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Monitoring the structural integrity of aeronautical structures is critical for safety, reducing maintenance costs,
and enabling predictive maintenance. However, raw structural health monitoring (SHM) data are often noisy,
high-dimensional, and difficult to interpret. To enable condition-based maintenance, it is essential to extract
health indicators (HIs)—quantitative representations of structural degradation that evolve consistently over
time. Accurately extracting HIs for composite structures is particularly challenging due to complex material
behavior and multiple damage sources. While deep learning models offer potential, their application is limited by
the lack of run-to-failure data and ground-truth HI labels. To address these challenges, this study proposes a
novel approach that divides HI modeling into two tasks: time-independent (spatial) and time-dependent (tem-
poral). This separation allows more effective data utilization, especially in the time-independent case. A semi-
supervised spatial model is first developed and fine-tuned using a Bayesian algorithm with a coupled physics-
based loss function that integrates both prognostic criteria and simulated labels—explicitly through the
former and implicitly through the latter—embedding degradation physics into training. The study also in-
troduces a new adaptive standardization technique for fatigue-based SHM and systematically evaluates principal
component analysis (PCA)-based methods for dimensionality reduction prior to spatial and temporal modeling,
simplifying subsequent network architectures. In the final stage, following time-based resampling, a semi-
supervised temporal model captures HI evolution, with ensemble learning enhancing robustness. Validation
on single-stiffener composite panels under fatigue loading, monitored via acoustic emission sensors, confirms the
framework’s generalizability and performance—achieving up to 90% (£2%) accuracy in prognostic metrics.

1. Introduction

The use of composite materials as primary structural components has
become widespread in aerospace applications over the past decade,
driven by their high strength-to-weight ratio, corrosion resistance, and
fatigue performance (Beaumont, 2020). However, throughout their
service life, these structures endure complex loading scenarios and harsh
environmental conditions, which complicate the assessment of their
mechanical integrity and the prediction of their remaining useful life
(RUL) (Ameri et al., 2020), (Peng et al., 2015). The situation becomes
even more challenging when unforeseen events such as impacts occur,
necessitating conservative design strategies like safety factors to prevent
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catastrophic failures (Suresh Kumar et al., 2019). While effective at
mitigating risk, safety factors often diminish the full potential of com-
posite materials in terms of weight savings and performance. To avoid
this trade-off and fully exploit the advantages of composites, more ac-
curate predictive models of structural behavior are required. Because
physics-based models struggle to capture long-term composite behavior
under operational conditions (Peng et al., 2015), (Wu and Yao, 2010),
data-driven approaches have gained prominence (Nuhic et al., 2013),
(Ferreira and Gongalves, 2022).

In this context, structural health monitoring (SHM) plays a pivotal
role by enabling continuous in-service data acquisition from operating
structures, allowing the extraction of health indicators (HIs)—
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quantitative representations of structural degradation over time (Moradi
et al., 2022a), (Guo et al., 2017). HIs serve as a critical interface between
diagnostics (damage identification) and prognostics (damage evolution
and failure prediction), forming the foundation of condition-based
maintenance (CBM) strategies (Nuhic et al., 2013), (Ferreira and Gon-
calves, 2022), (El-Thalji and Jantunen, 2015). In aerospace systems,
where reliability is paramount, accurate and comprehensive Hls are
essential for early warning and timely maintenance decisions before
irreversible damage occurs (Beaumont, 2020), (Moradi, 2024), (Moradi
et al., 2024a), (Yu and Li, 2022), (Fu and Avdelidis, 2023). However,
constructing effective HIs for complex systems—especially those made
of composite materials—remains challenging. A truly comprehensive HI
must account for all relevant degradation mechanisms, many of which
are not directly observable due to the hidden nature of damage and
limitations of sensor technology (Beaumont, 2020), (Moradi, 2024),
(Moradi et al., 2024b). The effects of multiple damage modes may be
captured in sensed signals, but decoupling and interpreting these signals
is often confounded by numerous known and unknown variables,
including sensor type, placement, and the SHM technique employed
(Kralovec and Schagerl, 2020), (Farrar and Worden, 2007). Further-
more, SHM data from composite fatigue tests are often expensive to
obtain and include many unlabeled (pre-failure) measurements, limiting
the applicability of purely supervised learning approaches (Yuan et al.,
2020), (Moradi et al., 2023a). As such, asserting the availability of true
or complete HI values is rarely justifiable, particularly in the context of
high-performance aerospace structures (Beaumont, 2020), (Moradi,
2024), (Saxena et al., 2021). These constraints motivate the need for
novel modeling strategies that can learn meaningful HIs from incom-
plete labels and evolving sensor data.

