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ABSTRACT

The future behavior of a system is largely determined by its
manufacturing process, as variations in production quality
can lead to different performance outcomes over time. In
the context of prognostics, all sources of uncertainty that ex-
ist prior to the system’s commencement of operation are col-
lectively referred to as past uncertainty, yet its role is rarely
recognised in the prognostics and health management (PHM)
community. Most existing approaches to uncertainty and its
management focus only on model parameters, leaving the
management of past uncertainty largely unexplored. This
work introduces a framework to explicitly manage this source
by incorporating manufacturing quality control (MQC) data
into hidden semi-Markov model (HSMM) prognostics. The
method creates quality-specific HSMMs, each tailored to a
particular manufacturing quality (MQ) type, and combines
them during inference using MQC-informed Bayesian model
averaging. The framework is validated on composite speci-
mens with pristine, oil-induced, and Teflon-induced defects.
Ultrasonic scans provide MQC inputs, while strain data de-
scribes degradation. Results show that accounting for MQ re-
duces uncertainty in RUL predictions and highlights the im-
portance of correctly identifying the MQ type for effective
uncertainty management in prognostics.

1. INTRODUCTION

Prognostics is a key component of prognostics and health
management (PHM) solutions. In this context, the goal of
prognostics is to predict the remaining useful life (RUL) of
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the system under study, which will later be used for decision-
making. An appropriate implementation of prognostics en-
ables cost savings and increased service availability (Goli,
Ghodrati, & Eleftheroglou, 2025).

Among the many factors that concern prognostics, the in-
clusion of uncertainty is essential, since they aim to predict
future events (Sankararaman & Goebel, 2013). To under-
stand the origin of prognostic uncertainty, Sankararaman
(Sankararaman, 2015) proposes four sources of uncertainty:

• Present uncertainty reflects the lack of knowledge about
the current damage condition.

• Future uncertainty group uncertainties related to the fu-
ture operational conditions that the system will face.

• Modelling uncertainty corresponds to uncertainty in the
prognostic model parameters.

• Prediction uncertainty accounts for uncertainty gener-
ated due to approximations in the computation of the
prognostic.

Later, (Eleftheroglou, 2020) introduced a fifth source of un-
certainty: past uncertainty. This additional source refers to all
uncertainties present before a system begins operation, such
as those associated with its materials, assembly processes,
and manufacturing quality.

Prognostic models must account for all five sources of uncer-
tainty to provide a reliable estimate of the RUL uncertainty.
Neglecting any of these sources can result in incomplete RUL
uncertainty estimates, which may in turn mislead subsequent
decision-making. Nevertheless, even when all sources are
considered, the RUL uncertainty may remain so large that
the prognostics output provides limited or no actionable in-
formation for decision-making. In these cases, it is necessary
to obtain additional information to reduce uncertainty at spe-
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cific sources, thereby reducing prognostic uncertainty before
making any decisions. This process is referred to as uncer-
tainty management (UM) (Sankararaman, 2015).

Some UM frameworks are available in PHM literature. For
instance, (Saha & Goebel, 2008) explore the use of Bayesian
techniques to manage present and modelling sources of
uncertainty. In a similar fashion, (Orchard, Kacprzynski,
Goebel, Saha, & Vachtsevanos, 2008) employ outer feed-
back correction loops to manage present, modelling, and
prediction uncertainties. Furthermore, (Edwards, Orchard,
Tang, Goebel, & Vachtsevanos, 2010) implements this tech-
nique for future uncertainty management with favourable
results. (Tang, Kacprzynski, Goebel, & Vachtsevanos, 2009)
review several techniques for imaging present and modelling
sources of uncertainty in particle filter-based prognostics. Re-
cently, (Kim, Choi, & Kim, 2022) proposed a framework for
modelling uncertainty management with variable inspection
schedules. Also, (Eleftheroglou, Zarouchas, & Benedictus,
2020; Eleftheroglou, Galanopoulos, & Loutas, 2024) have
proposed frameworks for present uncertainty management
using adaptive hidden semi-Markov models (HSMMs).

From the reviewed literature, it is evident that most UM
frameworks focus primarily on managing present and mod-
elling sources of uncertainty.

