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Prognostics and Health Management (PHM) has gained prominence in recent years due to the increasing complexity
of engineering systems and structures. Many of these systems lack comprehensive physical models that accurately
describe their degradation processes, and there is limited engineering experience regarding their real-world opera-
tional behavior. Consequently, ensuring that predefined safety standards are met throughout the operational lifecycle
has become critical. To train prognostic models, it is essential to gather data that captures the degradation process
accurately. However, varying operational conditions can significantly impact degradation, underscoring the need for
robust prognostic models capable of adapting to different operational scenarios and unexpected events.

This work presents a novel adaptive prognostics model, the Adaptive Hidden Semi-Markov Model (AHSMM),
designed to provide reliable Remaining Useful Life (RUL) predictions for engineering systems and structures under
diverse loading conditions. Specifically, acoustic emission (AE) data from glass fiber-reinforced polymer (GFRP)
specimens subjected to fatigue loading were used to train the model. To assess the robustness of the AHSMM,
GFRP specimens were tested under the same fatigue conditions, but with multiple impacts simulating real-world
phenomena such as hail. The AHSMM demonstrated its robustness and predictive accuracy outperforming the
standard Hidden Semi-Markov Model (HSMM).
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1. Introduction

Prognostics and Health Management (PHM) has
become an essential component in ensuring the
reliability and safety of complex engineering sys-
tems and structures. As these systems grow in
complexity and operate in increasingly variable
conditions, the ability to predict their Remaining
Useful Life (RUL) and detect potential failures
before they occur has become critical for main-
taining operational safety and optimizing main-
tenance strategies. Many modern systems lack
comprehensive physical models to describe their

degradation processes accurately, particularly un-
der diverse or unpredictable operational scenarios.
Consequently, developing robust prognostic mod-
els that can adapt to different operational condi-
tions is crucial.

Structural health monitoring (SHM), a key en-
abler of PHM, employs a network of sensors to
monitor system degradation over time (Kessler
and Spearing, 2002). SHM encompasses diagnos-
tics, which identify and quantify damage (Kho-
daei and Aliabadi, 2016; Marques et al., 2019),
and prognostics, which forecast the structures’
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future condition and RUL (Saxena et al., 2011).
Prognostics is particularly challenging but essen-
tial for optimizing fleet availability and mainte-
nance schedules.

Many modern systems lack detailed physical
models, making data-driven prognostic models
a suitable approach, particularly for composites
(Guo et al., 2019). State-of-the-art models, such
as Deep Learning (DL), Long Short-Term Mem-
ory (LSTM), and Convolutional Neural Networks
(CNNs), can achieve high accuracy but are sen-
sitive to the quality of training data, environmen-
tal uncertainties, and unforeseen events (da Costa
et al., 2020; Li et al., 2020; Vollert and Theissler,
2021). This sensitivity can result in poor gen-
eralization and unreliable predictions under real-
world conditions.

In contrast, unsupervised stochastic models
provide a promising alternative, particularly in
scenarios where labeled failure data is limited
(Jouin et al., 2016). Models like the Adaptive
Non-Homogeneous Hidden Semi-Markov Model
(ANHHSMM) (Eleftheroglou et al., 2020) are es-
pecially valuable in real-world applications due to
their ability to adapt to operational changes and
unexpected phenomena providing a robust prog-
nostic model. In addition, these models improve
reliability in prognostic tasks as they inherently
treat RUL as a random variable rather than a de-
terministic one, allowing them to account for the
inherent uncertainties in prognostics.

Given the growing use of composite materials
in safety-critical industries such as aerospace and
automotive, developing reliable and robust meth-
ods for monitoring their degradation is essential.
While much of the existing literature focuses on
residual strength estimation or damage progres-
sion (Lee et al., 2022; Chiachio et al., 2014),
few studies address RUL prediction (Peng et al.,
2015; Wu and Yao, 2010). Prominent examples
include using Non-Homogeneous Hidden Semi-
Markov Models for fatigue life prediction (Eleft-
heroglou and Loutas, 2016) and Gaussian process
regression for RUL estimation in stiffened panels
(Galanopoulos et al., 2023; Eleftheroglou et al.,
2024).

Although impact damage in composites is well-

studied, the combined effects of impact and fa-
tigue loading remain underexplored (Sadighi and
Alderliesten, 2022).

