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ABSTRACT

This paper presents an advancement in smart sensing and structural health monitoring (SHM) of large-scale ship
structures, aimed at real-time detection and accurate localization of damage induced by extreme environmental
conditions and high-impact events. This subject has attracted increasing attention in naval architecture, marine,
and ocean engineering because such damage has critical implications for structural integrity and safety. In
practical applications within harsh marine environments, the capability to rapidly and reliably identify the
location of structural damage after an extreme event is essential. To address this need, the proposed approach
integrates the inverse finite element method (iFEM), anomaly index formulation, and machine learning (ML)
techniques. High-fidelity finite element (FEM) models are employed to simulate damage scenarios with high
accuracy; these simulations are then simplified to enable efficient real-time analysis and seamless integration
into the SHM framework. The methodology has been applied to a representative case study involving a portion of
a containership, effectively overcoming challenges related to optimal sensor placement, environmental vari-
ability, and complex operating conditions. Ultimately, the study introduces an enhanced iFEM-based strategy
combined with ML models for real-time SHM, providing a robust and scalable solution for damage detection and

localization in large-scale ship structures under extreme conditions.

1. Introduction

The structural integrity and damage assessments of ships and marine
vessels, both civilian and research-oriented, are critical for ensuring
their operational safety and effectiveness, particularly when subjected
to high-impact events or shock wave loads from accidental collisions,
underwater seismic activities, or extreme environmental conditions. As
marine technologies continue to advance and vessels operate in
increasingly demanding environments, it is vital to accurately assess the
extent of structural damage and the ships’ condition to determine
appropriate actions for restoring functionality and ensuring continued
operability. In recent years, emerging maritime challenges, such as
debris impact from offshore activities and high-energy wave events,
have highlighted the need for real-time structural monitoring to avoid
catastrophic consequences and ensure crew safety through timely
decision-making (Bursuc et al., 2024; Pettyjohn et al., 2024).

Traditional non-destructive testing methods, such as visual

inspection, liquid penetrant, radiography, and magnetic particle testing,
are not feasible in emergency situations during a mission, where sig-
nificant damage such as hull breaches can occur and where the speed of
the assessment is crucial (Kroworz and Katunin, 2018; Oboe et al.,
2023). In such an extreme context, rapid detection and assessment of
hull damage through Structural Health Monitoring (SHM) can be critical
in preventing catastrophic consequences, ensuring that necessary ac-
tions are taken quickly to mitigate the impact and maintain the integrity
of the vessel (i.e. recoverability) (Kefal et al., 2016). The main challenge
of any SHM system is to inversely infer structural health from in-situ
sensor data, possibly in real-time (Silva-Campillo et al., 2023), capital-
izing on the advancements in new sensors, wireless communication
networks, and big data analytics coupled with machine learning (ML)
techniques (Sbarufatti et al., 2014).

Two main approaches are available to solve SHM inverse tasks: data-
driven and model-based. Data-driven algorithms use experimental data
collected from sensors and applies statistical or ML techniques to
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identify patterns and diagnose damages (Deraemaeker et al., 2008).
Model-based algorithms, on the other hand, rely on physical or mathe-
matical models to predict the behavior of a structure analyzing de-
viations between the model’s predictions and actual data, indicating
potential anomalies like damages. Given the high complexity of the ship
hull structures and due to difficulties in retrieval of experimental data,
model-based approaches appeared as a more suitable and cost-effective
choice (Gardner, 2018), especially when multiple levels of the diag-
nostic hierarchical structure are inferred (Rytter et al., 1993), requiring
examples for pattern recognition.

However, one main challenge in ship hull monitoring is the defini-
tion of diagnostic techniques that can deal with varying (and often un-
known) boundary load conditions, which hamper their applicability in
real scenarios if not correctly considered (Sbarufatti et al., 2013). For
example, while radar exists to identify the sea state, the pressure dis-
tribution along the ship hull surfaces will remain unknown, though
necessary for displacement and strain full-field reconstruction. To
handle this issue, the inverse Finite Element Method (iFEM) is proposed
in the literature as a model-based approach for calculating structural
displacements (often referred to as shape sensing or deflection moni-
toring) based on a set of strain measurements as the sole input (Tessler
and Spangler, 2003), typically relying on fiber optic sensor technology
or conventional strain gauges/rosettes. The iFEM models only require a
mesh discretization of the structure and the definition of structural
boundary conditions, without any dependence on the applied external
load if a proper sensor network is designed to capture the significant
load paths. The iFEM approach consists of minimizing (in a least-squares
framework) a weighted error functional defined as the difference be-
tween measured and numerically formulated strains. The procedure is
computationally efficient, involving mainly matrix-vector multiplica-
tions, and fast enough for real-time implementation both in static and
dynamic applications (Tessler and Spangler, 2005).