UM for past state uncertainty has, so far, received little at-
tention. Initial results were presented by Leinarts (Leinarts,
2025), which proposes a similarity-based approach to adapt
HSMM parameters using manufacturing quality control
(MQC) data from composite specimens. However, it does
not formalize a framework for managing past uncertainty in
general PHM solutions.

Therefore, this work constitutes a first attempt to formalize
a framework for managing past uncertainty. The proposed
framework can use MQC data to better characterize the sys-
tem’s quality before its operation begins and use this informa-
tion to update the prognostic model, resulting in more reliable
RUL prognostics.

The paper is structured as follows. First, Section 2 presents
the proposed framework. Then, Section 3 introduces the case
study used for validating the framework. Later, the obtained
results are presented and discussed in section 4. Finally, Sec-
tion 5 concludes this work and provides future research direc-
tions.

2. PROPOSED FRAMEWORK

2.1. Assumptions

Past uncertainty management involves gathering additional
information to assess the system’s quality prior to operation
and incorporating it into the chosen prognostic model before
starting operation. The proposed framework achieves this

goal by using MQC data to adjust the prognostic model’s pa-
rameters related to the system’s degradation dynamics.

As a starting point, this study assumes that the prognostic
model corresponds to an HSMM, since this model offers sev-
eral advantages for modelling prognostic uncertainty com-
pared to other common approaches, such as neural network-
based methods (Salinas-Camus & Eleftheroglou, 2024).
These advantages lead to enhanced robustness, interpretabil-
ity, and feasibility (Salinas-Camus, Goebel, & Eleftheroglou,
2025).

More specifically, HSMMs infer a hidden stochastic process
that models the evolution of system degradation. To accom-
plish this, these models employ an observation process, a
monotonic degradation process, and a distribution for the ini-
tial condition. The observation process, parameterized by
B, infers the hidden damage state from condition monitor-
ing (CM) data. Then, the degradation process, represented by
Γ, models the left-to-right transition between hidden states.
Finally, the initial state probabilities, parameterized by π, in-
dicate the system’s initial damage condition. The values for
these parameters are estimated by maximizing the observa-
tion likelihood, as presented in Eq. 1:

{
π∗, B∗,Γ∗} = arg max

π,B,Γ

K∑
i=1

log
(
Pr(y(k)|π,B,Γ)

)
, (1)

where yk corresponds to the CM data of the k-th degradation
history in a training dataset,

{
π∗, B∗,Γ∗} denote the esti-

mated parameters of the HSMM. In addition, Pr(y(k)|π,B,Γ)
the likelihood function to be maximized. For further details
on the mathematical formulation behind HSMMs, please re-
fer to (Kontogiannis, Salinas-Camus, & Eleftheroglou, 2025).

The proposed framework assumes that sources of past uncer-
tainty influence the dynamics of system degradation and its
initial state. This implies that the observed CM data may re-
main the same, while the system’s degradation rate changes
with past uncertainty. In the HSMM, this assumption implies
that the parameter B is independent of the sources of past un-
certainty, while the π and Γ are conditional on them. Thus,
managing past uncertainty entails using MQC data to update
these parameters and reduce uncertainty in the output prog-
nostics.

Another core assumption of this framework is that past un-
certainty can be described by a discrete label representing the
overall system manufacturing quality (MQ). This means that
past uncertainty originates from the lack of knowledge about
which MQ type the system belongs to. Note that MQ reflects
the phenomena that induce past uncertainty without loss of
generality.

Finally, three distinct data sources are necessary to implement
the proposed framework. First, a dataset comprising example
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degradation histories with CM and MQC data for all identi-
fied MQ types. The purpose of this dataset is to adjust the
models that compose this framework. Second, before starting
the operation of the system, a user should gather MQC data
using a non-destructive testing technique. This data should
reflect the system’s MQ type and will later be used to perform
past UM. Finally, during the operation, CM data is continu-
ously collected and used as input to generate RUL prognos-
tics.

2.2. Proposed framework

The proposed framework comprises two phases: training and
inference. First, the training phase uses example degrada-
tion histories to train a set of HSMMs. These models reflect
the system’s degradation process, conditional on the detection
of a particular MQ type, and are denoted as Quality-specific
HSMMs (Q-HSMMs).

