracy Control

To mitigate particle degeneracy, the effective sample size is
monitored during inference and defined as

1

Nett = = %"
Zi:l(wg ))2

(10)

When N,g falls below a predefined threshold, resampling is
performed to maintain particle diversity and ensure numerical
stability of the approximation.

2.7. Incorporation of Repair Actions

The SBSM framework enables the incorporation of repair ac-
tions through an explicit probabilistic transition mechanism
within the particle filtering process. Repair events are treated
as exogenous interventions that alter the future degradation
dynamics of the asset while preserving uncertainty regarding
their effectiveness.

A repair action is assumed to either restore the asset to a pre-
vious hidden degradation state or to leave the current state
unchanged while partially resetting the elapsed time variable
e;. The emission model remains unaffected by repair actions,
as the relationship between the hidden degradation state and
the observations is assumed to be the same. In contrast, the
state duration distributions are allowed to change in order to
reflect the modified degradation rate induced by the repair.

State durations are modeled using Weibull distributions with
shape parameter «; and scale parameter 35 (see Subsection
2.2), learned during the offline training of the HSMM. The
shape parameter primarily governs the variability of the so-
journ time, whereas the scale parameter controls its expected
magnitude and thus directly influences the RUL prediction.

It is assumed that repair effectiveness can be quantified either
through a diagnostic technique (e.g., non-destructive testing)
or through a repair effectiveness model. This assumption is
reasonable and applicable in real-time settings, as repair as-
sessment is commonly performed immediately after main-
tenance actions to evaluate structural integrity or expected
performance recovery. Therefore, this information regarding
the effectiveness of a repair is incorporated by introducing a
stochastic scaling factor applied to the Weibull scale param-
eters. Specifically, upon the occurrence of a repair action, a
latent repair effectiveness variable r is sampled from a prior

distribution,
r~ N(pr, 07), (11)

where p, > 1 reflects the expected improvement in degrada-
tion resistance due to repair, and o2 encodes uncertainty in
the expert assessment.

Conditioned on the sampled value of r, the Weibull scale pa-
rameter of each particle is updated according to

B =rp;, (12)

where 3; and 3 denote the scale parameters immediately
before and after the repair event, respectively.

As a result, repair actions introduce controlled epistemic un-
certainty into the particle ensemble, allowing post-repair degra-
dation trajectories to evolve heterogeneously across particles.
Subsequent observations progressively constrain this uncer-
tainty through the standard weighting and resampling steps
of the particle filter.

2.8. Remaining Useful Life prediction

The asset’s RUL is predicted by propagating the particle en-
semble, explicitly accounting for both aleatoric and epistemic
uncertainties. For each particle, the current elapsed time in
the degradation state is considered, and the remaining time in
that state is sampled from the corresponding Weibull distri-
bution conditioned on survival beyond the elapsed duration:

trem = Weibull(ais, B | > €) — e, (13)

where s is the current state and e is the elapsed time. Follow-
ing this, the durations of subsequent states are sampled se-
quentially according to their respective Weibull distributions.
This generates a particle level trajectory of the total remaining
life:

RULO = ¢@) + 3 ¢l) (14)

s’
s'>s
where tS) represents a sampled sojourn time for future state
s’ for particle 1.

To more accurately represent the inherent stochasticity of the
degradation process, multiple realizations of the remaining
life are generated for each particle. Using only a single sam-
ple per particle would provide only one possible trajectory,
potentially underestimating the variability due to the random-
ness in state durations. By generating multiple trajectories per
particle, the model captures the aleatoric uncertainty in the as-
set, while the particle distribution itself reflects epistemic un-
certainty arising from partial knowledge of the current state
or the effects of repair actions.
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2.9. Baseline model: Convolutional Neural Network

To evaluate the performance of the SBSM framework, a Con-
volutional Neural Network (CNN) is used as the baseline mo-
del, as CNNs have been widely adopted in prognostics with
the rise of deep learning. The CNN is trained to map fixed-
length temporal windows of CM data to the RUL. Its archi-
tecture is illustrated in Figure 2. The extracted feature rep-
resentations are then mapped to a scalar output via a fully
connected layer with a linear activation. Network parameters
6 are optimized by minimizing the mean squared error (MSE)
between predicted and true RUL values:

£(6) = %Z (yi — fo(Xi))?, (15)

i=1

where N is the number of training windows and fp(X;) de-
notes the CNN prediction for input X;.

Input windows

|

Convi1D

|

ConviD

|

MaxPool

|

Dropout

!

GlobalAvgPool

|

RelLU

|

Dropout

|

Linear

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 particle filter HSMM, the CNN does not explicitly
model the asset’s degradation process. Temporal dependen-
cies are learned implicitly through convolutional feature ex-
traction, while MC Dropout provides a probabilistic approxi-
mation of epistemic uncertainty.