To address these challenges, this study introduces a two-stage HI
modeling framework tailored for fatigue-damaged aerospace compos-
ites. First, extracted features from sensor data (here, acoustic emission
data) are adaptively standardized using statistics accumulated up to
each time point, accounting for unit-specific baselines and non-
stationarity. Then, principal component analysis (PCA) reduces dimen-
sionality, yielding a compact set of informative features. A time-
independent neural network sub-model regresses these PCA compo-
nents to a first-level HL. A time-dependent sub-model then refines this HI
by explicitly modeling its temporal evolution. By decoupling data-rich,
time-independent learning from data-scarce, time-dependent learning,
the framework maximizes data utilization from the spatial domain and
enforces temporal consistency.

Key contributions and innovations of this study include:

Two-stage modeling: We separate HI construction into time-
independent and time-dependent subtasks, enabling the use of a
larger pool of training samples before refining temporal dynamics.
Semi-supervised spatial learning: We design a spatial model trained
in an inductive semi-supervised manner, leveraging Bayesian opti-
mization with a dual-component physics-based loss function. This
loss combines (i) an explicit term enforcing prognostic criteria
grounded in degradation physics and (ii) an implicit term mini-
mizing error against simulated HI labels derived from those criter-
ia—enabling robust HI learning when actual failure labels are scarce.
- Adaptive standardization: We introduce a novel adaptive standard-
ization technique tailored for fatigue-based SHM problems. To the
best of our knowledge, this is the first study to formalize and
implement this approach, particularly in the context of prognostic
and HI modeling.

Comprehensive evaluation of PCA-based methods: We conduct a
comprehensive comparison of PCA variants as a fast, unsupervised
dimensionality reduction strategy, yielding simpler downstream
models with fewer learnable parameters.

Together, these contributions form a robust SHM framework for reliable
HI construction in fatigue-loaded composite structures.

The remainder of this paper is structured as follows: Section 2 re-
views the relevant literature. Section 3 describes the experimental setup
and feature extraction process. Section 4 outlines HI evaluation criteria.
In Section 5, we introduce the two-stage semi-supervised, physics-
informed fusion model and ensemble strategies. Section 6 presents re-
sults and analyses—including comparisons to state-of-the-art method-
s—and Section 7 concludes the paper with key findings and future
research directions.

2. Literature review

It is well established that the mechanical properties of structural
materials—including aerospace composites—degrade irreversibly over
time, so a robust HI must mirror this behavior. A metric known as
monotonicity (Mo) has been proposed, which assesses if the HI suffi-
ciently represents this characteristic (Saxena et al., 2008), (Lei, 2016).
Furthermore, as a group of similar units (structures) approaches their
end-of-life (EoL), their HIs should converge to the same value, repre-
senting the failure threshold. However, Hls at the EoL may exhibit
fluctuations and fail to converge to a consistent value. This variance can
be quantified using a metric called prognosability (Pr). Low variability
indicates a reliable failure threshold, which is critical for consistent RUL
prediction. Trendability (Tr), in contrast, evaluates how uniformly the
HIs of different units evolve over time. A high trendability score implies
that damage progression follows similar trends across units, enabling
generalization in prognostic modeling (Lei, 2016), (Saidi et al., 2017),
(Coble, 2010). While the first two assessment criteria (Mo and Pr) are
grounded in physical reality and are generally considered objective,
achieving high Tr is particularly challenging in real-world aerospace
SHM scenarios due to stochastic damage mechanisms, variable opera-
tional loads, and environmental uncertainty. Nevertheless, striving for
HIs with high Tr remains a goal to improve the accuracy of RUL pre-
dictions. Despite these complexities, constructing HIs that satisfy Mo, Pr,
and Tr remains a foundational requirement in prognostics, and they
serve as essential criteria for validating any proposed HI modeling
approach (Nguyen and Medjaher, 2021), (Baptista et al., 2022).
Although indispensable, the joint “fitness” objective Mo + Pr + Tr is
intrinsically non-differentiable, and both Pr and Tr can only be
computed retrospectively from complete run-to-failure records of mul-
tiple units—data that are seldom available during model development.
Consequently, most published studies satisfy these criteria only partially
or under assumptions that compromise field deployment.