Since its inception, the iFEM algorithm has undergone significant
advancements and has been applied to a wide array of shape sensing and
structural health monitoring problems. This innovative methodology
has been extended to various structural types, such as aerospace plate/
beam-like structural components (Oboe et al., 2021a; Papa et al., 2017;
Esposito et al., 2023; Kefal et al., 2022), ship structures, e.g., container
ships (Kefal & Oterkus, 2016a), bulk carriers (Kefal et al., 2018), and
chemical tankers (Kefal and Oterkus, 2016), long underwater pipelines
(Zhu et al., 2022a, 2022b), and offshore structures (Li et al., 2020).
Moreover, iFEM has found applications in critical areas like pitting
corrosion (due to marine environment) identification (Ghasemzadeh
et al., 2023), complex load reconstruction (Colombo et al., 2019, 2021;
Esposito, 2024), modal shape identification (Belur et al., 2025), show-
casing its versatility and robustness.

Further, numerous inverse element formulations have been intro-
duced in the literature, encompassing elements ranging from beams to
shells. Among these, several key inverse-shell elements stand out due to
their practicality and accuracy. These include the iMIN3 (Tessler &
Spangler, 2004; Tessler and Spangler, 2024), iQS4 (Kefal et al., 2016),
and iCS8 (Kefal, 2019) inverse-shell elements, all of which employ
CO-continuous interpolation functions based on the first-order shear
deformation theory. In particular, the iQS4 element has garnered sig-
nificant attention for shape sensing applications in both simple and
complex geometries. It has been applied to ship and offshore structures
as well as stiffened aerospace panels due to its advantages in modeling
large-scale structures with low-cost sensor networks and its ability to
provide highly accurate displacement estimations (Oboe et al., 2021b;
Roy et al., 2020). The iQS4 approach has demonstrated superior per-
formance in damage identification for both monolithic and stiffened
structures composed of isotropic or orthotropic materials (Colombo
et al., 2019; Abdollahzadeh et al., 2020).

In addition to shell elements, a variety of inverse-beam elements
have been developed to facilitate displacement monitoring in thick and
thin beam structures. Experimental and numerical investigations have
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consistently highlighted their high efficiency and accuracy for real-time
deformation detection (Gherlone et al., 2012, 2014). Notably, fiber
Bragg grating (FBG) sensors have been employed for dynamic
displacement prediction of beam structures, further validating the
applicability of iFEM in real-world scenarios (Song and Liang, 2018).
More recently, the integration of isogeometric analysis into iFEM has led
to the development of the isogeometric iFEM approach. This method
leverages non-uniform rational B-splines (NURBS) for the discretization
of both structural geometry and displacement fields, thereby enhancing
the precision and smoothness of the reconstructed deformations (Kefal
and Oterkus, 2020). Further advancements in iFEM have included the
incorporation of refined displacement theories, such as the refined
zigzag theory (RZT) (Tessler et al., 2010). This combination (Cerracchio
et al., 2015; Kefal et al., 2017) enables the reconstruction of zigzag
deformations across the thickness of sandwich plates, shells, and beams.
Numerical and experimental studies have validated the predictive ca-
pabilities of the iFEM-RZT method, particularly for moderately thick,
wing-shaped sandwich panels (Zhao et al., 2021; Kefal et al., 2021a;
Poloni et al., 2023a, 2023b).

