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ABSTRACT

A large, full-scale (6 m tall, 2.5 m wide) full-composite ship hull section was subjected to three consecutive impacts with an impact
energy level (~20 kJ) mimicking a realistic heavy crash. The structure was continuously monitored with acoustic emission (AE)
sensors during the impacts, which allowed the possible degradation of the composite hull to be assessed. Unsupervised learning
was applied to AE data features to enable the categorization of the damage accumulated during the consecutive impacts. The
implemented unsupervised learning routine was a combination of automatic Laplacian data feature selection followed by density-
based spatial clustering of applications with noise (DBSCAN), for which the hyperparameters were automatically optimized with
a silhouette-driven approach. Three predominant damage mechanisms (sandwich-core crushing/cracking, skin-core debonding,
and matrix cracking) were identified through the clustering solution (with 0.9 mean silhouette and 6% outliers) and verified by AE
feature bands found in the literature. The AE-based damage categorization was validated with impact slow-motion videos and
postimpact digital laser shearography inspections. The study highlights the capability of the developed categorization methodology
to be deployed for online monitoring, where SHM algorithms are retrained during ship operation to keep improving diagnosis
accuracy. The results show that in the online training scenario, where Impacts 1 and 2 were used for training and Impact 3 was used
for testing, the categorization performance was comparable to when data from all three impacts had been used for training, with
a mean silhouette of 0.884 and only 2% outliers. Altogether, the damage categorization routine demonstrated reliability and
stability for handling realistic AE data variability and different data availability scenarios. This study is an important step toward
a complete condition diagnosis (comprising detection, localization, categorization, and quantification) of full-scale composite ship
structures, which is crucial for estimating their remaining useful life in real time and thereby for enabling their condition-based
maintenance.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the
original work is properly cited.
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1 | Introduction

There is a direct need for increased sustainability and efficiency
in the maritime sector [1, 2]. More specifically, it is urgent to
drastically reduce fuel consumption and emissions of large ships
(shipping accounted for 15% of NO,, 13% of SO,, and 3% of CO,
global annual anthropogenic emissions from 2007 to 2012 [2])
while optimizing the cost-effectiveness of their operation and
maintenance. The use of fiber-reinforced polymer (FRP) com-
posite materials for shipbuilding is recognized as an attractive
solution for these issues, as it would tackle both aspects si-
multaneously. On the one hand, FRP composites have the po-
tential to enable a weight reduction of up to 50% [3] with respect
to the use of steel and a 15% decrease in fuel consumption and
costs relative to current levels [4], thus having a substantial
contribution to reducing emissions. On the other hand, com-
posites are corrosion resistant and can, therefore, reduce vessel
downtime and eliminate the costs associated with corrosion
damage repairs [3].

However, several obstacles still exist to adopting composites as
structural materials for large ships above 500 ton (~25 m). First,
although there has been rapid progress in the production of
composite boats, there are still some technological challenges in
cost-effectively manufacturing large full-composite ships. Sec-
ond, current International Maritime Organization (IMO) Safety
of Life at Sea (SOLAS) regulations on fire resistance and
structural reliability do not allow FRP composites to be used for
structural applications [3]. In particular, it is still difficult to
predict damage progression in composites [5, 6], which affects
structural design approaches and adds uncertainty to structural
evaluations for safety-critical scenarios and to structural as-
sessments for maintenance activity planning.

One of the solutions to address this structural uncertainty is to
resort to structural health monitoring (SHM) to acquire real-time
data, which can be used to perform the four tasks of preliminary
diagnosis: detection, localization, categorization, and quantifi-
cation [7]. This information can then be periodically fed into
degradation models that recompute the remaining load-bearing
capacity and remaining useful life of the structure, while ac-
counting for structural and measurement uncertainties. When
the load-bearing capacity reaches a certain minimum allowable
threshold, a warning can be launched and a detailed non-
destructive inspection (NDI) can be issued for the most affected
structural areas. Based on the NDI results, a final decision can be
made about the appropriate maintenance action. Hence, SHM is
a means to optimize the planning and the deployment of detailed
NDIs, rather than replacing them [8], and by doing so, it is also
a means to optimize the planning and execution of maintenance
programs. Thus, it is very important to validate SHM studies with
NDI data in order to increase the reliability of SHM diagnosis
and, thereby, to ensure that maintenance is performed at the
desired locations and moments. On top of that, studies with
combined utilization of SHM and NDI improve the un-
derstanding of the synergy between the two, which is necessary
for condition-based maintenance (CBM) practices [8].

In the last decade, research and industrial efforts at an European
level have been set in motion precisely to overcome the afore-
mentioned obstacles to the adoption of composites as structural
materials for large ships. The European project “Realization and
Demonstration of Advanced Material Solutions for Sustainable

and Efficient Ships” (RAMSSES) ran from 2017 to 2021 and
consisted of a consortium of 36 partners from 13 European
countries. The aims of the RAMSSES project [9] were to tackle
the challenges of upscaling the technology for designing and
building large FRP-composite vessels that comply with the IMO-
SOLAS regulations and to demonstrate fire resistance, impact
resistance, and structural robustness with cost-effectiveness
across the process [10].

Very few studies have approached the problem of real-time SHM
of full-scale composite ship structures. It is at this scale that
several inter-related factors—e.g., realistic dimensions and
boundary conditions (which affect measured quantities), uneven
material quality and associated heterogeneities, existence of
joints, a higher number of partially uncontrolled measurement
variability parameters (e.g., varying quality of sensor network
instrumentation and installation), and a larger number of noise
sources (including those from operational-environmental con-
ditions)—make damage diagnosis a more complex task, thereby
influencing the reliability and robustness of SHM systems. At the
beginning of the 2000 s, the Royal Norwegian Navy conducted
tests on a couple of 47-m-long, 13.5-m-wide composite twin-hull
ships weighing around 270 tons [11, 12]. The strain in the FRP-
composite sandwich hull was measured with fiber-optic Bragg
grating (FBG) sensors. Wave impact detection was demonstrated;
however, no damage detection capabilities were developed. Some
years later, Herszberg et al. [13] employed FBG strain sensing to
detect the presence of Teflon inserts in the adhesion interface of
long, thick adhesively bonded glass FRP beams, representing
typical composite ship joints. In static and dynamic tests, only
small differences between pristine and artificially damaged
specimens were detected. Recently, Mieloszyk et al. [14] have
deployed FBG strain sensing on the FRP-composite sandwich
(glass fiber skins and polyvinyl chloride foam core) hull of a 7-
m-long fast patrol boat. After acquiring data from the intact
structure, a delamination was artificially inserted in the area of
the hull instrumented with FBG sensors. The comparison be-
tween pristine and damaged states revealed minor differences for
only some of the sensors.