Liu et al. (2009) explored a hybrid sensing approach combining
active piezoelectric and acoustic emission (AE) techniques to monitor
fatigue degradation in eight-ply unidirectional carbon/epoxy composite
beams subjected to three-point bending fatigue. Wavelet-based signal
features were extracted from piezoelectric sensors, while AE counts
served as a simple, interpretable indicator of accumulated damage.
Feature trends were clearly observable over the degradation timeline,
particularly in AE counts and low-frequency signal energy of piezo-
electric signals. However, feature normalization relied on max-min
scaling using full data trajectories—an unrealistic assumption in
real-world prognostics. Furthermore, the study did not incorporate
physics-based constraints or assess prognostic performance using Mo,
Pr, or Tr criteria. Milanoski and Loutas (2021) investigated composite
panels with artificially introduced skin-stiffener disbonds. Supported by
finite element simulations, fiber Bragg grating (FBG) sensors were used
to formulate two strain-based HIs: (i) the relative strain deviation be-
tween disbonded and baseline conditions and (ii) the fractional contri-
bution of each sensor to the total cumulative strain (Sbarufatti et al.,
2013). Again, prognostic metrics (Mo, Pr, Tr) were not evaluated and no
explicit physics-based constraints were incorporated.

Galanopoulos et al. extended FBG-based monitoring by incorpo-
rating acoustic emission (AE) information in two sequential studies on
single-stiffener composite panels subjected to variable-amplitude com-
pression—compression fatigue. In the first study (Galanopoulos et al.,
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2021a), the above-mentioned FBG strain deviations were complemented
with two AE-derived HIs—windowed cumulative features such as Hits
and rise-time/amplitude ratio (RA) values—each accumulated over
500-cycle intervals. The windowing smooths the intrinsically sparse AE
stream, yielding trajectories that are amenable to prognostic interpre-
tation. No physics-based constraints were applied and the prognostic
metrics Mo, Pr, and Tr were not quantified. The follow-up investigation
(Galanopoulos et al., 2021b) broadened the comparison space to eight
candidate indicators. From FBG strain data, the authors extracted four
physics-based HIs:

e HII1: Relative strain-based HI, measuring deviation from the baseline
(similar to (Milanoski and Loutas, 2021), (Galanopoulos et al.,
2021a)).

e HI2: Relative/cumulative strain-based HI, considering the accumu-
lated change across the panel length (similar to (Milanoski and
Loutas, 2021), (Sbarufatti et al., 2013), (Galanopoulos et al.,
2021a)).

e HI3 and HI4: Monotonicity-weighted fusions of HI1 and HI2,
respectively, across all sensors—emphasizing sensor contributions
based on their individual trend reliability.

Two additional ‘virtual’ strain HIs from FBG strain data were con-
structed via principal component analysis (PCA):

e VHI1: Used PCA to reduce dimensionality (from 10 to 2 components),
then calculated Euclidean distance in the reduced space, normalized
with a radial basis function to ensure a [1, 0] scale (start to failure).
Its main limitation lies in its reliance on known min/max values.

e VHI2 (Q-index): Captured the sum of PCA residual reconstruction
errors, sensitive to deviations from the reference healthy state.

From AE data, the same HIs used in (Galanopoulos et al., 2021a)—
windowed cumulative Hits and RA—were retained, giving a total of
eight indicators. Comparative analysis revealed a consistent trade-off:
strain-based HIs (HI1-HI4) exhibited high qualitative monotonicity
and trendability but low prognosability, whereas AE-based HIs were
more prognosable and less sensitive to load variability, albeit less
monotonic. Although the feature design was physics-informed, explicit
physical constraints were not embedded in the modeling, and prognostic
metrics were only qualitatively discussed, with indications that HI3,
HI4, vHI1, and vHI2 performed well in terms of monotonicity.

Yue et al. (2022) estimated stiffness degradation in stiffened com-
posite panels by analyzing guided wave (GW) propagation at three
excitation frequencies: 100, 125, and 150 kHz. Among these, the 100
kHz frequency yielded the highest prognostic performance, achieving
Mo =1.00, Pr = 0.60, and Tr = 0.95, resulting in a total score of 2.55 out
of 3 (=85 %). It should be noted that a score of 1.00 is the optimal value
for each individual metric, and the maximum fitness score is 3.00.
Compared with the reference stiffness obtained from load-displacement
measurements, the GW-based HI offered better monotonicity and
trendability but poorer prognosability. Prognostic performance proved
sensitive to excitation frequency, an operational-monitoring variable
that cannot be selected a priori and is likely to vary with structural
configuration; a weighted fusion of the three frequency-specific indices
reduced the fitness marginally to 2.52. Finally, monotonicity was
assessed via a simple slope criterion rather than the more rigorous
modified Mann-Kendall (MMK) test, leaving some uncertainty
regarding its statistical robustness.