The continuous evolution of iFEM through novel mathematical for-
mulations, combined experimental and numerical validations, and
integration with advanced theories and computational methods un-
derscores its potential as a critical tool in modern structural engineering.
Its adaptability across various structural configurations and materials,
coupled with its proven effectiveness in real-time monitoring, positions
iFEM as a leading methodology for next-generation SHM solutions.
However, in practical applications, the iFEM method faces certain lim-
itations due to the inability to place sensors uniformly across the entire
structure. Sensor deployment is often restricted by hardware limitations
and accessibility constraints, meaning that only certain areas of the
structure can be sensorized (Kefal et al., 2016; Oboe et al., 2022),
affecting the overall accuracy of the displacement reconstruction. To
mitigate this issue, pre-extrapolation techniques are employed, allowing
for the estimation of strain data in areas without sensor coverage (Oboe
et al., 2023). These techniques can be based on physical laws (Oboe
et al., 2022) or on data-driven approaches, like the smoothing element
analysis (SEA) (Kefal et al., 2021; Roy et al., 2022) or simpler poly-
nomial functions, as implemented in this study. Further, another novel
pre-extrapolation strategy based on Modal Virtual Sensor Expansion is
proposed in (Esposito, 2024). Particularly, the “smoothed iFEM"
formulation (Kefal et al., 2021b) is a two-step approach that involves
generating smooth, continuous strain data from discrete sensor mea-
surements, which is then used for shape sensing via the classical iFEM
framework. Comparative studies have shown that smoothed iFEM offers
improved accuracy over traditional formulations, making it highly
effective for real-time applications.

In addition to displacement reconstruction, iFEM has also been
effectively used as a tool for damage identification, exploiting a set of
test sensors to reveal damage sensitive features. This is done in
(Colombo et al., 2019) by considering a healthy mesh for the iFEM,
which will reconstruct a strain field always compatible with the healthy
structure; if a non-modelled geometrical modification (e.g. due to
damage) induces a strain field perturbation as input to the test sensors,
the iFEM (based on a healthy mesh) will reconstruct a displacement field
not compatible with the real strain observation. Various methods have
been implemented in the literature to synthesize and measure this non
compatibility, e.g. leveraging the Von Mises strain (Li et al., 2020) for
the definition of load-independent damage indices (Colombo et al.,
2019). Further research aimed at damage detection with iFEM is pre-
sented in (Roy et al., 2021; Roy and Gherlone, 2023). More recently,
iFEM has been integrated with peridynamics (PD) (Silling et al., 2010) to
enable simultaneous shape sensing and crack propagation monitoring.
This integration opens new avenues for non-local damage detection and
monitoring, further broadening the scope of iFEM applications in SHM
(Kefal et al., 2023). Most recently, the damage/crack propagation aimed
to be monitored by using just sensor data, through the invocative
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development of particle inverse method (Kefal et al., 2024), which is
essentially originated based on the idea of iFEM’s least squares
formulations.

Several contributions have specifically combined iFEM with anom-
aly index formulations for damage detection. Colombo et al. (2019,
2021) investigated the use of iFEM-based anomaly indices on composite
and metallic plates with artificial cracks and cut-outs, showing that
discrepancies between reconstructed and measured strains could serve
as reliable indicators of localized damage. Oboe et al. (2023) extended
this approach to stiffened aerospace-type panels, validating the method
experimentally and confirming its robustness in laboratory-scale con-
ditions. More recently, Bardiani et al. (2024) applied the anomaly index
strategy to naval-type plate structures subjected to localized damage,
demonstrating its feasibility through numerical simulations but still
within simplified structural layouts. In parallel, the integration of iFEM
with machine learning (ML) has been explored in only a few studies: Li
et al. (2022), for example, employed artificial neural networks to pro-
cess iFEM-derived strain features for crack detection in aerospace
panels, highlighting the potential of data-driven models to complement
iFEM but without addressing large marine structures or extreme loading
scenarios. To the best of our knowledge, no published research has yet
employed ML to overcome the intrinsic limitations of the anomaly index
in naval applications, namely the reliance on dense sensor networks and
the difficulty of capturing complex or distributed damage morphologies
induced by extreme loads. These limitations are consistent with what
has already been observed in previous anomaly index formulations,
namely their restriction to simple and small-scale damage cases and
their dependence on many test sensors.