This paper presents an Adaptive Hidden Semi-
Markov Model (AHSMM) to predict the RUL of
glass fiber-reinforced polymer (GFRP) specimens
subjected to multiple impacts during fatigue load-
ing. By training the model with acoustic emis-
sion (AE) data, its performance under varying and
complex conditions is evaluated, demonstrating its
robustness, adaptability, and predictive accuracy
in real-world scenarios.

The remainder of the paper is organized as fol-
lows: Section 2 introduces the development of the
AHSMM, Section 3 describes the experimental
case study, Section 4 presents and discusses the
results, and Section 5 concludes the paper.

2. Adaptive Hidden Semi Markov Model

The AHSMM is an improvement of the estab-
lished Hidden Semi-Markov Model (HSMM) (Yu,
2010). The adaptive features of the AHSMM are
inspired by the methodology presented in (Eleft-
heroglou et al., 2020).

The HSMM itself extends the capabilities of the
Hidden Markov Model (HMM) (Rabiner, 1989)
by incorporating a variable sojourn time for each
damage state. This means that for each damage
state, a number of observations are emitted based
on the sojourn time of that damage state. In this
study, the sojourn time for each damage state fol-
lows a Weibull distribution. An HSMM is defined
by three main elements: the number of damage
states, NV; the number of distinct observation sym-
bols, M; and the transition rate function, A. To
train the HSMM, the Expectation-Maximization
(E-M) algorithm is utilized, as detailed in (Yu,
2010).

However, specific assumptions are made to
make the model suitable for prognostics. First,
the model always starts in the first hidden state,
implying that the structure begins in a “good-as-
new” condition. Second, only left-to-right transi-
tions are permitted, meaning the structure’s health
cannot recover, and all states must be traversed
sequentially until failure. Lastly, the final state
is observable and represents failure, emitting a
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single observation value.

As mentioned, the AHSMM introduces adap-
tivity to the HSMM. During the testing phase,
adaptation is triggered whenever a transition oc-
curs from damage state S; to S; 1. The sojourn
time of state .S;, denoted T3, is then compared to
the expected value F; derived from the training
phase via the Weibull distribution for that state.
The Weibull distribution is defined by two pa-
rameters, « (shape) and [ (scale), as shown in
Equation 1. The expected value of the distribution
is given in Equation 2.

a—1 (z\e
f(z) = %(%) e B, az0, )
0, z < 0.
1
E[X] = AT <1+—) )
«

A ratio between 7T; and E; of the current damage
state, S;, is calculated and used as a resampling
factor (RF) for the sojourn time of the next dam-
age state, S;11. To resample the sojourn time of
Si+1, the scale parameter is adapted since it can
shift the Weibull distribution to have shorter and
longer sojourn times. The adapted scale parameter
for the damage state S;yq is denoted as f3;,
and is defined in Equation 3. Thus, the Weibull
distribution for .S, is defined by the parameters
(cvit1, 87, 1) since the parameter « is not adapted
and remains the same as the one calculated during
the training phase.
E;11 % RF

B = e 3)

Qg1 )

Finally, to predict the RUL a prognostic mea-
sure must be used. In this paper, a time-dependent
prognostic measure is used (Salinas-Camus and
Eleftheroglou, 2024). D;(d) represents the pdf (or
pmf for the discrete case) evaluated in the proba-
bility of transition to the same state 7. The variable
7 is the time spent in the current state 7. There-
fore, the term D;(d — 7) represents a shift in the
pdf making this RUL expression time-dependent.
The variables dsz 41
transition rate function.

and d;fl are derived from the
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The expression gives as output a pdf of the
RUL per time step. To account for uncertainty
in the predictions, the confidence intervals are
calculated using the cumulative density function
(CDF) with a confidence level of 95%. Since the
AHSMM is a stochastic model, the uncertainty
reflected in the pdf corresponds to the aleatory un-
certainty with the added uncertainty propagation
that comes from the prognostic measure. Aleatory
uncertainty refers to the inherent variability or
randomness in a system or process that cannot
be reduced, even with more information or data
(Salinas-Camus and Eleftheroglou, 2024).