Moradi et al. (2023a) were the first to embed all three metrics
implicitly within an intrinsically semi-supervised LSTM loss, yielding a
fitness of 2.79. However, their leave-one-out cross-validation (LOOCV)
procedure employed test-unit data for early stopping of training—an
approach incompatible with real-world scenarios. A genetic program-
ming fusion proposed by Galanopoulos et al. (2023) improved mono-
tonicity (Mo = 0.84) and prognosability (Pr = 0.91) but omitted

trendability. More recently, Moradi et al. (2024b) addressed all three
criteria and reported high fitness—93% for T-single-stiffener carbon
fiber reinforced polymer (CFRP) panels under compression fatigue and
81% for dog-bone CFRP specimens under tension fatigue—using a Hil-
bert transform semi-supervised convolutional neural network
(HT-SSCNN) applied to guided wave data; nonetheless, the approach is
constrained by the coarse temporal resolution inherent to guided wave
acquisition.

As summarized in Table 1, three key methodological challenges
emerge from the literature. (i) HIs are inherently history-dependent
(Ahmadivala, 2020), (Valkonen, 2023), (Kamranfar, 2023); however,
sequence-to-sequence models struggle due to the limited availability of
run-to-failure trajectories, while window-based point models tend to
underutilize temporal information. (ii) Unit-to-unit variability—stem-
ming from manufacturing defects, impact locations, and load histo-
ry—induces feature space drift. Consequently, global normalization
introduces bias into the HI, and no previous study has implemented
adaptive, per-unit scaling to address this issue. (iii) Windowed AE sta-
tistics often result in high-dimensional feature spaces (typically more
than 100 features), increasing model complexity. While some studies
employ principal component analysis (PCA) for dimensionality reduc-
tion, their implementations often suffer from data leakage due to offline
processing. Although leakage-free strategies do exist, their application
requires caution—particularly in the presence of unit-to-unit variability.
Such variability alters data distributions across units, underscoring the
need for careful implementation and systematic comparison of different
PCA variants.

The present study is deliberately structured around these short-
comings. First, an adaptive, per-unit standardization continuously up-
dates mean and variance, thereby cancelling inter-unit drift—an
innovation absent from earlier work (see Table 1). Second, the high-
dimensional (201) AE features are compressed in real time by causal
PCA variants trained only on data already available—either the full
history of the training units or the measurements observed up to the
current time step for the test unit. These causal schemes are bench-
marked against a conventional PCA fitted on complete life-cycle data,
which would introduce data leakage. This procedure reduces the size of
the subsequent model without contaminating the training set with
future information and preserves a high percentage of the data variance
(e.g., more than 90%). Third, a two-stage architecture decouples data-
rich spatial learning from data-scarce temporal refinement: a time-
independent model (TIM) extracts an initial HI from every AE win-
dow, and its output conditions a time-dependent model (TDM) that
captures degradation dynamics using the limited failure sequences
available. Fourth, physics-informed Bayesian optimization (PBO) em-
ploys a dual-component loss comprising (a) explicit penalties that
enforce Mo, Pr, and Tr, and (b) an implicit term that minimizes error
relative to simulated proxy labels.

Rigorous leave-one-out cross-validation on twelve impacted, stiff-
ened CFRP panels—each fold isolating both a validation unit and a test
unit—yields a mean fitness of 90% (+2%). This performance surpasses
earlier AE-based studies that relied on full life-cycle information or
contained data-leakage concerns, establishing an HI for aerospace
composites that is simultaneously monotonic, prognosable, and trend-
able under genuine real-time constraints while directly addressing the
methodological gaps summarized in Table 1.

3. Experimental tests and feature extraction

Twelve composite skin-stiffener panels were subjected to
compression-compression fatigue loading. These panels consisted of a
skin panel and a T-stiffener based on an Embraer design. Both the skin
and stiffener were constructed using IM7/8552 carbon fiber-reinforced
epoxy unidirectional prepreg, with specific layups of [+45/0/45/90/
—45/0]s and [+45/0/+45]s, respectively. Various uncertainties, such
as impact loading (representing phenomena like bird strikes or hail
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Table 1

Health indicator modeling approaches for composite structures under fatigue loading. Note that only methods using SHM data are included. Impractical indices
obtained by non-destructive methods not yet mature for in-situ monitoring (e.g., DIC or X-ray) or damage indices not quantifiable during operation (e.g., crack density

or delamination size) are excluded.