The main and novel aim of this study is to propose an improved
framework based on the iFEM with polynomial pre-extrapolation and
integrating ML algorithms for localizing complex damage in large and
intricate structures, such as ships and marine vessels. Ultimately, this
paper presents for the first time seamless integration of iFEM, anomaly
index formulation (Colombo et al., 2021), and deep neural networks
(DNNs) specifically tailored for damage identification and localization
of any real ship structures. By leveraging advanced computational
models, this improved approach seeks to significantly enhance the
applicability and effectiveness of real-time monitoring by iFEM in
real-world, large-scale structures. This enhancement not only aims to
improve the accuracy of damage assessments but also allows us to
facilitate timely decision-making in critical situations, ultimately
contributing to the operational safety and integrity of various engi-
neering applications. This is particularly relevant in cases where the
damage exhibits a non-trivial morphology, as often observed in
high-impact scenarios involving accidental blast events, collisions,
debris strikes, or extreme wave events. In the novel framework, complex
damage configurations are initially simulated using high-fidelity
computational models and subsequently simplified (Lloyd’s Register,
2019), ensuring that the reduced models still capture the key structural
responses. Additionally, an ML approach based on DNNs is employed to
predict damage location using a reduced set of Anomaly Indexes
(Colombo et al., 2019), derived from a limited number of strategically
placed rosette sensors. The ML model is trained using simplified damage
cases but demonstrates the ability to generalize to more realistic,
high-fidelity scenarios. The proposed method is implemented in a
representative application of a portion of a containership, addressing
challenges such as limited sensor deployment, harsh environmental
conditions, and operational constraints—all of which complicate accu-
rate damage diagnosis in real-world maritime structures.

The manuscript is organized as follows: Section 2 reviews the iFEM
methodology, the anomaly index formulation, and the coupling with the
machine learning model. Section 3 describes the case study, including
the high-fidelity impact model, damage simulation, iFEM reconstruc-
tion, and DNNs for damage localization, along with the evaluation of
generalization capability and results. Section 4 concludes the study.
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2. The iFEM/iQS4 review and its methodological coupling with
machine learning methods

2.1. Formulation of the iFEM/iQS4 element

A summary of the iFEM approach for displacement and strain field
reconstruction is provided in this section, while a detailed formulation is
available in (Kefal et al., 2016b; Kefal and Oterkus, 2016; Oboe et al.,
2023) for the interested reader.

In this study, a generic shell structure — such as a panel of a ship hull
— is discretized using inverse elements, with the iQS4 formulation being
specifically adopted (Kefal et al., 2016) (Fig. 1). The displacement field
is calculated starting from input strain measurements by minimizing the
least-square functional of Equation (1), which is defined as the error
between the input strain field measured by sensors (-¢) and its numerical
formulation (-(u)), which is a function of the unknown nodal displace-
ments u. Both the input and numerical strain fields are separated into
three main components: the membrane e, the bending k, and the
transverse shear g strain contributions. Thus, the formulation of the i-th
inverse element can be defined as:

(i) =le(u) — eflfy + [Fe(er) — Ky, + g () g

o €]

Where ||||3, is the squared weighted Euclidean norm with the weight
matrix W. Specifically, Wi , Wi, and W: are diagonal matrices of weights
for the membrane, bending, and transverse shear strain contributions,
respectively (Oboe et al., 2023). Generally, a unitary reference value is
assigned to elements where the input strain field component is measured
by physical sensors (ef, k{ and g¢), while in other cases (missing in-situ
strain component), the coefficients are reduced to small values (e.g.,
10-4).

In the broadest scenario, the input strain formulation is derived from
strain measurements taken on the structure. Sensors are typically placed
on the external surfaces of the component for easier installation and
maintenance, although applications with embedded sensors are also
feasible.

For example, consider a couple of strain gauge rosettes applied on
the two external sides of the shell as shown in Fig. 1. The membrane and
the bending strain components associated with the j-th sensors’ location
within the i-th inverse element can be defined as:

1 e;rx R 1 e;x — €
+ - 3 + —
e;:E eyy+£yy k’]:ﬁ €y — €y 2)
+ - + -
Yy Ty i T T Ty j

Where 2h is the shell thickness at the sensors’ location.

The strain component g, on the other hand, cannot be directly
computed from the measured surface strain components. However, since
its contribution can be neglected in most engineering applications, the
experimental input component of g is supposed to be null (Kefal et al.,
2016).