3. Experimental campaign

3.1. Specimen specifications and
experiments

GFRP coupons are manufactured from SL90 —
TO/EGL and a 10 mm hole is drilled in the center
of the coupons. The nominal coupon dimensions
are 400 mm x 45 mm and an 8-ply quasi-isotropic
layout of [0/445/90/—45] s is employed, leading
to a nominal thickness of 7.7 mm. A represen-
tative specimen can be seen in Figure 1. First,
quasi-static tensile tests are performed to define
the collapse load, which averaged at 67 kN; using
a 1.5 mm/min loading rate. This value guided
the selection of the load level during subsequent
tensile fatigue tests.

The fatigue experiments consisted of constant
amplitude tension-tension fatigue, with a fixed
load at 50% of the average collapse load, an R of
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Fig. 1.: GFRP coupon depiction and dimensions.

0.1, and a frequency of 4 Hz. Fatigue is carried
out on an MTS hydraulic machine with a load
capacity of 250 kN. Every 500 cycles, fatigue
loading is paused for 2 seconds, to allow for pic-
tures to be taken at the maximum load. In addi-
tion, acoustic emission sensors are mounted on the
coupons and record continuously throughout the
tests. The experimental campaign is divided into
two parts, regular fatigue tests and fatigue tests
with multiple impacts at various times during the
test. Impacts are performed through a gas gun, and
the projectile is made of aluminum, attached to
a plastic cylinder that matches the radius of the
barrel, weighing approximately 16 g (Figure 2).

((b)) Projectile.

Fig. 2.: Impact setup and projectile dimensions.

The impact(s) aims to introduce unexpected

events during the coupon’s degradation process
—— events that typically occur during the struc-
ture’s operation —— affecting its structural in-
tegrity and consequently reducing its lifetime.
These impacts also serve as a challenge to assess
the ability of the proposed prognostic model to
capture and adapt their estimations to unexpected
scenarios. The fatigue life of the pristine and
impacted specimens is reported in Table 1 and
Table 2 respectively. The impact(s) is performed
on the hole’s location (see Figure 1).

Table 1.: Unimpacted specimen fatigue lifetime.

Spec. No. | Total Cycles
6 141631
7 88371
8 66822
9 68395
10 67690
11 157758
14 139814
20 94896
22 111500
26 94120
28 112169

Table 2.: Impacted specimen information and life-
time.

Spec. Impact Time of Impact | Total
No | pressure (bar) (cycles) Cycles
X number
17 1.5x2 Sk and 10k 64313
23 1.5x3 S5kx3 44758

3.2. Prognostic feature extraction

Identifying sensitive features for RUL prognostics
is crucial. Hence, the AE data collected during
the tests are processed to create indices for the
RUL estimation. Firstly, the low-level AE features
(amplitude, duration, rise time, energy, counts,
etc.) are windowed using a non-overlapping 500-
cycle window. Then, 16 statistical features, such
as mean, median, variance, skewness, etc., are
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calculated for each window for both the time and
frequency domains.

In addition, principal component analysis
(PCA) is performed in both domains including
low-level AE features and statistical features. The
PCA model, similar to (Loukopoulos et al., 2019),
is created using data from the healthy state —-
time of first impact or 10k cycles if no impact is
performed —- and then the entire dataset is trans-
formed to the principal component space. Then,
the cumulative squared reconstruction residual
(Q) and Hotelling’s T2 are calculated, and a natu-
ral logarithm is applied to improve processability.

The suitability of the extracted features was
evaluated using the sum of Spearman rank mono-
tonicity (Mo) Equation 7, prognosability (Prog)
Equation 8, and trendability (Tr) Equation 9
(Eleftheroglou et al., 2018).

M
Z corr (rank(z;), rank(¢;))|  (7)

Prog = exp ( std; (75 (N;)) > ,
eanﬂ lxg 1 —z;(Nj)I) " (8)
=1,.
Tr = min cov(®;, k) ,
Jik Oz;O0gy 9)
Jk=1,...,M

Among the extracted features, InQ calculated
from the frequency domain features demonstrated
the best performance based on the aforementioned
metrics. Its behavior is illustrated in Figure 3. This
feature will be utilized as the input for training the
prognostic model to predict RUL.