All these studies are examples of using dynamic strain response
anomalies to determine changes in, e.g., structural natural fre-
quencies and damping factors, which can be correlated to
stiffness changes and thereby to damage. However, such SHM
approaches are relatively insensitive to early small damage lo-
cations in composite structures, because these tend to have a very
limited effect on the global structural stiffness [15]. Hence, it is
possible to state that a reliable and robust SHM approach for
a detailed identification of damage in composite ship structures is
still lacking. This constitutes the knowledge gap addressed in this
article.

According to Wang et al. [11], “damage detection will probably
have to be based on detailed knowledge of the mechanical prop-
erties and damage mechanisms of the actual structure, and
a careful characterization of the types of damage that are to be
detected.” This is especially true for composite ship structures,
where damage can occur in the form of sandwich-core crushing/
cracking, skin-core debonding, fiber-matrix disbonds, matrix
cracking, delaminations, fiber pull-out, and fiber breakage. This
is precisely what acoustic emission (AE)-based SHM can be the
key for. AE corresponds to ultrasonic waves generated by sudden
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changes and/or degradation in the material. Besides the possi-
bility of directly using the AE signals to detect the presence of
damage and localize it, there is proven evidence that different AE
signal features are sensitive to different damage mechanisms in
composite structures [16-19]. By resorting to data clustering
analysis (i.e., unsupervised machine learning), it is possible to
explore AE signal feature patterns to identify different damage
locations and types [18]. Taking all this into account, AE sensing
has great potential for early-stage detection, localization, and
categorization of damage and damage progression in
composite ships.

The research goal was to

« Develop an approach for reliable categorization of damage
mechanisms in composite structures based on AE-SHM and
unsupervised machine learning that can be employed
without prior knowledge of the occurring damage mecha-
nisms and that can be applied in a systematic way, irre-
spective of structure size and complexity.

« Demonstrate the damage categorization approach on a full-
scale structure subjected to realistic loads.

Validate the damage categorization approach with NDI
results.

« Demonstrate the robustness of the damage categorization
approach in variable data availability scenarios.

Showcase the importance of combining SHM and NDI for
CBM programs.

The research described in this article was performed within the
framework of the RAMSSES project and employed a full-scale (1:
1 scale, 6 m high, 2.5 m wide, 10 ¢ mass) full-composite ship hull
section subjected to consecutive realistic high-energy (~20kJ)
impacts.

To the best of our knowledge, this is the first published validated
study addressing the first three SHM functions of preliminary
diagnosis (detection, localization, and categorization) for a full-
scale full-composite ship structure subjected to realistic loading.
The article demonstrates the synergy between SHM and NDI for
an efficient and effective damage diagnosis, which is crucial for
devising adequate CBM programs for composite ship structures.

2 | Composite Ship Hull Demonstrator

The tested structure was a full-scale demonstrator of an 80-m
composite ship hull section, as illustrated in Figure 1. It consisted
of a composite sandwich wall and three adhesively bonded
composite sandwich decks, as shown on the right side of Figure 1.
The design was developed by Damen Gorinchem and InfraCore.
The hull wall was manufactured by Airborne UK and the decks
were manufactured by InfraCore, all with resin infusion
technology.

The hull wall was formed by a foam core and glass fiber-
reinforced vinylester laminate skins. The deck consisted of
multiple two-flanged web structures immersed in a foam core
and enclosed in glass fiber-reinforced laminate skins [10]. The
demonstrator had a height of 6 m and a width of 2.5m and
weighed approximately 10 ¢t. The impacts on the hull side wall
were performed in between the first (lower) and second (middle)

decks, approximately 2.5 m above the keel, approximately at the
level of the waterline.

3 | Impact Testing

The impact tests in this work were part of a vast and diverse test
campaign in the RAMSSES project [9]. The goal of that test
campaign was to demonstrate fire resistance, impact resistance,
and structural robustness of large FRP-composite vessel struc-
tures manufactured with cost-effective materials and processes.
In this context, three impact tests were designed to mimic impact
conditions as realistically as possible, i.e., harsh and uncontrolled
impact events. A basic level of impact control was adopted, by
carefully verifying the pendulum mass, drop height, alignment,
and contact area before the first impact.

For the three impacts on the hull side wall, the demonstrator
was kept upright by a support steel structure, which weighed
approximately 5 tons and was not fixed to the floor, as depicted
in Figure 2(a). According to design requirements, minor de-
lamination in the outer skin is allowed after repeated limit
loads, provided that delamination does not immediately lead
to full hull failure. A crash/impact load case should also not
result in full hull penetration. To apply the impact load case,
a pendulous steel assembly of two weights and a spherical
head, with a total mass of 1550kg (see Figure 2(b)), was
dropped from a height of around 2m with respect to the
impact location (3.5m relative to the ground) and swung
against the structure (see Figure 2(b)), resulting in an impact
energy of around 20 kJ. The total length of the impactor was
~2m, and the diameter was ~40 cm. The impactor head height
and thickness were ~12 and 2.5 cm, respectively. The first
video in the support footage (see the Data Availability section)
shows one of the impacts filmed from the same general per-
spective as in Figure 2(a).

The impact tests were not designed to ensure the induction of
a specific, well-controlled progression of composite damage
mechanisms. And yet, the damage categorization framework
demonstrated strong stability by always producing consistent
results, despite the unconstrained damage progression during the
impacts, the random data shuffling prior to training, the different
training/testing data splits, and the different AE data features
used for clustering. In the end, the NDI results validated the AE
categorization results.

4 | Measurement Technology

4.1 | SHM: Acoustic Emission

As briefly explained in Section 1, AE corresponds to ultrasonic
waves generated by sudden changes and/or degradation in the
material. AE signal features are known to be sensitive to different
damage mechanisms and/or damage progression stages. Several
studies [20-23] have attempted to manually establish un-
ambiguous correlations between AE signal features and damage
mechanisms in composites by testing carefully produced coupons
under specific and well-controlled conditions. In short, this in-
volves isolating the different damage modes or mechanisms re-
sponsible for failure and observing the corresponding AE signal
amplitude and frequency patterns.
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FIGURE 1 | Setting of the full-composite ship hull demonstrator, manufactured in collaboration with InfraCore Company (ICC) and airborne
international (AIR) at Damen Schelde Naval Shipbuilding (DSNS) facilities.'® Cross-sectional diagram of the hull demonstrator with the positions of the
three decks and the impact location on the hull side wall. All dimensions are in mm.

However, in realistic scenarios, the loading and the occurrence of
damaging events are not well-controlled. Consequently, degra-
dation is not governed by a single, predominant damage
mechanism, but rather a combination of them, as explained in
Section 1 of the publicly available support material [24]. As

s7 (0.4;1.2)

a result, AE signals contain the signature of these interactions,
and thus, one should analyze multiple AE features simulta-
neously to obtain a more differentiated identification of the
multiple damage mechanisms. This constitutes a case of high-
dimensional analysis, which is difficult to accomplish manually.