Then, the inference phase uses the Q-HSMMs to manage past
uncertainty and predict the system’s RUL. This is achieved
by using MQC data obtained before the start of the operation
to classify the MQ type. Then, the obtained classification
is used to integrate the RUL prognostics of the Q-HSMMs
using Bayesian model averaging. Note that each Q-HSMM
uses the CM data gathered during operation as input for its
RUL prognostics.

Figure 1 presents a flowchart of the proposed framework and
the submodules it employs. Subsection 2.2.1 provides fur-
ther details about the training phase of the framework, while
Subsection 2.2.2 explains the inference phase.

2.2.1. Training phase

The goal of the training phase is to generate a collection of
Q-HSMM using the available training degradation histories.
The first assumption of this framework is that past sources
of uncertainty affect only the degradation dynamics and the
initial damage condition of the system. This means that all
Q-HSMMs should share a common observation process. To
achieve this, the models are trained in two steps.

In the first step, it is necessary to train a baseline HSMM
that does not distinguish between MQ types. The purpose of
this model is to infer the general observation process, param-
eterized by B, that relates the CM data to the hidden states.
This is achieved by maximizing the observation likelihood as
stated in Eq. 1.

Then, in the second step, the π and Γ parameters of the Q-
HSMMs are estimated using subsets of the training dataset
composed of only one MQ type. Note that for this step, the
B parameter is not further updated. By doing this, the Q-
HSMM is adjusted to the degradation dynamics induced by
each MQ type without altering the observation process. For-
mally, this estimation procedure can be expressed in terms of

the maximum likelihood estimation problem stated in Eq. 2:

{
π∗
i ,Γ

∗
i

}
= argmax

π,Γ

Ki∑
k=1

log
(
Pr(x(k)|π,Γ, B)

)
, (2)

where
{
π∗
i ,Γ

∗
i

}
correspond to the estimated parameters of

the i-th model, x(k) corresponds to the CM data of the k-th
degradation history of the training dataset with MQ type i
and size Ki. Additionally, B represents the observation pro-
cess of the baseline HSMM. This optimization problem can
be solved iteratively using the expectation-maximization al-
gorithm (Eleftheroglou et al., 2020).

The outcome of repeating this procedure for all MQ type re-
sults in the desired collection of Q-HSMMs. Each of these
models reflects the degradation dynamics caused by one spe-
cific MQ type, while sharing one common observation pro-
cess. Because of this property, the Q-HSMMs isolate the ef-
fects of past uncertainties, resulting in more reliable prognos-
tic models when used during inference.

2.2.2. Inference phase

At the inference phase, the Q-HSMMs generated during the
training phase are used to predict the RUL of a new system.
To do so, before the operation begins, it is necessary to lever-
age MQC data from the new system to classify its MQ type.
This task involves computing the probability that the system
exhibits a specific MQ type. This classification is later used to
determine which Q-HSMM best represents the system under
study.

Once the operation starts and CM data is collected, each Q-
HSMM can generate its own RUL prognostics. Then, the
effect of past uncertainties is marginalized by performing
Bayesian model averaging, using the classification outcome
as weights. Formally, this corresponds to computing the
expression presented in Eq. 3:

Pr(RUL|x, q) =
N∑
i=1

Pr(RUL|x, π∗
i ,Γ

∗
i , B)·Pr(π∗

i ,Γ
∗
i |q),

(3)
where (RUL|x, q) corresponds to the RUL prognostic prob-
ability density function (PDF) given the input CM data x and
the MQC data q, Pr(RUL|x, π∗

i ,Γ
∗
i , B) the RUL prognostic

PDF for the i-th Q-HSMM and CM data x, Pr(π∗
i ,Γ

∗
i |q) the

output of the MQ type classifier given the MQC data q, and
N the number of different MQ types available. Note that for
the case of continuous MQ type, the summation in Eq. 3 can
be generalized to a Lebesgue integral.