Study SHM Modeling Approach Data Normalization Physics-Based ~ Prognostic Other Limitations
Technique Constraints Criteria
Liu et al. (2009) AE; AE: count feature of AE waveforms (data- max-min normalization Not reported Unrealistic normalization
GW driven); using full data trajectories
GW: energy of low-frequency signal from
wavelet transform (data-driven)
Milanoski and Strain Relative/cumulative strain (physics-based) Not reported
Loutas (2021) (FBG)
Galanopoulos Strain FBG: (1) relative strain (physics-based), (2) Not reported
et al. (2021a) (FBG); monotonicity-weighted fusion of relative strain
AE from all FBGs (physics-based), (3) PCA-Q index
from strain (data-driven);
AE: windowed cumulative features (Hits & RA)
(data-driven)
Galanopoulos Strain FBG: (1) relative strain, (2) relative/cumulative PCA Euclidean distance Qualitatively
et al. (2021b) (FBG); strain, (3) monotonicity-weighted fusion of normalized with radial discussed
AE relative strain, (4) monotonicity-weighted basis function
fusion of relative/cumulative strain (all physics-
based); (5) PCA Euclidean distance, (6) PCA-Q
index (both data-driven);
AE: windowed cumulative features (Hits & RA)
(data-driven)
Yue et al. (2022)  GW Stiffness estimation from guided waves (implicit) 85% Excitation frequency
(physics-based) dependency; Mo not
calculated using MMK
metric
Moradi et al. AE SSLSTM HI (intrinsically semi-supervised Zero-mean 93% (£4.7%) Test unit data used for
(2023a) learning with embedded prognostic metrics) normalization based on validation during LOOCV,
(data-driven) training data limiting real-world
applicability
Galanopoulos Strain Fused strain-based HI via genetic algorithm (explicit) 87.5% Trendability not
et al. (2023) (FBG) (data-driven) considered; Mo not
calculated using MMK
metric
Moradi et al. GW HT-SSCNN with ensemble learning (data- (implicit) 93% (£5%) Limited temporal
(2024b) driven) (Case 1); resolution due to guided
81% (£20%) wave acquisition frequency
(Case 2)
Current study AE PCA-TIM-TDM (spatiotemporal semi- Adaptive (explicit) 90% (£2%) Other limitations
supervised learning) with ensemble learning standardization

(data-driven)

impacting aircraft) and disbond (representing manufacturing defects),
were considered in the experiments, making the HI construction task
more challenging. Impact loading of 10 J was applied at various loca-
tions and times (see Fig. 1), and three panels also had disbond defects
with different sizes intentionally introduced between the skin and T-
stiffener during manufacturing (additional information can be found in
Table 2). The panels underwent fatigue loading using an MTS machine
at a frequency of 2 Hz and an R-ratio of 10.

Various techniques were employed to monitor the composite panels
(Moradi et al., 2023a), (Zarouchas et al., 2021), including the AE
method, which is the focus of this research. An amplitude threshold of
60 dB was set to capture relevant hits and filter out noise signals.
Localization was achieved using the internal Vallen processor based on
Geiger’s model, while a filter excluded events with a position uncer-
tainty greater than 50 mm. Six low-level features, namely amplitude,
rise time, energy, counts, duration, and root mean square (RMS), were
extracted from AE events. As can be seen in Fig. 2(a-e), following the
necessary steps of windowing, signal processing, and feature extraction,
a total of 201 statistical features (listed in Ref. (Moradi et al., 2023a).)
were extracted for each time window. Both the low-level and statistical
features are publicly available (Moradi et al., 2022b).

4. Evaluation of health indicators (HIs)

In this paper, two performance metrics are employed to evaluate the

proposed scenario. The first evaluation metric is Fitness, which in-
corporates three physics-based prognostic criteria as outlined in the
section “HIs’ evaluation criteria.” The second one is the root mean
square error (RMSE) between the constructed HIs and the ideal simu-
lated ones.