FIGURE2 | (a)Demonstrator in a steel frame, next to the impactor supporting structure. (b) Impactor at a lifted position. (c) Sensor network on the

inner surface of the hull. At the impact location (approximately at the center), an accelerometer was attached to the structure. Sensor location co-
ordinates are in meters and measured from the bottom left corner. (d) Detailed view of the AE sensor at Position S8.
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Therefore, the application of clustering algorithms to AE data has
been researched by several authors [18, 25-29] and is considered
a powerful approach to find complex patterns that can be used to
detect and identify different damage mechanisms and/or damage
progression stages when their category is not known a priori.

The hull was instrumented with 11 Smart Material M0714-P2
macrofiber composite (MFC) piezoelectric transducers (see
Figure 2(d)) for AE sensing during the impacts. The sensors were
adhesively bonded with cyanoacrylate to the inner surface of the
hull wall, between Decks 1 and 2, at Positions S1-S11 identified
in Figure 2(c) (the impact location is also identified in
Figure 2(c); the spatial sensor distribution relative to the impact
location and triangulated damage locations can be found in
Figure 3). The AE monitoring system consisted of 11 AE sensors
connected to a Mistras Sensor Highway II acquisition unit. After
sensor installation, the AE amplitude detection threshold was
calibrated through pencil-lead break measurements for each
channel. The pencil-lead breaks were sequentially performed in
between each two sensors, and the corresponding AE signals
were acquired. The threshold was tuned to 55 dB, which enabled
the detection of the pencil-lead breaks in all sensors. Since the
high-energy impacts took place in the middle of the hull wall
(Figure 2(c)), the rectangular sensor grid represents an optimal
configuration, with sensors no more than 80 cm from each other.
The upper most line of sensors (S1-S3) was placed close to the
joint with the middle deck, especially to enable the detection of
AE possible damage events at the joint. The built-in band-pass
filter was employed for all channels, in a frequency band of 20—
1000 kHz. The hit definition time (HDT), hit lockout time (HLT),
and peak definition time (PDT) were 800, 1000, and 200 us,
respectively.

Additionally, both GoPro and high-speed cameras captured the
impact test series on video. The impact acceleration generated by
the impactor pendulum was measured by means of two Endevco
2262A accelerometers on the impactor mass. These accelerom-
eters have a measuring range of 2000 g and were connected to
a DAQP-STG conditioner/amplifier with a 20 KHz sampling rate.
An accelerometer was also placed on the structure, on the inside
of the wall across the impact location (see the square in
Figure 2(c)) in order to capture the acceleration on the hull wall
itself.

Multiple different AE signal features can be used for analysis [16—
19], some of them being directly extracted and others being the
result of mathematical operations between different directly
extracted features. Based on the experience of the authors and the
reviewed literature about AE monitoring of composites [16-
19, 24], the following six AE signal features were chosen for
analysis in the current study: (1) maximum amplitude; (2) du-
ration; (3) peak frequency; (4) centroid frequency; (5) risetime-to-
amplitude ratio; and (6) waveform information entropy. More
information about the definition of these features can be found in
Section 2 of the publicly available support material [24].

4.2 | NDI: Shearography

In this work, shearography inspection was conducted on the
impacted hull section to validate and complement the SHM
results. Ultrasonic testing and thermography were also used to
benchmark this on-site inspection. However ultrasonic testing
failed to produce sufficient inspection results due to the

attenuation, multiple reflections, and scattering of ultrasound
signals, as well as the high surface roughness of the object when
inspecting thick composite structures. Thermography also
yielded poor inspection results, as it is difficult to heat a large
structure evenly and to avoid rapid heat dissipation. Therefore,
ultrasonics and thermography are not included in this paper.
Shearography [30, 31] is a well-known full-field optical NDI
method, which has gained considerable industrial acceptance for
inspecting composite structures up to 50 mm thick [30, 32, 33].
Shearography is capable of revealing defects including impact
damage and delaminations. By applying an appropriate thermal
or mechanical load to a test object, the defects can be localized
and characterized by the analysis of anomalies in the inspection
phase maps. The theory of shearography is well documented in
the literature [30-32]. Normally, the in-plane imaging resolution
of shearography for detecting internal damage (e.g., fiber
breakage or matrix cracking) is up to the shear distance [31],
which is around 9mm in this paper; a phase measurement
sensitivity of 2z/10rad can be achieved in a practical shearog-
raphy experiment. For this study, one channel from the pre-
viously developed 3D shape shearography system [34] was
adopted with the main focus on the out-of-plane deformation in
which defect-induced deformation is expected to be dominant.

The shearography setup used for inspecting the composite ship
hull section with impact damage is shown in Figure 4. The
impacted area of the hull section was illuminated with a Torus
532 laser source (optical power of 200 mW and wavelength of
532 nm), forming a speckle pattern. The speckle interferograms
were recorded by a shearing camera consisting of a Michelson
interferometer with temporal phase shifting and a Basler Pilot
PpiA2400 camera with a Linos MeVis-C 1.6/25 lens. A three-step
phase-shifting algorithm was selected for the thermal loading
scenario (Figure 4(b)) due to its fast speed, and a five-step phase-
shifting algorithm was chosen for the mechanical loading sce-
nario (Figure 4(c)) due to its resulting accuracy [30]. The shear
distance was determined experimentally to ensure the quality of
phase maps.

During the inspection with thermal and mechanical loadings, the
shearography setup was fixed on a height-adjustable motorized
rigid platform. The field of view (FOV) of the camera is about
600 x 600 mm?. Thermal loading was applied by three 1000-W
halogen lamps. The effective surface temperature during heating
was monitored with a FLIR A655 infrared (IR) camera. Me-
chanical loading was applied by a 7-ton metal block on the top
deck of the structure, lifted by a gantry crane. This mechanical
loading represented the landing of a medium helicopter on the
top deck.

5 | Clustering Framework

A set of algorithms was selected based on their prevalence in the
reviewed literature [18, 25-29, 35, 36], including both hard- and
soft-clustering algorithms. The investigated set of algorithms
included K-means, K-medoids, fuzzy C-means (FCM), and
“density-based spatial clustering of applications with noise”
(DBSCAN). The research process that guided us to the final
adopted algorithm was incremental. The first trials were with K-
means and K-medoids (two hard-clustering algorithms), as a way
to grasp the clustering potential of the available data. The results
showed that several subgroups of points were considerably
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FIGURE 3 | Acoustic emission sensor positions and estimated lo-
cations of the damage events for all impacts. The approximate impact
location is indicated by the blue dashed circle.

distant from the centroid of the cluster they were assigned to.
These distant points themselves could potentially form a cluster.
To explore whether these distance points could indeed form
a new cluster, it was decided to try FCM (soft-clustering algo-
rithm), which allows data points to be members of different
clusters. We implemented a two-step approach to investigate
a robust implementation of the FCM algorithm, as follows:
firstly, iteratively determining the optimal number of clusters
that maximizes the silhouette score while using a minimal
fuzziness exponent and, secondly, simultaneously optimizing the

i
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controllers

Shearography |
instrument
with IR camera

) [
o+
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rigid platform

hyperparameter fuzziness exponent and the cutoff degree of
membership by maximizing the silhouette score.