The RUL prognostic obtained from Eq. 3 factors in infor-
mation from both CM and MQC data. However, including
the classifier outputs in the RUL prognostic computation indi-
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Training phase Inference phase

Base HSMM

Quality-specific 
degradation histories

Q-HSMMs

Manufacturing quality 
inspection data

Condition 
monitoring data

Bayesian model 
averaging

Weighted 
HSMMs

Remaining useful life 
prognostic

MQ type 
classifier

Combined degradation histories

Figure 1. Flowchart of the proposed framework. Dark blue icons represent models trained with the combined degradation
histories. Blue, green, and orange icons correspond to modules and data for a particular MQ type. Violet icons represent
Q-HSMMs after combining them using Bayesian model averaging.

cates that the performance of the combined prognostic model
depends not only on the individual Q-HSMMs but also on the
classifier. If the classifier assigns a high probability to the
correct MQ type, UM is effectively applied, since the effect
of past uncertainty would be drastically reduced. Yet if the
classifier is biased towards one particular MQ type or assigns
uniform probabilities to all MQ types, it will systematically
assign low probabilities to the correct Q-HSMM, leading to
biased and uncertain prognostic outputs.

To isolate this effect of the classifier and showcase the po-
tential of correctly applying the proposed uncertainty man-
agement framework, this work implements an ideal classi-
fier to select the prognostic model given some MQC data.
In the ideal case, the classifier assigns a probability of one
to the correct MQ type and zero to any other. So, using the
ideal classifier to generate prognostics yields the best possi-
ble performance, given a set of Q-HSMMs. This variant of
the framework is referred to as ideal Q-HSMM.

However, achieving an ideal classifier is not always possible,
since MQC data is also prone to observation noise and mod-
elling uncertainty. To represent this realistic scenario, this
work also implements a k-nearest neighbour (KNN) classifi-
cation approach. This approach was chosen for its simplicity
and its widespread use in classification tasks (Syriopoulos,
Kalampalikis, Kotsiantis, & Vrahatis, 2025).

The implemented KNN classifier assigns MQ type probabil-

ities based on the labels of the k nearest training examples.
Distances are computed by projecting the MQC data into an
embedding space and measuring the 2-norm between the pro-
jection and the training samples.This variant of the frame-
work is referred to as KNN Q-HSMM.

Note that this implementation reflects only a simple, realistic
classification approach. This work will not focus on achiev-
ing the best possible performance in this aspect.

To validate the proposed uncertainty management frame-
work, the following sections implement and evaluate it using
data from an experimental campaign.

3. CASE STUDY

The experimental campaign reported in (Leinarts, 2025) was
selected as a case study to validate the proposed framework,
as it contains all the necessary information sources to imple-
ment it. This dataset consists of 12 constant-amplitude fa-
tigue tests on open-hole carbon fiber composite specimens.
The fatigue test stop criterion is met when the specimen rup-
tures. During specimen manufacturing, two types of defects
were deliberately introduced, resulting in three MQ types:
pristine specimens, oil-induced defects, and Teflon-induced
defects. Hence, past uncertainties arise from the quality of
the manufacturing process and may include defects such as
oil contamination or Teflon residues.

Before performing the fatigue test, all specimens were scanned
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using ultrasonic imaging (Endrerud, 2014). These images
reveal the quality of the laminate by showing damping in-
formation, highlighting air/dirt inclusions, delaminations, or
voids. Thus, they can partially indicate which defects were
introduced into the tested specimens. Thus, they serve as the
MQC data in the proposed framework.

Figure 2 illustrates the MQC data for the available MQ types.
In pristine specimens, scans still present noise. However,
they do not reveal major defects. In contrast, specimens with
Teflon-induced defects yield scans with square structures that
correspond to the presence of Teflon patches. Finally, spec-
imens with oil-induced defects tend to reveal elevated noise
levels.

During the fatigue test, strain data were collected using dig-
ital image correlation (DIC). This data reflects the degrada-
tion of each specimen during the experiments. Figure 3 illus-
trates the raw time series data. The dataset was augmented
by randomly compressing and stretching the DIC trajectories
and adding white noise. Then, to isolate the effect of mea-
surement noise and data quality, the augmented trajectories
were further preprocessed to generate a cumulative normal-
ized health indicator (HI) that serves as CM data in the pro-
posed framework.