For precise reconstruction of the displacement field, it is necessary to
have the input strain field available for all elements of the structure.
However, this is generally impractical in real-world applications. To
address this limitation, strains can be extrapolated in areas where
physical sensors are unavailable. This can be achieved through methods
such as polynomial fitting or Smoothing Element Analysis (SEA) (Kefal
et al., 2021; Poloni et al., 2023a, 2023b), utilizing either data-driven or
physics-based approaches. Data-driven methods extrapolate strains
solely based on the acquired strain field, resulting in a more continuous
and smooth output across the entire domain. Conversely, physics-based
strain extrapolation combines the acquired strain data with knowledge
of geometrical discontinuities and their analytical formulations to pro-
vide a more accurate strain field, especially in the presence of discon-
tinuities (Bardiani et al., 2024, 2025a).
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Fig. 1. Discrete sensor placement on both the top and bottom surfaces of the shell structure (adapted with permission from (Oboe et al., 2023)).

The numerical strain components formulation is based on the ele-
ment’s shape functions, thus, it is computed through Eq. (3), where B™,
B?, and B® are matrices containing the derivative of the shape functions
(Kefal et al., 2016).

e(u) =B"u' k(u') =Bu g(u') =B 3)

After some mathematical passages applied to Egs. (2) and (3) inside
Eq. (1), by employing a conventional assembly procedure that accounts
for the contribution of each inverse element and aims to minimize the
global least-squared functional, the problem can be formulated as
follows:

KU=F 4

Where K is a matrix resembling the stiffness linking the global
displacement field U with the vector F containing the input strain field
contribution.

Nonetheless, the matrix K is singular and, if left unconstrained, it will
result in a rigid motion of the structure. Therefore, after establishing
appropriate boundary conditions, the free (unconstrained) nodal dis-
placements can be determined. Subsequently, once the displacements
iFEM

field has been calculated, the numerical strain field € can be

computed using Eq. (3), similarly to any direct FEM approach.

2.2. Anomaly index formulation for iFEM-based damage identification

The iFEM strategy can be used for damage identification (Colombo
et al., 2019, 2021). The basic assumption is that the presence of a defect
modifies the strain field of a structure with respect to its healthy con-
dition. If a numerical model is constrained to reproduce the behaviour of
a defect-free structure, any incompatibility between the reconstructed
field and the actual measured strains can be interpreted as an indication
of damage. To this end, the methodology introduces a load-independent
anomaly index, denoted as i(x;), which quantifies the deviation between
the strain field reconstructed by iFEM and the one experimentally
measured at specific locations. A fundamental point of this approach is
the distinction between two different sensor networks: the input sensor
network and the test sensor network.

e The input sensors (g;,), placed at locations x;,, provide the strain data
that are directly supplied to the iFEM procedure. Based on these
values, the iFEM algorithm reconstructs the displacement and strain
fields over the entire discretized geometry of the structure. Since the
underlying iFEM mesh represents the healthy structure (i.e., the
iFEM model does not have any prior knowledge about whether the
structure is damaged or not), the reconstructed strain field ey is
always kinematically compatible with the assumed undamaged ge-
ometry. In practice, this means that even if the actual component is

damaged, the iFEM reconstruction will “force” the strain field into a
form that is admissible for a healthy structure, thus hiding the local
perturbations introduced by the defect.

The test sensors (g;), located at positions x;, are not involved in the
iFEM reconstruction. Instead, they provide an independent dataset
that serves as a benchmark against which the iFEM predictions can
be validated. When the structure is intact, the reconstructed strains
eirpm (Xt ) are expected to match the measured strains &;(x;), leading to
negligible discrepancies. Conversely, when damage occurs, the
measured strain field deviates from the reconstructed one, because
the iFEM cannot reproduce the local incompatibilities associated
with cracks, perforations, or plastification. The comparison between
the reconstructed and measured values at the test sensor locations
thus provides a robust, load-independent indicator of the presence
and location of damage.

This concept is formalized through the anomaly index, defined as
(Colombo et al., 2019, 2021):
_ Eeq,t(xt) - geq,iFEM(xt)

i(x,) SR E—— (5)

Where g.(x;) is the equivalent strain measured at the test location and
eq,irEm(X;) is the equivalent strain reconstructed by iFEM at the same
point. The equivalent strain is introduced in Eq. (5) to condense the
tensorial strain components into a single scalar, which is frame-invariant
and independent of the sensor orientation. In the case of in-plane strain
measurements, which are typically available through strain rosettes, the
equivalent strain can be computed as:

b=\l ) + e 5 () 67 ©

This expression is particularly suited for practical SHM applications,
since strain rosettes provide direct access to the in-plane components &,,,
&yy and y,,. Eq. (5) is evaluated independently at each test sensor loca-
tion x,, so that every sensor provides a local value of the anomaly index.
The collection of all these values forms the anomaly index vector i(x;),
which highlights the presence of damage through non-zero components
concentrated near the defective region.