In the process of trying to solve the issue of outlier detection for
FCM, DBSCAN presented itself as a good compromise between
the desired unambiguous cluster definition and the statistically
correct identification of noisy points (i.e., outliers). Unlike the
other studied algorithms, DBSCAN groups points that are closely
packed to one another (i.e., in densely populated areas), without
requiring a fixed hyperdefinition of the number of clusters. This
is a very important characteristic for our research, as it is crucial
to be able to classify the damage occurring in a physically
meaningful way, in a real scenario where the number and type of
damage mechanisms are not known in advance. Additionally,
DBSCAN is inherently capable of identifying outliers, which is
very useful for handling potentially noisy AE datasets in a sta-
tistically correct way. On top of all this, the already demonstrated
robustness of the DBSCAN algorithm [37-39] makes the
implemented damage categorization framework inherently ro-
bust, which was crucial to accomplish our research goal.

The DBSCAN algorithm requires two hyperparameters, which
are the search vicinity radius (eps) and the minimum number of
points (minPts) required to form a cluster. Optimizing the two
hyperparameters accordingly and automatically is of essence. If
the eps parameter is too small, all the data will be classified as
noise, whereas if the eps parameter is too large, all the data will be
seen as one big cluster. In a similar sense, if the minPts parameter
is too small, all the noise points are classified as clusters, and if
the minPts parameter is too large, then actual clusters will be
classified as noise. In our implementation, we applied the grid
search optimization technique in two phases in order to find the
optimal set of two hyperparameters that maximize the
silhouette score.

FIGURE 4 | (a) Shearography inspection setup; (b) thermal loading; (c) mechanical loading (on top deck).
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The implemented framework establishes a series of operations,
namely, for automatic hyperparameter optimization, automatic
feature selection, outlier detection, and solution evaluation,
aimed at increasing the reliability and stability of the training
procedure, even in scenarios of limited data availability. An
explanation of the implemented framework (including the
hyperparameter optimization), along with a basic explanation of
the core clustering algorithm, can be found in Section 3 of the
publicly available support material [24].

It is worth noting that many clustering methods are already
embedded in the software accompanying AE devices. However,
to the best of our knowledge and experience, the clustering
functions implemented in commercially available AE equipment
often do not employ state-of-the-art algorithms as those in-
vestigated in this research (e.g., DBSCAN) and are lacking ro-
bustness. This is precisely one of the gaps that this research
intends to bridge. More specifically, the approach implemented
in this work provides extra adaptiveness by leveraging on au-
tomatic statistical relevance-based feature selection and on the
inherent capability of DBSCAN for finding outliers and the best
number of clusters. All of this is achieved without requiring prior,
uninformed hard definitions by the user.

6 | Results and Discussion

61 | SHM

The performance evaluation of clustering implementations
should focus on data availability and utilization scenarios that
mimic the real operation of the algorithm. Therefore, it was
decided to organize the AE data in the following two different
ways in order to address two different scenarios. Use Cases 1 and
2 are presented in Sections 6.1.1 and 6.1.2, respectively.

« Use Case 1: x% of all data for training, 100 - x% for testing
(offline training).

« Use Case 2: Mimic chronological data availability for
training and testing (online training).

6.1.1 | Damage Identification: Use Case 1

6.1.1.1 | Automatically Selected Features. An algorithm
can be trained before deployment by using historical data (offline
training). A recommended practice in machine learning to avoid
overfitting issues is to use an x% fraction of the available data for
algorithm training and the remaining 100 - x% fraction for
validation and/or testing. Typically, the data are randomly
shuffled before being split, which makes clustering solutions
dependent on that random data shuffling. Therefore, it is relevant
to look at the evolution of the obtained number of clusters, mean
silhouette, and outlier percentage with increasing number of
algorithm executions, for different data splits. For one thousand
algorithm executions, the results of clustering with the three
most relevant features, for 60/40, 70/30, and 80/20 data splits, are
summarized in Table 1. The reader should note that the three
most relevant features are amplitude, peak frequency, and
centroid frequency, regardless of the method used for their
automatic selection.

Firstly, it is relevant to mention that the average mean silhouette
is almost 0.9 and the average outlier percentage is below 5%,
which shows that the clustering framework is capable of
obtaining well-formed solutions. Secondly, the statistics show
that, with random shuffling of the present dataset prior to data
splitting, the implemented DBSCAN framework can find either
two or three clusters.

A common recommendation for relatively small datasets is to use
70% of the available data for training and 30% for validation or
testing [40]. An example of a two-cluster solution obtained with
this split and the three most relevant features is presented in
Figure 5(a). If amplitude (A,,,) and centroid frequency (fyeax) are
considered, the separation between Cluster 1 (C1) and Cluster 2
(C2) is clear, apart from some fuzzy points in between the two
clusters. Looking carefully at C2, it is possible to distinguish two
regions within that cluster, one between 125 and 160 kHz, and
another one between 190 and 220 kHz. By looking at a three-
cluster solution obtained with the 70/30 data split and the three
most relevant features plotted in Figure 5(b), one can immedi-
ately recognize the two previously identified subregions as now
being Clusters 2 and 3. Hence, it is possible to conclude that
because the separation between these two subregions is much
smaller than the separation between them and C1, the random
data point shuffling prior to clustering has a strong influence in
the identification of these two regions as separate clusters.

We consider it insightful to compare the clustering solutions
presented above with the frequency content intervals found by
Pashmforoush et al. [25] and Saeedifar and Zarouchas [18] to be
associated with different damage mechanisms in composite
sandwich specimens. In particular, Pashmforoush et al. [25]
found that the intervals 35-65, 100-130, 170-250, and 350-
450 kHz were associated with core crushing/cracking, skin-core
debonding, matrix cracking, and fiber breakage, respectively. The
correlation of the categorization clusters with frequency bands
from the reviewed literature allowed us to come to a first set of
possible damage mechanisms. It is important to emphasize that
this correlation was not solely based on the “blind” matching of
clusters and frequency bands, but rather a physics-informed
process enabled by the authors’ knowledge of damage me-
chanics in composite materials. Given the facts explained in
Section 4 of the support material [24] and the high mean sil-
houette value of the clustering solution in Figure 5(b), it is
possible to hypothesize that there is a strong correspondence
between C1 (19-58 kHz) and core crushing, between C3 (115-
147 kHz) and skin-core debonding, and between C2 (191-217
kHz) and matrix cracking. This correspondence is supported by
the chronological analysis made in Section 6.1.1.2. In particular,
the progressions plotted in Figures 6(d), 6(e), and 6(f) are con-
sistent with the principles of composite fracture mechanics
explained in Section 1 of the support material [24], thereby giving
physical meaning to the hypothetical correspondence between
the cluster frequency bands and the results by Pashmforoush
et al. [25]. It is, therefore, hard to consider such correspondence
accidental or coincidental.