Figure 4a illustrates the degradation histories obtained after
augmentation and preprocessing, with colors indicating the
respective MQ type. Figure 4b reveals the impact of past un-
certainties on the lifetime distributions of the systems. In-
deed, separating the distributions by color, i.e., knowing each
specimen’s MQ type, leads to less spread in the lifetime dis-
tributions.

To quantify the performance of the proposed framework, two
evaluation metrics are employed: the mean absolute error
(MAE) and the continuous ranked probability score (CRPS).
The MAE quantifies the deviation of the expected value of
the prognostic PDF from the actual RUL curve, i.e., its bias.
Then, the CRPS simultaneously evaluates the calibration of
the uncertainty in the prognostic model and its bias. Hence,
both the MAE and CRPS will quantify the performance of the
model in terms of accuracy and uncertainty.

The HI degradation histories presented in Figure 4a. were
used to train three Q-HSMMs, one for each MQ type, i.e.,
while leaving three degradation histories as a holdout test set.
In addition, the scans were used to train a KNN MQ type
classifier. With these elements, it is possible to implement
the proposed framework and evaluate its performance.

4. RESULTS

The results obtained compare cases in which the KNN and
ideal classifiers are used. The KNN classification will rep-
resent a realistic case in which uncertainty is managed using
MQC data. In contrast, using the ideal classifier showcases

the best possible performance that the framework can achieve
in this specific case study. Additionally, results are contrasted
with a baseline HSMM, representing the case in which past
uncertainty is not managed, and only CM data is available.

Figure 5 shows the evolution of RUL prognostics across time
for a hold-out pristine specimen for the baseline HSMM, the
ideal, and the KNN Q-HSMMs. Among the three tested mod-
els, the ideal Q-HSMM has the lowest uncertainty, followed
by the KNN Q-HSMM. Furthermore, when looking at the ex-
pected values, all of the obtained prognostics are close to the
Actual RUL. This indicates that the Q-HSMMs can manage
past uncertainty without introducing significant bias into the
model.

Similar to the pristine specimens, Figure 6 presents the ob-
tained prognostics for a hold-out specimen with a Teflon-
induced defect. In this case, it can be observed that the ideal
Q-HSMM manages past uncertainty. However, the obtained
prognostics present a bias towards higher RUL values. This
bias can be explained by the dispersion in lifetimes of speci-
mens with Teflon-induced defect. Since these specimens are
biased towards higher lifetimes, their associated Q-HSMM
will inherit this bias.

The KNN Q-HSMM is, however, unable to manage past
uncertainty in this particular specimen. This result can be
attributed solely to the KNN MQ type classifier, since the
ideal Q-HSMM does not exhibit this issue. In fact, for this
specimen, the classifier assigns an equal probability to all Q-
HSMMs, resulting in an equally weighted combination of all
quality-specific prognostic models. Ultimately, this results in
prognostics that still present excessive uncertainty.

The previous results highlight the importance of the MQ type
classifier for managing past uncertainty. Indeed, if the clas-
sifier is biased towards a specific MQ type or too uncertain
in its outputs, using it for past uncertainty management can
result in worse performance than the baseline model. Hence,
understanding which requirements should be enforced on the
classifier to guarantee effective past UM constitutes an unat-
tended research gap.

The previous analysis is based on results from a single dataset
partition. To make the analysis robust to dataset selection
bias, cross-validation with 5 folds of the test and training
datasets was conducted. Table 1 presents the MAE and CRPS
values obtained across validation folds for all models.

Table 1. Average MAE and CRPS across validation folds.
All metrics are normalized by lifetime length. The ± sign
indicates the standard deviation of the metrics across folds.

MAE CRPS
Baseline HSMM 3.06± 1.83 1.96± 1.09
Ideal Q-HSMM 0.21± 0.03 0.27± 0.02
KNN Q-HSMM 3.11± 1.23 1.96± 0.92
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(a) Example of MQC data for a pristine
specimen.

(b) Example of MQC data for a specimen
with Teflon-induced defects.

(c) Example of MQC data for a specimen
with oil-induced defects.

Figure 2. Examples of the employed MQC data for the MQ types available.
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Figure 3. Raw strain data used for testing the framework.
Each color corresponds to one MQ type.