4.1. HIs’ evaluation criteria

Given the crucial role of evaluation metrics for HIs in various stages
of the proposed approach, it is important to first introduce them. The
evaluation of a prognostic signature (i.e., HI) relies on three confirmed
criteria (Mo, Pr, and Tr) (Moradi, 2024), (Moradi et al., 2024a), (Lei,
2016), (Saidi et al., 2017), (Coble, 2010), (Eleftheroglou et al., 2018)
which are defined as follows:

t,—t; sgn x t, —x(t;)

. 0,
NI 5 :100% )
- L —t

p=1p>i
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Table 2
The information of the single T-stiffener composite panels tested under run-to-failure compression-compression fatigue loading.
Composite Specimen 1 2 3 4 5 6 7 8 9 10 11 12
X-location of impact (mm) 50 115 82.5 50 50 50 50 50 115 50 50 115
Y-location of impact (mm) 80 160 140 160 160 160 160 160 80 160 160 80
Time of Impact (cycles) 0 0 0 5000 5000 5000 0 0 5000 5000 5000 5000
Size of disbond (mm) 15 x 20 20 x 20 20 x 25
y-location of disbond (mm) 60 60 60
Loading cycles 152,458 144,969 133,281 48,702 65,500 94,431 368,558 510,961 226,356 756,226 110,137 170,884
Ccov XX o the relationship between data points with time gaps larger than one unit
Tr = ”;‘in o0, Jk=12,...M (2) (Moradi, 2024), (Moradi et al., 2023a), (Eleftheroglou et al., 2018). All
; ;O

3

where x t, and x(t;) indicate HI at the times of t, and t;, respectively.
sgn(-) is the sign (or signum) function. cov xj;xx is the covariance,
where x; and x; are the vector of HIs of the j** and k* specimens (among
M composite specimens) that have N; and Ni; measurements, respec-
tively. The standard deviations of x; and x; are represented by 0,, and
Ox,, respectively. The evaluation metric chosen for Mo in Eq. (1) is the
Modified Mann-Kendall (MMK). This metric, compared to the Sign and
Mann-Kendall versions, is more robust to noise and takes into account

three criteria (Mo, Pr, and Tr) are scored on a range from O to 1, with a
score of 1 indicating the optimal performance of the HIs. Taking into
account all of the aforementioned criteria, the Fitness metric is defined
as follows:

Fitness = a:Mogr + b:Prg; + ¢:Trg; 4

Assuming that the control constants a, b, and c are equal to 1, the Fitness
metric ranges from O (representing the minimum quality) to 3 (repre-
senting the maximum quality) for the evaluated HIs.

4.2. Deviation from the simulated ideal HIs

The second evaluation criterion is the RMSE, defined as:
v

u
X
RMSE = %l T

2
N i —HI” ; jeM; pe{1;2} 5)
J

i=1
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Fig. 2. The overall framework, from the illustrative SHM data to the final HI: (a) pre-processing (initial feature extraction), (b) localization, (c) windowing, (d) signal
processing, (e) feature extraction, (f) adaptive standardization, (g) dimensionality reduction, (h) time-independent model, (i) time-based resampling, and (j) time-
dependent model. Approximate data sizes shown at each stage correspond to the first specimen and are provided to illustrate the scale of data reduction achieved

throughout the processing pipeline.

where N; represents the length of the sequence (HI®)), T; denotes the
target value which is the simulated ideal HI under inductive SSL para-
digm using the non-linear hypothetical function of T; = 100(ti=tE,,L)2 (for
more details, refer to Ref. (Moradi, 2024), (Moradi et al., 2023a),
(Moradi et al., 2023b)), and HIﬁp) is the network’s output (either the 15t
or 2" level HI) at time step i. This metric provides a single score for the
constructed HI of each unit (composite panel), among which the score of

the test unit’s HI (not including training or validation) will be primarily
reported.

5. Methodology

The methodology mainly consists of two parts: a two-stage semi-
supervised criteria-based fusion model and an ensemble model, which
will be introduced in this section.

5.1. Two-stage semi-supervised criteria-based fusion model

The current research presents a machine learning (ML) approach that
combines a dimensionality reduction (PCA-based technique), a time-
independent (TIM), and a time-dependent (TDM) sub-model after up-
sampling the time series in each batch. Since there are no true values
available for the HIs, an inductive SSL paradigm is employed to first
simulate labels as the ideal HIs (Moradi et al., 2023a), where the prog-
nostic metrics (Mo, Pr, and Tr) are implicitly implemented and the given
EoL information is leveraged (Moradi et al., 2023b). This framework
falls under the category of inductive learning algorithms known as
intrinsically SS (van Engelen and Hoos, 2020). These algorithms are
improvements over traditional supervised algorithms as they allow
labeled and unlabeled data to be directly used for optimizing an objec-
tive function with multiple components. The overall framework, as
depicted in Fig. 2, encompasses the entire process, from raw SHM data to
the final HI (the 2™ level HI), including the new proposed approach
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(stages f to j). The remaining steps of the framework, from adaptive
standardization (stage f) through TDM (stage j), are provided in this
section as the primary contributions of the current work. It is important
to mention that the units (composite panels) are divided into three
portions: training (D), validation (v), and test (T) sets. Additionally, the
training data of D itself is further split into training (D) and validation
(v) subsets specifically for TIM. This division strategy ensures that TIM
is adequately trained and validated before its application to the overall
HI construction process.