These results point to the possibility that damage occurred
predominantly in the form of core crushing/cracking during the
impacts, which may have subsequently induced some skin-core
debonding, along with some matrix cracking events. It is good to
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TABLE 1 | Statistics for one thousand DBSCAN executions with the
three most relevant features for three different data splits.

Data split 60/40  70/30  80/20
Two-cluster solution percentage 782%  66.5%  69.7%
Three-cluster solution percentage 21.1% 334%  30.3%
Average mean silhouette 0.888  0.887  0.890
Average outlier percentage 4.46% 3.96% 4.04%

remind that the impact tests were not designed to ensure the
induction of a specific, well-controlled progression of composite
damage mechanisms “upstream.” Therefore, we adopted
a “downstream” validation approach: A postimpact validation of
the AE categorization results was conducted with NDI tech-
niques and detailed video footage. The validation of the damage
mechanism categorization proposed above is presented in Sec-
tion 6.2 and Section 6.3.

At this point, it is relevant to highlight two aspects. Firstly, for
both two-cluster and three-cluster solutions, with both au-
tomatically and manually selected features (solution obtained
with manually selected features can be found in Section 5 of
the publicly available support material [24]), the testing data
points are well categorized according to the trained clusters.
This gives confidence that the implemented clustering
framework is capable of performing damage mechanism
identification reliably, even with limited training datasets.
Secondly, in our study,

« composite damage progression occurred unconstrainedly,
on a 1:1 scale complex structure;

« random data shuffling prior to training is incorporated in the
implemented method;

different data splits for training and testing were evaluated;

different AE data features were used for clustering.
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the vertical dashed lines corresponds to the duration of the impact.

« and yet, for all the different evaluations, the damage cate-
gorization framework always produced consistent results,
which is strong evidence of stability.

6.1.1.2 | Chronological Analysis. For the three-cluster so-
lution obtained with the three most relevant features and a 70/30
data split (plotted in Figure 5(b)), data points can be separately
plotted according to the impact during which they were acquired,
as in Figures 6(a), 6(b), 6(c). One can see that in Impact 1, there is
a clear predominance of C1 points (19-58 kHz), with very few C3
(115-147 kHz) and C2 (191-217 kHz) points. Hence, there seems
to be a clear predominance of core crushing/cracking over skin-
core debonding and matrix cracking. In Impacts 2 and 3, the
number of C1 occurrences decreases, while that of C3 and C2
substantially increases, remaining approximately the same for
both impacts. This situation seems to indicate the growth of skin-
core debonding and matrix cracking after their initiation due to
the weakening effect of core crushing/cracking. This last ob-
servation highlights the importance of investigating the dis-
tinction between damage initiation and growth. For that, it is
useful to analyze the clustered AE hits chronologically. Firstly, it
is helpful to determine the duration of each impact, i.e., the time
interval during which the impactor was in contact with the hull
section. The impactor acceleration response during the impacts is
plotted in Figure 7. It is possible to see that the duration of all the
impacts was the same and it was roughly equal to 0.12 s. Knowing

this, it is then possible to plot the cumulative information entropy
for the clustered data (training and testing sets together) as
a function of time for each impact (see Figures 6(d), 6(e), and

6(H)).

For Impact 1, it is clearly visible that C1 points occur right from
the start of the impact and at a high rate, while C2 and C3 occur at
a very low rate and C2 points only start 0.025s later. This se-
quence of occurrences is in accordance with the damage me-
chanics explained in Section 1 of the support material [24]. For
relatively large core thicknesses and in out-of-plane loading
scenarios, core crushing/cracking tends to have the lowest onset
energy threshold. The significant reduction of core stiffness
weakens the core-skin bond, thereby leading to skin-core
debonding when the bond strength is exceeded by interface
stresses. At the same time, high skin stresses caused by impactor
contact and skin flexion are expected to induce skin matrix
cracking. So, skin-core debonding (C3) and skin matrix cracking
(C2) only occur after some accumulation of core crushing/
cracking (C1). For Impacts 2 and 3, points from all three clusters
occur right from the start of the impact and at comparable rates,
which seems to indicate the progression of the damage mech-
anisms initiated in previous impacts.

6.1.1.3 | Damage Localization. The built-in location func-
tion of the Mistras AEwin software [41] was used to find the
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coordinates of the AE events associated with damage locations.
Basically, the location of an AE source is estimated by taking the
triangulation problem for multiple sets of hits and determining
a solution by means of multiple regression optimization analysis.
When that optimization converges, the AE event is considered to
be localized to some degree of certainty. The damage events
whose localization converged in the multiple regression analysis
for all three impacts are presented in Figure 3. The events as-
sociated with the different damage mechanisms are identified
according to the categorization obtained from the clustering
solution presented in Figure 5(b). It should be noted that the
localization map of the present study should not be taken as
ground truth, as there are always errors related to signal time-of-
flight picking and group velocity estimates used for distance
calculation.

Core crushing/cracking (C1) occurrences formed most of the
high event density region around the impact location, although
some of them could also be located in the top and right sides of
the hull wall. This was the predominant damage mechanism
during all the impacts, as previously demonstrated in Figure 5(b).
Some matrix cracking (C2) events were located relatively close to
the majority of the core crushing events, just slightly above the
center of the hull wall. Finally, some skin-core debonding (C3)
events were found mostly along the left side of the hull wall.

As explained in Section 1 of the publicly available support
material [24], due to the highly anisotropic constitution of
composite structures, the sudden release of energy can trigger
damage spots at multiple locations of the component. As damage
progresses from these multiple spots, the damage accumulation
ends up being nonlocal. The damage progression sequence can
take place at different rates, at different locations, depending on
the local strain rate induced by the loading. Consequently, it is
possible to simultaneously have different damage mechanisms at
different locations of the structure.

The localization map is an important demonstration of the
combination of the localization capabilities of AE systems and
the implemented unsupervised categorization framework. It
provides valuable insights about the location where the pre-
dominant damage mechanism has accumulated, thereby helping
with the identification of the region(s) to be inspected in detail
with NDI techniques.