Further details on the theoretical assumptions underlying this
formulation can be found in Colombo et al. (2019).

The main properties of the anomaly index are worth emphasizing.
First, it reduces the tensorial quantity to a scalar, making it easier to
interpret and visualize. Second, it is independent of the coordinate
system of the sensors, ensuring robustness with respect to sensor
placement. Third, and most importantly, it is independent of the
magnitude of the applied load: whether the structure is subjected to
small operational loads or to extreme impact events, the index reflects
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only the incompatibility due to damage and not the absolute strain level.

When the structure is in a healthy condition, the anomaly index
vector i(x;) is expected to be close to zero at all test sensor locations. This
means that the iFEM-reconstructed strains are consistent with the actual
measurements, confirming the absence of defects. On the other hand,
when damage is present, some components of i(x;) deviate significantly
from zero, especially at test sensors located near the damaged region. In
this case, the index reveals the local incompatibility between the
measured strain field and the displacement field reconstructed under the
assumption of a healthy model.

The entire procedure is illustrated in Fig. 2. Panel (a) summarizes the
workflow, which is repeated at each time instant, while panel (b) shows
an example of the placement of input and test sensors on a structural
component subjected to time-dependent loading. The rationale for
employing two distinct sensor networks becomes clear: input sensors are
indispensable for enabling the iFEM to reconstruct a global strain field,
while test sensors act as an external verification tool, enabling damage
detection by highlighting incompatibilities. If only one sensor network
were used, iFEM would always perfectly reproduce the input measure-
ments, and any local damage effects would be masked. By maintaining
this separation, the proposed strategy ensures both consistent recon-
struction and a reliable means of identifying structural anomalies.

It is worth noting that no universal rule exists for determining the
optimal locations of the test sensors. Their placement must be carefully
defined on a case-by-case basis, considering the geometry of the struc-
ture, the type and location of expected damage, boundary conditions,
and economic or practical constraints such as accessibility and instal-
lation costs. Consequently, the effectiveness of the anomaly index
strongly depends on a well-conceived sensor layout, which should bal-
ance accuracy, robustness, and feasibility.

As highlighted in the Introduction, the previously developed anom-
aly index procedure—although successfully applied in both numerical
and experimental contexts (Colombo et al., 2019, 2021; Oboe et al.,
2023; Bardiani et al., 2024)—still suffers from intrinsic limitations that
prevent its straightforward application to realistic large-scale systems.
First, it has so far been demonstrated only on laboratory-scale specimens
or structural components of limited extension, whereas its applicability
to full-size naval or offshore structures remains untested. Second, it has
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only been verified in the presence of simple and localized damage pat-
terns, such as cracks or delaminations, while its robustness in scenarios
involving complex, multiple, or distributed damages has not been
assessed. Finally, the method critically relies on a dense network of test
sensors to ensure accurate localization, a requirement that becomes
technically and economically impractical in large marine structures,
where installation and accessibility constraints limit the number of
deployable sensors. All these aspects further restrict the scalability of the
approach and hinder its integration into digital twin frameworks. These
shortcomings emphasize the need for methodological advancement
capable of reducing sensor dependency, extending applicability to
complex damage scenarios, and ensuring feasibility for large-scale SHM
applications in the marine and offshore fields.

To overcome these limitations, two machine learning models based
on DNNs are introduced, whose rationale and implementation will be
described in detail in the following subsection, before presenting their
integration with the iFEM and anomaly index framework.

2.3. Data-driven approach based on DNNs

Neural networks (NNs) are models commonly employed to approx-
imate linear and/or non-linear functions of the form y = f(x) between
input (x) and output (y) vectors. NNs consist of interconnected units
known as neurons (or nodes), organized into multiple layers: an input
layer, one or more hidden layers and an output layer. NNs that contain
more than one hidden layer are referred to as DNNs. This machine
learning technique is inspired by the learning mechanisms of the human
brain, advanced by Hinton et al. (Hinton et al., 2006; Guo et al., 2021;
Zhou, 2021). Typically, neurons in consecutive layers are fully con-
nected, meaning that each node in a layer is linked to all the nodes in the
subsequent layer. In recent years, they have gained widespread use
across various domains of engineering and applied sciences, especially
when conventional models struggle to generalize from limited or non-
linearly separable data.