The dataset is divided into training and test-
ing sets where the training data includes only
unimpacted specimens, while the test data consists
solely of impacted specimens. This approach aims
to assess the proposed methodology’s ability to
handle unseen events during training, highlighting
its robustness and reliability in adapting to un-
expected scenarios commonly encountered during
operation.
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Degradation histories for training and test Spect
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Fig. 3.: Selected feature comparison between the
different specimens

4. Results and discussion

The prognostic models were trained on data from
unimpacted specimens and tested on specimens
subjected to multiple impacts, simulating real-
world scenarios. To assess the benefits of intro-
ducing adaptivity into the prognostics framework,
the AHSMM proposed in this study was compared
against the standard, non-adaptive HSMM. The
results, illustrated in Figure 4, and the RMSE val-
ues summarized in Table 3, highlight the superior
performance of the AHSMM.

For specimen 17, the AHSMM demonstrates
a clear advantage by maintaining narrower con-
fidence intervals and a closer alignment with the
true RUL trajectory throughout the specimen’s
lifetime. The AHSMM achieves a 55% reduction
in RMSE.

Specimen 23 on the other hand, has a shorter
life than any specimens used for training, given
that the impacts often result in a significant life-
time reduction. Despite the reduced lifetime, the
AHSMM was able to adapt effectively. Notably,
after the first adaptation around cycle 20,000,
the AHSMM'’s predictions exhibit substantial im-
provements in accuracy. The RMSE was reduced
by 46%, reflecting the robustness of the adaptive
mechanism in handling unobserved data.

A further advantage of the AHSMM lies in
its ability to provide narrower confidence in-
tervals, ensuring that the true RUL consistently
falls within these bounds. This contrasts with the
HSMM, whose wider confidence intervals some-
times fail to encompass the true RUL. Addition-
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RUL predictions for Spec 17
140000 —— Predicted RUL w/ AHSMM
—— Predicted RUL w/ HSMM
120000 == True RUL
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((a)) RUL predictions for specimen 17.

RUL predictions for Spec 23
140000 = Predicted RUL w/ AHSMM
= Predicted RUL w/ HSMM
120000 == True RUL
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o
g 2
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((b)) RUL predictions for specimen 23.
Fig. 4.: Comparison of RUL predictions between

HSMM and AHSMM for 4(a) specimen 17 and
4(b) specimen 23.

ally, the true RUL for specimen 23 tends to lie
near the lower bound of the HSMM’s prediction
intervals, further demonstrating its limitations.

Table 3.: RMSE value for AHSMM in the test set.

Spec. No. HSMM AHSMM
(x500 cycles) | (x500 cycles)
17 34.22 15.35
23 102.29 54.75

The predictive reliability of the AHSMM high-
lights its potential for practical applications where
accurate prognostics are essential for decision-
making and maintenance planning. The integra-
tion of adaptive mechanisms ensures that the
model remains applicable across a wide range of
operating conditions, making it a valuable tool for
engineering systems and structural health moni-
toring.

5. Conclusions

This study presents an Adaptive Hidden Semi-
Markov Model (AHSMM) for reliable RUL pre-
dictions of composites under fatigue loading
with multiple impacts. The results highlight the
model’s ability to adapt to real-time degradation
data and provide reliable RUL predictions even
under complex and unforeseen scenarios.

By training the AHSMM on unimpacted spec-
imens and testing it on impacted ones, the study
showcased the model’s remarkable robustness and
reliability. The significant reduction in RMSE val-
ues highlights the critical role of online adaptation
in improving prognostic accuracy. The AHSMM’s
ability to closely track true RUL values, partic-
ularly during the later stages of degradation, un-
derscores its potential for practical applications in
PHM.

The comparative analysis with the stan-
dard Hidden Semi-Markov Model (HSMM) fur-
ther emphasized the AHSMM'’s robustness. The
AHSMM outperformed the classical HSMM, as
shown in the RUL plots. This adaptability is cru-
cial for composites, which are often affected by
operational uncertainties and environmental fac-
tors that impact their degradation.

However, the study also highlighted areas
for improvement, particularly in reducing the
width of the confidence intervals. While the
AHSMM achieves narrower confidence intervals
compared to the HSMM, they remain excessively
wide, which could pose challenges for effective
decision-making.

In conclusion, the AHSMM provides a reli-
able and robust framework for RUL prediction,
making it a valuable tool for PHM applications
in safety-critical industries such as aerospace. Its
ability to adapt to diverse scenarios and reduce
prediction errors lays a strong foundation for ad-
vancing prognostics and supporting maintenance
decision-making in complex engineering systems
and structures.
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