6.1.2 | Damage Identification: Use Case 2

Use Case 1 (Section 6.1.1) represents a scenario where the SHM
system is trained with historical data before deployment, as AE

hits from all three impacts are employed for algorithm training.
Use Case 1 is relevant to demonstrate the reliability of the
implemented clustering framework. An alternative (or addi-
tional) approach is to have an SHM trained online during ship
operation to keep improving diagnosis accuracy. So, every time
new structural events take place, a new dataset is acquired and
interpreted with the trained capabilities at that moment. Then,
that new dataset is used for retraining the algorithm, thereby
building up experience until the next new dataset. In Use Case 2,
it was decided to mimic this chronological data availability and
the process of online training. Therefore, the executed sequences
were as follows:

1. Impact 1 for training and Impact 2 for testing;

2. Impacts 1 and 2 for training and Impact 3 data for testing.

6.1.2.1 | Impact 1 for Training and Impact 2 for Testing.
The clustering solution obtained with Impact 1 as the training
dataset and Impact 2 as the testing dataset and with the three
most relevant AE features is presented in Figure 8. As seen in
Figure 8(A1l), only one cluster is found and 37.2% of the Impact 1
data points are considered outliers, meaning that the DBSCAN
algorithm could not find more than one properly formed dense
region. With only one cluster, it is not possible to compute sil-
houette values, because there is no intercluster distance to be
taken, and as such, there is no quantitative measure of the
suitability of the clustering solution. Nevertheless, the obtained
cluster corresponds to the same damage mechanism type that
was identified in Section 6.1.1 as being core crushing/cracking.

When testing the categorization of the Impact 2 dataset according
to trained Cluster C1 (see Figures 8, A2), only a small fraction of
the points is successfully classified as core crushing/cracking,
while around 92.5% is considered outliers. The existence of only
one cluster is very detrimental for the correct categorization of
the damage events that occurred during Impact 2, because there
is basically no flexibility to account for the inherent variability
within each damage mechanism type. As a result, Impact 2 data
points that are not within the optimal vicinity radius (hyper-
parameter eps as determined during the DBSCAN training
process, see more about the hyperparameter optimization in the
publicly available Supporting Material [24]) of the closest cluster
centroid are considered testing outliers.

6.1.2.2 | Impacts 1 and 2 for Training and Impact 3 for
Testing. When both Impacts 1 and 2 datasets are used for
training, two properly formed clusters are found, with a very low
outlier percentage (see Figures 8, B1). All the points considered

10 of 17

Structural Control and Health Monitoring, 2026

95U8017 SUOLLLOD aA IR 9|dedl|dde ay) Aq peuseAob afe sopiLe VO ‘SN J0 S3|NJ J0) AkelqiauljuQ /8|1 UO (SUONIPUOD-pUe-SLLLIB)/L0Y" A3 | I Ale.g 1 [pul uo//Sdny) SUONIPUCD pue SWid 1 8u) 88S *[9202/20/.2] Uo Ariqiauliuo A8|IM ‘St ou L Ag 00S99GG/2X5/SSTT OT/I0p/wWoo A3 | ImAlelq 1puluo//sdny Wwouy pepeojumod ‘T ‘9202 ‘Wus



Al
200 (A
O
150 0
(@)
Q %o o
—_ O
3
= 100
g o
< o 2
ol
50 f t-
O
0 i i
0 50 100 150 200
fpcak [kHz]
O Outliers
®m Train C1
X Centroids
Bl
200 (BD)
o] B
150
f .
a'h o
g =1 (@]
1 100
£ =
T &
n
50
0 " " i i
0 50 100 150 200 250
fcemmid [kHZ]
O Outliers Train C2
= Train C1 X Centroids

(A2)
200
(3)
o P
o 9 o) 0
150 | o
& ° o
5 o (o]
= w0} 2
E o)
< % |
(@]
50 _ %
o]
0 " i
0 50 100 150 200 250
fpcak [kHz]
O Outliers
O Train C1
X Centroids
(B2)
200 5
150 | .
6,
) 3
= 100+ o 9
‘CE & _"n
x
50} o
LE&h u]
0 " I
0 50 100 150 200 250
fcemmid [kHZ]
O OQutliers Train C2
O Train C1 X Centroids
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Impacts 1 and 2 as the training dataset and Impact 3 as the testing dataset, and with the three most relevant features: (B1) trained clusters; (B2) tested

categorization of the Impact 3 dataset.

outliers when the training was performed with only Impact 1
data are now included in Clusters C1 and C2, and only two
Impact 2 points are considered outliers. However, while C1 is
quite compact (apart from six points on the diagonal transition
between C1 and C2) and has a frequency signature that is
strongly correlated to core crushing/cracking, C2 is more dis-
persed and cannot be unambiguously correlated to a single
damage mechanism. Instead, it includes frequency signatures
typically associated with skin-core debonding and matrix
cracking (as explained in Section 6.1.1.1). This situation is due to
the considerably lower number of points in C2 than in C1 and
shows that core crushing was by far the predominant damage
mechanism taking place during the impacts.

The existence of two clusters allows the great majority of the
Impact 3 points to be classified, leaving only 10% of outliers in the

region between clusters C1 and C2. Because the trained C2
centroid was between 150 and 200 kHz, and no third cluster was
found below 150 kHz, the points below 125 kHz that are still far
away from C1 remain ambiguous.

While Use Case 1 was especially important to demonstrate the
reliability of the implemented clustering framework, Use Case 2
is very useful to highlight its stability again. It shows that in
Online Training Scenario 2 (Impacts 1 and 2 were used for
training and Impact 3 was used for testing), the categorization
performance was comparable to when data from all three im-
pacts had been used for training (i.e., as in Use Case 1, in Section
6.1.1), with an outlier percentage of only 2.08% (Figures 8, B1,
B2). Due to the inherent principles of the DBSCAN algorithm
and the criteria used for testing categorization with the trained
clusters, ambiguous points are not forced to a specific cluster.
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Instead, they are considered outliers, which can eventually work
as a flag or alarm. Furthermore, the very significant improve-
ment in damage mechanism categorization accuracy obtained by
just adding 53 extra points (i.e., going from training with only
Impact 1 to training with Impacts 1 and 2) is a clear demon-
stration of the adaptability of the implemented framework to
different data availability scenarios.

6.2 | NDI
6.2.1 | Shearography

Although it could be beneficial to use shearography detection
before and after each impact, shearography was only performed
after the third impact because of the project complexity and
logistic issues. Before the on-site inspection of the composite ship
hull section, we did a preliminary test in the lab environment on
a representative sandwich panel with a similar structure, ma-
terial composition, and impact damage. The impact damage in
the test panel was reliably detected with 5-10 min of heating with
6-12 mm shearing distance. Those preliminary results provided
guidance for the on-site inspection. Damages including fiber
breakage along with matrix cracking, skin-to-core debonding,
and delaminations were detected in the test panel. Based on the
test panel, we expected to get similar detection capabilities of
shearography for the on-site inspection.