The i-th component x; of the input vector (x) is assigned to the i-th
neuron within the input layer, which transfers information to neuron j in
the subsequent layer through a weighted connection characterized by
weight wj;. The information obtained by the j-th node is then aggregated

Fig. 2. Anomaly Index evaluation: (a) Workflow followed at each time; (b) Example of input and test sensor placements on a structure experiencing time-dependent

loading. Adapted with permission from (Colombo et al., 2021).
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and updated according to the following Eq. (11) (Bardiani et al., 2025b):

N
Zf—g(Z (w; - x;) +bj> %)

i=1

Where z; is the output of the j-th node, g(-) is typically a non-linear
activation function, N; represents the number of nodes from which the
j-th node receives information, and b; is a bias parameter. This message
passing and aggregation process recurs layer-by-layer until the output
layer, where the value of the k-th node corresponds to the k-th compo-
nent (¥x) of the estimated output vector (¥). Weights w; and biases b; are
trainable parameters of the NN and are optimized during training
through error back-propagation algorithms with gradient descent,
aimed at minimizing the discrepancy between the expected output (y)
and the predicted output (y).

The training set is used to make the NN learn the relationship be-
tween inputs and outputs, the validation set serves as a tool to indicate
underfitting or overfitting (Zhou, 2021), while the testing set is used
after training for evaluating the NN generalization capabilities on un-
seen data. Across epochs, a user-defined error metric comparing pre-
dicted and expected outputs guides the iterative update of trainable
parameters using gradient descent, culminating in achieving satisfactory
reconstruction error (Hinton et al., 2006).

In the present study, two DNNs are employed with the specific aim of
learning the relationship between the anomaly index values—computed
at a limited number of test sensor locations on the ship structure—and
the corresponding damage position (X and Y coordinates of the damage
centroid). By doing so, the approach alleviates the dependency on a
dense network of sensors, while still ensuring accurate localization ca-
pabilities. This strategy makes the methodology scalable and applicable
to large-scale and complex structural configurations, such as those
encountered in naval and offshore engineering.

The choice of using DNNs is motivated by preliminary investigations
that showed the inadequacy of more traditional ML approaches—such
as support vector machines (SVMs) and decision trees—which failed to
achieve satisfactory accuracy, especially when the available input was
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limited to a reduced number of test sensors. In contrast, DNNs demon-
strated a significantly improved ability to generalize the relationship
between the anomaly index pattern and the underlying damage location,
even in the presence of structural complexity and noise. Their flexibility
and robustness make them a suitable and scalable solution for damage
localization tasks in large-scale engineering structures.

Comprehensive details regarding the network architectures, dataset
generation, and training strategy are provided in the dedicated case
study section.

2.4. Integrated framework combining iFEM, anomaly index, and DNN for
damage localization

The overall data-driven framework for localizing blast damage in
ship structures is schematized and detailed in Fig. 3.
It consists of the following main steps:

High fidelity simulation of an extreme event against the lateral side
of a portion of a containership model, inducing hull plasticity and
breakage. An explicit dynamic numerical framework is considered,
comprehensive of a high-fidelity representation of the material’s
failure mode, capturing the realistic damage morphology.

Creation of FE models with simplified damage: based on the exten-
sion of the damage obtained with high fidelity simulations, a
simplified approach like the one proposed by Naval Society of
Classifications is performed (Lloyd’s Register, 2019), simulating the
damage by removing the panels destroyed by the extreme event. This
simplified model, assumed to be subjected to only one load corre-
spondent to the longitudinal vertical bending moment, provides all
the numerical strain measurements needed as input to the iFEM. A
database of 270 analyses has been created, varying the location of
the simulated damage on a two-dimensional grid located on the
lateral side of the structure. The grid dimension was defined by
considering the overall geometry of the structural component, the
expected damage extension observed in typical failure scenarios, and
the need to balance spatial resolution with computational efficiency.

Fig. 3. Workflow chart of the framework implemented in the presented research.
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e Creation of the healthy inverse FE model for full field displacement

(and strain) reconstruction based on an FBG sensor network as input.