Results in Table 1 show that managing past uncertainty with
the ideal Q-HSMM leads to a drastic improvement in MAE
and CRPS, when compared with the baseline HSMM. In fact,
the MAE and CRPS show average improvements of 93%
and 86%, respectively. This implies that the proper imple-
mentation of the framework can drastically reduce prognostic
uncertainty while simultaneously reducing bias. These re-
sults are consistent across folds, as the metric standard devia-
tions are negligible. Indeed, such a drastic reduction enables
the prediction of reliable prognostics that lead to actionable
decision-making.

However, the improvement observed in the ideal Q-HSMM
does not carry over to the KNN Q-HSMM. This result can
be attributed to the performance of the MQ type classifier.
For this study, two further aspects are evaluated: classifica-
tion accuracy (Figure 7) and certainty (Figure 8). Accuracy

reflects the classification bias, while certainty indicates how
much probability is assigned to the true MQ type label.

To evaluate classification accuracy, Figure 7 shows the con-
fusion matrix for the KNN classifier. From the figure, it is
evident that the classifier struggles to differentiate between
pristine systems and those contaminated with oil defects. In-
deed, the obtained classification accuracy is only 60%. This
implies that, in most cases, the framework will assign greater
weight to the wrong Q-HSMM, leading to bias in the prog-
nostic.

In addition, Figure 8 illustrates how the KNN classifier as-
signs probabilities to the true MQ type label for all specimens
across folds. The figure shows that, for most classifications,
the assigned probabilities are equivalent to a random guess.
This indicates that the classifier is not adding certainty to the
prognostics and is thus failing at past uncertainty manage-
ment.

These results support the claim that counting with an accu-
rate MQ type classifier is crucial to effective past uncertainty
management. In fact, if the MQ type classifier is mistaken,
this error will propagate to the prognostic after performing
past uncertainty management. Moreover, even if the classi-
fier is accurate, it should also be confident in its predictions.
Otherwise, it will not be able to add certainty in the prognos-
tics.

5. CONCLUSIONS

This work proposes a framework for managing past uncer-
tainty in prognostics. The framework uses MQC data to select
Q-HSMMs, trying ot render out the contribution of past un-
certainty from the output prognostics. The proposed frame-
work constitutes an initial approach towards incorporating
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Figure 4. a) Employed degradation histories, separated by their corresponding defect type. b) Scaled density distributions for
the specimen lifetime, separated by their corresponding defect type. The black density corresponds to the specimens lifetime,
without distinguishing between manufacturing defects.

0 200 400 600 800
Time

0

500

1000

1500

RU
L

Baseline
Ideal classifier
KNN Classifier

Figure 5. Actual RUL for the implemented prognostic models
in a test pristine specimen.

past uncertainty management in PHM solutions.

The framework was implemented using data from composite
specimens with different MQ types cycled under fatigue. Two
variants of the framework were tested: one uses an ideal MQ
type classifier, while the other uses a KNN classifier. The per-
formance of these variants is benchmarked against a baseline
HSMM.

Results indicate that using the ideal classifier for past uncer-
tainty management leads to a consistent reduction in uncer-
tainty and an increase in overall prognostics accuracy com-

0 250 500 750 1000 1250
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1500

2000

RU
L

Baseline
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KNN Classifier

Figure 6. Actual RUL curve for the implemented prognostic
models in a test specimen with Teflon-induced defects.

pared to the baseline HSMM. This outcome showcases the
potential benefits of incorporating past uncertainty manage-
ment to enhance prognostics reliability. For the KNN classi-
fier, the results show a drastic drop in performance compared
to the ideal case. This drop in performance is attributed to the
classifier, suggesting that accurate MQ type classification is
fundamental for effective past uncertainty management.

Future work will focus on understanding which are the nec-
essary requirements that guarantee effective past uncertainty
management. These requirements could later be enforced in
the HSMM and MQ type classifier, enhancing the robustness
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Figure 7. Confusion matrix for the KNN classifier.

of the framework. Additionally, future research will explore
how to incorporate the proposed framework in cases where
other sources of uncertainty are also managed, with the po-
tential for a complete framework for UM in prognostics.
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