During the on-site inspection, first, a whole-field inspection of
the hull shell was performed using shearography for an overall
evaluation of the structure. The area of the whole-field inspection
was large enough (around 1500 x 900 mm?) and most of the area
of the outer hull shell looked healthy, excluding the regions near
the impacts (Figure 9(e)) and one local region near the edge. It
was assumed that the condition of the ship hull surface before the
impacts was pristine, i.e., as manufactured.

Then, the detailed shearography inspection of the impacted area
on the composite ship hull shell was performed. The impacted
area of the ship hull section was thermally as well as mechan-
ically loaded. For thermal loading, 240-s heating was performed
over the region of interest with the impacted area in the center.
The selection of the heating time was based on preliminary
results from a representative sandwich panel with impact
damage. During the inspection, the surface temperature increase
was in the range of 8°C-15°C. During the cooling of the structure,
sets of phase-shifted speckle interferograms were continuously
recorded and later processed. Their total build-up results in
phase maps that indicate the evolution of the out-of-plane dis-
placement derivative with shear direction. Phase maps in both x
and y directions were measured (see Figures 9(b) and 9(c)).

As explained in Section 4.2, the mechanical loading was applied
by lifting and placing a 7-ton metal block on the top deck of the
hull section. Sets of phase-shifted interferograms with the y-shear
were recorded at the end of each loading step as the vertical
compression was expected to be dominant. The processing of the
recorded phase-shifted interferograms yields the overall me-
chanical response of the structure (Figure 9(d)).

For both loading types, total phase maps (e.g., Figure 9(a)), which
contain defect-induced deformation as well as overall de-
formation (thermal expansion or mechanical bending), were
obtained. To separate the two types of deformation, the defect-
induced deformation was extracted from the overall phase map

by a curve fitting process [33], which provided compensated
phase maps (Figures 9(b), 9(c), 9(d)). The compensated phase
maps for thermal loading and x and y shears (Figures 9(b), 9(c),
respectively) both reveal the presence of the strain anomalies due
to the impact damage (indicated by the oblique red arrows in
Figures 9(a), 9(b), 9(c), 9(d)). The results for mechanical loading
(Figure 9(d)) reveal the same damage. The strain anomalies
found are likely to correspond to skin-to-core debonding.

The fact that the same defect was detected by both thermal and
mechanical loading demonstrates the reliability of shearog-
raphy inspection. It can be noted that the inspection results
from mechanical loading (Figure 9(d)) seem to be blurry, which
is likely to be due to the rigid body motion of the hull section
induced by the loading procedure. The vertical orange arrows in
Figure 9(b) and c are more difficult to interpret. They could
indicate some skin matrix damage that may have been caused
by the scraping of the impactor against the hull wall during the
bouncing of the impactor after actual impact (red ellipse in
Figure 9(e)). In addition to impact damage, in the compensated
phase map for thermal loading and x shear, the vertical line—
shaped anomalies (indicated by three white horizontal arrows
in Figure 9(b)) seem to be associated with composite plie
overlaps.

As a result, shearography captured three damage types (de-
laminations, fiber breakage, and matrix cracking) due to its high
sensitivity to stiffness variations caused by impact damage. At
macroscopic damage of this scale and severity (high impact
energy of around 20 kJ), all these failure modes occur simulta-
neously and are therefore detected together.

6.2.2 | Coin Tapping

The contact area of the impactor on the hull wall was clearly
marked with rust dust left by the impactor head. After
each impact, the area on and around the impactor contact
area was inspected visually (with the naked eye) and by coin
tapping [42-46]. After the second impact, evidence of some
skin-core debonding was identified by coin tapping, as
a duller/more damped sound in the impact area could be
heard compared to the less damped sound outside the un-
touched area. This area was less than 20 X 30 cm, as depicted
in Figure 9(e).

6.3 | Video Footage

In the slow-motion video of Impact 2 (included as the second
video in the support footage, see the Data Availability section), it
is possible to witness the generation of local damage locations in
two regions along the hull-wall edge facing the high-speed
camera (indicated in Figure 10(A)).

Those occurrences are described in this section by resorting to
video screenshots from the instant before the impact, the mo-
ment of impact, and the instant immediately after the impact. In
Figure 10, Row B, one can observe that there is some sandwich-
core crushing/cracking visible on the edge of the hull wall. This
cracking may be connected to some skin-core debonding. In
Figure 10, Row C, it is possible to see that the flexural action
during the impact induces a whip effect, which in turn generates
some peeling, and thereby some skin-core debonding at the edge
of the hull wall.
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FIGURE 9 | (a-d)Shearography inspection results (units in radian): (a) Original phase map with thermal loading and x shear; (b) compensated phase map

with thermal loading and x shear; (c) compensated phase map with thermal loading and y-shear; (d) compensated phase map with mechanical loading and y-

shear. The red and yellow arrows indicate possible damage locations discussed in the text. (¢) Rust marks left by the impactor on the hull wall. The scratch due to
bouncing is highlighted by a red ellipse. The mark on the right is due to the actual impact. The sound difference limits from the coin-tapping inspection (see Section
6.2.2) were marked: continuous line for unambiguous differences, dashed line for ambiguous differences.

At this point, it is important to highlight that, although the
reliability of the implemented damage categorization framework
was not quantitatively estimated by means of a reliability index,
we consider that the slow-motion video footage presented above
together with the results of the NDIs presented in Section 6.2
enables a suitable qualitative reliability assessment, and thus
validation, of the damage categorization based on the clustering
results discussed in Section 6.1.1.

6.4 | Considerations on the Limitations of the
Study and Implemented Method

It is important to highlight some limitations of the study and
methods. We attempted to generate the most realistic dataset
possible with all the diversity that comes with a full-scale
structure and representative impacts. However, due to project
cost and scope limitations, only one hull section demonstrator
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FIGURE10 | (A)Screenshot from high-speed camera video of Impact 2, before impact (note the impactor in falling position, indicated by the white
arrow on the right). Areas of Interests 1 and 2 are highlighted by red ellipses. Row B—zoomed-in views of Area 1: (B1) before the impact; (B2)

immediately after the impact. Arrows indicate the damage. Row C—zoomed-in views of Area 2: (C1) before the impact; (C2) at the moment of impact.

The arrow indicates the damage.

was manufactured and only impact scenarios were tested with
AE instrumentation. This prevented the evaluation of perfor-
mance of our damage categorization method on multiple spec-
imens, under different loading conditions (e.g., fatigue) and
during a representative part of the useful life of the structures.
Consequently, it was not possible to study aspects related to
integrating our methods into a complete SHM system and
making it fit-for-purpose.

In thick composite sandwich structures, which inherently have
a high material heterogeneity, damage progression is complex
(see more about the complex damage progression in the publicly
available Support Material [24]). In realistic loading scenarios,
material heterogeneity leads to degradation not being governed
by a single, predominant damage mechanism, but rather
a combination of them. In such cases, AE signals contain the

signature of complex damage progression interactions, and thus,
one should analyze multiple AE features simultaneously to
obtain a more differentiated identification of the multiple
damage mechanisms. Hence, we decided to develop a categori-
zation method that incorporates automatic relevant feature se-
lection and automatic hyperparameter tuning, coupled with
a robust clustering algorithm such as DBSCAN, which has the
inherent capability of detecting outliers.