5.1.1. Adaptive standardization

The normalization (referring to max-min normalization) or stan-
dardization (referring to zero-mean normalization) are commonly
applied pre-processing techniques for inputs before being fed into a
model. These advantageous pre-processing techniques are also
employed between the hidden layers of an artificial neural network
(ANN) model. However, they should be utilized with caution in the field
of prognostics or other fields with a similar objective because future data
is not accessible to the model, especially during its testing phase. In fact,
whether the input data are normalized or standardized given the entire
trajectory, the input data distribution is already placed into a known
range. In this manner, the problem has somehow been turned into an
interpolation task for the data-driven model when it is in fact an
extrapolation task, which is more difficult for ML models. This point is
crucial for assessing prognostic-relevant methods, such as HI construc-
tion or RUL prediction models.

According to the explanations above, the plausible standardization
technique can be used for both training and test data based on the mean
value and standard deviation derived exclusively from the training data.
However, because we employed the same technique and noticed its
misleading impacts on results (Moradi et al., 2023a), this may not be
useful for new unseen data (validation or test portions). As a result, an
adaptive standardizing technique is being developed. Assuming that y;
and 0; are the mean value and standard deviation of the data (x;.) up to
the present (time step t;), the data are standardized as follows:
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It is important to note that the data preceding the current time step
(x1i-1) is not standardized at the current time step (t;), but has been
standardized in previous time steps (ti, t2, ..., and t;_1). Only the current
data (x;) undergoes the standardization process at the current time step
(t;), rather than the preceding data. This procedure is carried out for the
extracted AE features of each unit independently, which is acceptable
and applicable from the prognostics standpoint.

5.1.2. Dimensionality reduction

Due to the large number of features obtained from AE data, the
subsequent models become more complex. To address this issue, it is
beneficial to reduce the feature dimensionality. To accomplish this,
PCA-based methods are employed (de Moura et al., 2011), (Dunteman,

1989), (He et al., 2021), (O. P and Van Der Maaten, 2009). The aim is to
decrease the number of features from 201 statistical features to 10
principal components (PCs). While additional PCs could be extracted
and used as inputs for subsequent models, it is deemed acceptable to
retain the reconstructed variance (~90%) of AE features in order to
maintain simplicity in the following models.

The application of PCA in the context of prognostics poses a chal-
lenge, as it is essential to avoid utilizing future data during the decom-
position of eigenvectors (coefficients), especially when testing the model.
In this paper, we explore two primary approaches to applying PCA:

Approach A: The coefficients of PCs are extracted solely from the
training units. Subsequently, these coefficients are utilized to
construct PCs for the test units. There are two variations in this
approach: A.1, where all data from the training units is concatenated
(making a bigger matrix), and the coefficients are then extracted; and
A.2, where coefficients are individually extracted from each training
unit, and the mean value of the coefficients is used for testing.

Approach B: Coefficients are independently extracted for each unit,
regardless of whether they are from the training or test specimens.
However, this approach is subject to two limitations. Firstly, the
number of time steps during which measurements are collected must
exceed the required number of PCs, due to matrix size requirements.
Secondly, when considering the overall prognostics problem for each
unit individually, the usage of future data (beyond the current time
step) is prohibited, particularly during the test phase, due to the
unavailability of future SHM measurements in practical scenarios.

Based on the authors’ knowledge, approach B of estimating PCs yields
higher performance when all data from the beginning until the EoL is
considered. However, as mentioned earlier, the use of future data is
impossible for prognostics. To address time-dependent data, several
extensions to PCA methods have been introduced, including dynamic
PCA (DPCA), recursive PCA (RPCA), and moving-window PCA
(MWPCA) (Barabadi et al., 2011). While DPCA was developed to handle
autocorrelation, RPCA and MWPCA are more suitable for dealing with
nonstationary data. Among them, MWPCA forgets the older data (before
window) entirely, which is not appropriate for the current prognostics
purpose, especially when using passive SHM methods like acoustic
emission. To overcome this limitation, RPCA can be employed to
incorporate all historical SHM data from the beginning of monitoring up
to the current time. The approach B with all historical data till EoL is
denoted as code B.1 (which is not acceptable in prognostics) and RPCA
is coded as B.2, which is described in more detail in the following. As the
dimensionality reduction stage inside the suggested framework, all ap-
proaches A.1, A.2, B.1, and B.2 are used and compared in this work. The
implementation and differences among these four PCA-based types are
illustrated in Fig. 3. Although B.1 is not feasible in real-world applica-
tions, it is still used to demonstrate false positive performance and
compare it with others.