3. CASE STUDY

Specimens were fabricated from Aluminium 6082-T6 (300
mm X 60 mm x 3 mm) and featured a 6 mm diameter hole.

A 0.5 mm long notch with a 0.125 mm radius was machined
on each side of the hole using wire electric discharge machin-
ing (EDM), oriented transverse to the loading axis to promote
localized crack initiation.

Fatigue testing was performed using load control in accor-
dance with ASTM E466 (ASTM International, 2021). Test-
ing was performed using a hydraulic machine with a 100 kN
load cell under constant amplitude loading, with a peak load
of 13 kN, a load ratio of 0.1, and a frequency of 5 Hz. After
each series of 250 cycles, a 2-second hold period at the max-
imum load was included to capture images for Digital Image
Correlation (DIC), enabling strain measurement as an indica-
tor of damage progression.

Training specimens were tested to failure, whereas testing
specimens were fatigued to 45,000 cycles before undergoing
cold spray repair. Before deposition, the repair region was
locally abraded with Scotch-Brite and cleaned with isopropyl
alcohol. Spraying was conducted within four hours of sur-
face preparation to limit oxide formation. Cold spraying was
performed using nitrogen as the carrier gas at 0.2 MPa (20
bar) with a nozzle coil temperature of 600 °C. The nozzle
was positioned at a 20 mm stand-off distance and traversed
the coupons at 20 mm/s with a raster step size of 0.5 mm
(center-to-center distance between adjacent passes). Two re-
pair configurations were applied: thin repairs, consisting of
a single deposited layer (~0.5 mm total thickness), and thick
repairs, consisting of three layers (~1.5 mm total thickness).

Q

/

Figure 3. Non-repaired specimen exhibiting crack growth
(left), and repaired specimen (right) with cold spray patches
applied over the crack region.

Specimens 1, 2, 3, 5, and 8 received a thick repair, while
specimens 4, 6, 7, and 9 received a thin repair. After repair,
all specimens were subjected to the same loading conditions
as before the repair until failure, with repair thickness influ-
encing total lifetimes (see Figure 4).

For preprocessing, the first 35,000 cycles of each degradation
history were removed to exclude the initial flat (“healthy”)
stage. The strain measurements were then transformed into
a cumulative feature and discretized to obtain an idealized
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Figure 4. Strain data from training and testing sets.

(“perfect”) feature. Although this feature is not suitable for
real-time monitoring, it serves as a benchmark for evaluating
the prognostic model performance.

The training set consisted of 10 degradation histories from
non-repaired specimens, with an average lifetime of 56.50
kcycles (91.50 kcycles total before pre-processing). The test
set included 9 histories: 5 with thick repairs and 4 with thin
repairs. Thick repairs had a longer average fatigue life of
80.60 kcycles (115.60 kcycles total before pre-processing),
whereas thin repairs resulted in an average lifetime of 61.90
kecycles (96.93 kcycles total before pre-processing).

4. RESULTS

The SBSM framework requires training the HSMM, for which
the Bayesian Information Criterion (BIC) was used to select
the optimal number of hidden states. The learned HSMM
parameters 6, representing the degradation model and trained

exclusively on non-repaired specimens, were then utilized within

the PF, which used 100 particles to obtain probabilistic RUL
predictions. In this study, prior knowledge about repair ef-
fectiveness was introduced through a Gaussian distribution.
For thin repairs, it was assumed that the lifetime improves
by 5% relative to the baseline degradation model, leading to
r = 1.05 with a standard deviation of 0.02. For thick re-
pairs, a 30% improvement in lifetime was assumed, resulting
in u, = 1.3 with a standard deviation of 0.05. These pri-
ors were injected into the particle ensemble at the repair time,
allowing both the expected improvement and its associated
uncertainty to be propagated during prediction.

In contrast, the hyperparameters of the CNN baseline were
tuned through grid search, and the network was trained using
sliding windows of length 10.

Performance was evaluated using RMSE to quantify point
prediction accuracy and CRPS, to jointly assess prediction
accuracy and uncertainty calibration and sharpness. Since
the repair altered the End of Life (EoL) and therefore the
true RUL trajectory, both metrics were computed only from

the repair point onward, ensuring that the comparison reflects
post-repair prognostic performance.

Table 1 summarizes the prognostic performance for each spec-
imen, with specimens that had a thick repair indicated by an
asterisk. Overall, the results demonstrate that the SBSM con-
sistently outperforms the CNN across all cases. The mean
RMSE decreases from 7.52 kcycles (CNN) to 3.30 kcycles
(SBSM), while the mean CRPS decreases from 4.96 kcycles
to 2.15 keycles. The improvement in CRPS is particularly im-
portant, as it demonstrates that the SBSM not only improves
point prediction accuracy but also provides better predictive
distributions.