It should be noted that the approach developed and implemented
in this work does not pertain to mitigate the interference of noise
in AE data acquisition for practical SHM applications. However,
as explained above, the approach is capable of analyzing noisy
data in a stable and robust way, because the DBSCAN method
can inherently identify outliers. Possible sources of environ-
mental noise (e.g., sensor bonding loss with the structure during
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impact) or nondamage-related events (e.g., friction between the
impactor and hull) may influence the results. It was checked that
all the transducers were fully bonded to the structure by the end
of the three consecutive high-energy impacts. Moreover, if
bonding loss with the structure had occurred, the frequencies
associated with it would have been under the kilohertz range and
would constitute an oscillatory drift of the mean amplitude. This
was not observed in any of the acquired waveforms. Regarding
friction between the impactor and hull, such types of events
cannot be excluded. However, the different AE data analyses
conducted in this study prove that this type of event did not
influence the categorization results. The chronological analysis
in Section 6.1.1.2 shows that the duration and the evolution of the
different clusters during each of the impacts match the structure
dynamics captured by the accelerometers during the impacts.
This proves that the clustered data points are related to what was
taking place inside the structure and not to impactor-hull
friction.

In cases of slower structural degradation (e.g., fatigue), there
might be occurrences in which different damage mechanisms
have comparable contributions. The corresponding AE data
points might then lie in between cluster “clouds.” Because
DBSCAN does not allow data points to have shared membership
in different clusters (i.e., hard-clustering algorithm), in these
cases, the points would likely be classified as outliers. To tackle
this limitation, it would be beneficial to adopt the soft variant of
the DBSCAN algorithm, which would allow fuzzy cluster
membership. Hence, future research could enhance the appli-
cability for real-time SHM applications by incorporating more
diverse datasets and exploring more sophisticated soft-clustering
techniques to handle ambiguous data points.

7 | Conclusions

This article focused on the AE-based SHM of a full-scale (1:1) full-
composite ship hull section subjected to three consecutive realistic
high-energy (~20kJ) impacts. The investigations built up on the
recognized potential of AE sensing for damage detection, localiza-
tion, and categorization of damage in composite structures. The
research goal was to develop and validate a reliable and robust
approach to classify different damage mechanisms without prior
knowledge of their occurrence, and that can be applied in a sys-
tematic way, irrespective of structure size and complexity.

To this end, the DBSCAN algorithm was combined with adapted
routines for silhouette-driven hyperparameter tuning and for
Laplacian data feature selection in order to enable a systematic
deployment of the unsupervised damage categorization tool. The
tool was able to identify three properly formed clusters, with
around 6% outliers and 0.9 mean silhouette. The clustering so-
lution was found to have a very good match with evidence from
the literature about the AE frequency content for sandwich-core
crushing/cracking, skin-core debonding, and matrix cracking in
composite sandwich specimens made of similar materials. The
damage categorization framework demonstrated strong stability
by always producing consistent results, despite the un-
constrained damage progression during the impacts, the random
data shuffling prior to training, the different training/testing data
splits, and the different AE data features used for clustering.

In the chronological analysis of the clustering results, it was
possible to observe damage progression as an interdependent
process of the three damage mechanisms. The onset of skin-core
debonding and matrix cracking depended on the onset and ac-
cumulation of core crushing/cracking. Subsequently, the accu-
mulation rate of the three damage mechanisms remained
interdependent. This analysis reinforced the confidence that the
implemented tool can identify all the predominant damage
mechanisms. The localization capabilities of the AE acquisition
system were combined with the clustering solution in post-
processing, demonstrating the usefulness of a categorized
damage localization map in providing extra insights into the
spatial trends in damage progression.

On top of that, when the algorithm was trained consecutive times
(with the training dataset incremented with an extra impact for
each time), as it moved from training with only Impact 1 to
training with Impacts 1 and 2 (i.e., by just adding 53 data points to
the training set), two properly formed clusters were found, with
a mean silhouette of 0.884 and only 2% outliers. In the sub-
sequent testing with Impact 3, the great majority of the points
were categorized, leaving only 10% of outliers in the region
between the two clusters. In short, in one retraining iteration, it
went from no categorization capability to a categorization ca-
pability that was comparable to when data from all three impacts
were used for training. Hence, it was concluded that the in-
corporation of automatic relevant feature selection and auto-
matic hyperparameter tuning, coupled with inherent DBSCAN
outlier detection capability, provides a stable approach to handle
realistic AE data variability and to adapt to different data
availability scenarios that can be found in real operation, thereby
showing potential for online monitoring. This increased the
confidence in the ability of the framework to perform its mission,
even when it is necessary to retrain the algorithm during ship
operation to continuously improve damage diagnosis accuracy.

The AE-based damage mechanism categorization results were
validated with postimpact NDI and analysis of slow-motion video
footage captured during the impacts. Through digital laser
shearography and coin-tapping, it was possible to confirm the
presence of skin-core debonding at and around the impact lo-
cation. This indirectly confirmed the occurrence of core crush-
ing/cracking, as an extensive area of this damage mechanism
must always precede skin-core debonding. Shearography mea-
surements also contained some indications that could potentially
be associated with skin matrix cracking, although this could not
be assured. By carefully looking at slow-motion video footage, it
was possible to identify events of core crushing/cracking and
skin-core debonding occurring along one of the side edges of the
hull section. In short, the reliability of the implemented un-
supervised damage categorization framework was qualitatively
demonstrated.

To the best of our knowledge, this is the first published validated
study addressing the first three SHM functions of damage di-
agnosis (detection, localization, and categorization) for a full-
scale full-composite ship structure subjected to realistic loading.
The article demonstrates that the unsupervised damage cate-
gorization framework can perform its mission in an adaptive and
totally automatic way. The study also highlights the capability of
the developed categorization methodology to be deployed for
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online monitoring, where SHM algorithms are retrained during
structure operation to keep improving diagnosis accuracy.

Finally, this research provides an example of how SHM alerts
generated during operation can help directing detailed in-
spections to when and where truly necessary (e.g., with shear-
ography, ultrasonics, thermography). The implementation of
SHM should aim at deploying a sparse transducer network ca-
pable of providing reliable quantitative indication about the
condition of structural areas that are critical for the load-bearing
capabilities, especially those with difficult access. When the
quantitative damage indicator reaches a certain threshold, advice
should be issued to direct NDI in a more efficient way. This
makes inspections more cost-effective than when they are
conducted without having any information about the operational
history of the structure, which is crucial for optimizing a main-
tenance program.
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