In RPCA, assuming that the mean and covariance of all adaptively
standardized observations x3'; up to the present (time step t;) are pp; and
Si, respectively, the updated mean p;;; and the updated covariance
matrix S;;; given the new adaptively standardized observation x', (at
time step t;;1) can be calculated by:
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where 0 <n <1 is a forgetting factor. In the context of a geometric
progression, this is comparable to calculating a weighted mean and
covariance of xj;, ;, where earlier values are down weighted exponen-
tially. Older observations in RPCA are faster forgotten when using a
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Fig. 3. Illustration of the implementation and differences among the four PCA-based techniques (A.1, A.2, B.1, and B.2).
the j-th unit, and x§/; is the segmented matrix of features from the beginning (the first time step) up to the present (time step t;).

j represents the full matrix of features for
denotes the matrix of eigenvectors

(coefficients), and ; is the matrix of eigenvectors for the j-th unit, calculated using singular value decomposition (SVD). In this illustration, 10 principal components

(PCs) are targeted.

forgetting factor of | < 1, whereas they are slower forgotten by applying
a forgetting factor of n—1. If it is desired to maintain all prior obser-
vations, which is appropriate for the current study, N = 1 should be
adopted. By adopting RPCA, the proposed approach retains adaptability
and compatibility with new incoming data while still maintaining the
integrity of historical information critical for prognostics applications.

5.1.3. Time-independent model (TIM)

In this section, we establish an initial neural network architecture
through a trial and error process. Subsequently, we employ the PBO
algorithm to optimize the relevant constructive hyperparameters and
network architecture, as illustrated in Fig. 4. Since only ten features
(PCs) remain after dimensionality reduction, a deep neural network
(DNN) with a few layers serves as a suitable starting point for the

architecture designated to the regression task, fitting the 10 PCs to a
value (HI). Detailed information about the initial network, its loss
function, hyperparameters, etc., can be found in subsection a, while
further details on the PBO and its objective function are provided in
subsection b.

a. Training and architecture of TIM

A DNN with four layers, including a linear transfer function as the output
layer, is designed to fit the 10 PCs to the ideal simulated HI. The loss
function used for comparing predictions and targets is a modified mean
absolute error (MMAE), given by Eq. (11):
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Fig. 4. Time-independent model (TIM) fed by ten principal components (PCs) and yielding the 1°* level HI.
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where R represents the number of responses chosen among the training
data points (RC[1;N1] U [1;N2] U ... 1;N; ... U [1;Ny], N; representing the
number of responses for the j unit and M representing the number of
units). T; and HIIO) denote target value and the network’s output for
response i, respectively. N,, denotes the number of learnable weights of
TIM. The regularization parameter a is introduced to enhance general-
ization by modifying the performance function. The use of this perfor-
mance function reinforces the ANN to have smaller weights and biases,
resulting in smoother responses and reducing overfitting. For the current
work, o is set to 1.

The DNN model is trained and validated using only the training
composite panels data (i € D). 30% of the training data is reserved for
validation purposes (vcD). While the maximum number of training
epochs is set to 1000, the DNN’s output is based on the best validation
loss, with the validation check patience set to 10. According to the op-
timizers and their default values in the MATLAB R2022a framework, the
remaining hyperparameters are determined through the utilization of
the PBO algorithm, which will be further elaborated on in the following
section.

b. Physics-based Bayesian optimization (PBO)

The hyperparameters optimized by the BO algorithm (Snoek et al.,
2012) include training optimizer algorithms, the number of neurons in
each fully connected (FC) layer, and the activation function for all
hidden layers. The TIM’s weights and biases can be trained using a va-
riety of optimizers. The three types of optimizer algorithms
Levenberg-Marquardt (LM) (Hagan et al., 1997), (Hagan and Menhaj,
1994), (Marquardt, 1963), Bayesian regularization (BR) (Foresee and
Hagan, 1997), (MacKay, 1992), and resilient backpropagation (RB)
(Hagan et al., 1997), (Riedmiller and Braun, 1993) are considered as the
search space of the first optimizable variable that can be tuned by BO.
The number of neurons allocated for FC layers 1, 2, 3, and 4 are within
the ranges [1,50], [1, 501, [1, 50