Table 1. RMSE and CRPS for CNN and SBSM across test
set.

. RMSE [kcycles] | CRPS [kcycles]
Specimen | o\ SBSM | CNN. - SBSM
1% 1008 191 | 641 170
2% 1144 288 | 742  2.09
3 1009 271 | 625  2.00
4 391 337 | 203 201
5% 1501 7.69 | 1125 444
6 056 356 | 132 188

7 126 129 | 1.09 122
g+ 1112 346 | 719 226
9 320 283 | 170 176
Mean | 752 330 | 496 215

These results confirm that integrating HSMM-based degra-
dation modeling with particle filtering provides robust proba-
bilistic RUL predictions. The flexibility of the PF enables the
integration of prior knowledge about imperfect repair, which
modifies the degradation trajectory at the time of repair. This
adaptation is achieved by injecting the repair effectiveness
prior into the particle ensemble. At the same time, uncertainty
regarding the repair effect is explicitly propagated. As a re-
sult, repair uncertainty and prognostic uncertainty are treated
in a unified Bayesian manner.

The advantage of the SBSM becomes more evident in spec-
imens with thick repairs, which exhibit extended post-repair
lifetimes beyond the range observed during training. While
the CNN performs competitively for some thin repair cases
(where post-repair lifetimes remain closer to the training dis-
tribution), it degrades in performance under larger distribu-
tional shifts. In contrast, the SBSM remains more consistent,
reflecting its ability to modify degradation trajectories after
repair without retraining.

The qualitative RUL trajectories further support these obser-
vations. Figure 5 presents the RUL prediction of specimen
7, which had a thin repair and the shortest post-repair life
in the test set. After repair, the SBSM particles are shifted
according to the prior 7 ~ N(1.05,0.022), and the predic-
tion follows the true RUL closely. In this case, the CNN also
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performs well, since the lifetime remains similar to those ob-
served during training.
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Figure 5. RUL prediction for specimen 7 (thin repair).

Figure 6 shows the RUL prediction of a specimen with a thick
repair and the longest life in the test set. Due to the signifi-
cant shift in the true RUL, the initial prior r ~ N(1.3,0.05?)
does not immediately match the new trajectory. However, as
additional observations are incorporated, the SBSM progres-
sively adjusts and moves closer to the true RUL. In contrast,
the CNN cannot adequately adapt to this shift, resulting in
poorer performance.

Overall, the results demonstrate that the proposed SBSM can
provide probabilistic RUL predictions, incorporate imperfect
repair in a principled Bayesian manner, and adapt to post-
repair degradation dynamics without requiring repaired data
during training. Compared to the CNN baseline, the SBSM
shows improved robustness, better uncertainty calibration and
sharpness, and more consistent performance across varying
repair conditions.

5. CONCLUSIONS

This paper presents the Sequential Bayesian Semi Markov
Framework (SBSM), which integrates HSMM as a degrada-
tion model with a PF to provide probabilistic RUL predictions

RUL prediction for specimen 5 - Particle Filter
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Figure 6. RUL prediction for specimen 5 (thick repair).

while explicitly accounting for imperfect repair. The degra-
dation model was trained exclusively on non repaired speci-
mens, and repair actions were incorporated during inference
through prior distributions representing repair effectiveness.
This formulation enables post-repair degradation dynamics
to differ from pre-repair behavior without requiring repaired
data during training.

Experimental validation on cold spray repaired aluminum fa-
tigue specimens demonstrated that the proposed framework
outperforms a CNN baseline in both point prediction accu-
racy (RMSE) and uncertainty calibration (CRPS). The re-
sults show that the SBSM provides more robust performance,
particularly under significant distributional shifts induced by
thick repairs. By injecting prior knowledge about repair ef-
fectiveness into the particle ensemble, the framework treats
repair uncertainty and prognostic uncertainty in a unified Ba-
yesian manner. This capability allows structured adaptation
after repair and improves consistency across varying repair
conditions.

Overall, the study confirms that combining stochastic degra-
dation modeling with sequential Bayesian inference is effec-
tive for post-repair prognostics. The framework achieves pro-
babilistic RUL prediction, principled integration of imperfect
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repair, and adaptation to new degradation regimes without re-
training.

Future work will focus on investigating the impact of differ-
ent prior assumptions regarding repair effectiveness and an-
alyzing how these priors influence RUL prediction accuracy
and uncertainty. A more detailed uncertainty and sensitivity
analysis will also be conducted to better understand the con-
tribution of model parameters and prior distributions to pre-
dictive performance. Finally, the development of a real-time
HI will enable the integration of the SBSM into a complete
PHM pipeline suitable for fully real-time deployment.
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