The test sensor network for the calculation of the anomaly index is

also defined and motivated in this step.

Calculation of anomaly indices for damaged conditions: after the

application of the iFEM algorithm on all simulated damaged cases,

the anomaly indices are extracted and collected in a database.

e Implementation of the ML models: two DNNs are devised to identify
the position of the damage through a regression task. The output of
the DNNs is represented by the two coordinates defining the center of
the damage position. Training, validation, and testing of the DNN is
performed using the database of anomaly indices calculated based on
numerical simulations in presence of simplified damages.

o Generalization capabilities: DNNSs, trained with simplified damages,
are tested with high-fidelity numerical simulations, verifying the
potential of the method in real cases where a non-trivial morphology
of the damage is present.

3. Numerical example on a containership model

This section contains a detailed description of the case study used.
The structural assembly is described first, along with the FE model.
Particulars of the extreme event analysis are provided, alongside a
description of the simplified numerical model that emulates the real
damage. Then, information about the inverse model, the sensor network
and test sensor locations are provided. Finally, the data extraction pro-
cess from iFEM results and the ML model are described.
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3.1. Hi-Fi numerical FE model for air blast scenario

The present paragraph deals with the implementation of a high-
fidelity numerical model regarding an extreme scenario against the
lateral side of a containership, to evaluate the extension of the damage
and then proceed on the definition of a simplified numerical model
(Paragraph 3.2), comprehensive of a simulated damage, necessary for
the creation of a large dataset. The geometry considered for the
demonstration of the proposed framework corresponds to part of the
double bottom of the midship region of a containership with length
Lgp = 353.0m, breadth B = 44.0 m, depth D = 29.9 m and designed
draught T = 14.5 m. This numerical model is inspired, with a repre-
sentative level of geometric detail, by the MOL Comfort containership, a
well-known benchmark vessel in structural research due to its docu-
mented structural failures (Bardiani et al., 2025c). Fig. 4 contains a
schematic representation of the employed case study including the ge-
ometry as well as the applied load (only the longitudinal vertical
bending moment for simplicity). In the interest of brevity, the reader is
referred to (Aravanis et al., 2023) for detailed structural information
which is not contained here; all NLFE calculations were made in ABA-
QUS CAE version 6.23 (Smith, 2009). Given the symmetry of the
structure with respect to the diametral plane, only the right half of the
section is studied here.

The FE model is composed of 115563 4-node quadrilateral shell el-
ements with full integration. The average mesh size of the numerical
model is 100 mm, while no refinement strategy has been adopted. The
mesh size was determined after performing a mesh convergence process,
to ensure that both displacements and stresses are accurately captured in
the most important locations. The indication of the mesh used is

Fig. 4. 3D schematic representation of the benchmark case study under investigation (adapted from (Aravanis et al., 2023)).
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reported in Fig. 5a.

Regarding the material, typical naval mild steel properties are used,
namely E = 209 MPa, Poisson’s ratio v = 0.3 and density p = 7850 kg/
m? (Ehlers et al., 2008; Prabowo et al., 2022). The plastic behavior of the
material is modelled using the Johnson-Cook law, with parameters as
shown in Table 1 (Johnson, 1983; Lin et al., 2014), where A represents
yield stress, B is the strain hardening coefficient, n represents the
hardening index, C is the rate hardening coefficient, m is the tempera-
ture softening coefficient, &y is the reference strain rate, Troom is the
room temperature and finally T, is the melting temperature.

Structural damage behavior is considered, using the Rice-Tracey and
Cockcroft-Latham (RTCL) damage model (Simonsen and Tornqvist,
2004). It is a specific ductile failure criterion based on the combination
of two models for predicting ductile failure: the Cockcroft-Latham cri-
terion, which addresses ductile shear fracture or more broadly the low
triaxialities range, and the Rice-Tracey criterion ((Rice and Tracey,
1969)), which is based on void growth and coalescence and is more
suitable for high triaxialities. It consists of the following formulation
(Simonsen and Tornqvist, 2004):
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More specifically, D; is the normalized ductile failure damage indi-
cator, gy represents the damage strain parameter, oy is the hydrostatic
stress, o, is the equivalent von Mises stress, while deﬁq represents the
effective plastic strain increment. The RTCL damage model is sensitive
to the size of the mesh; for this reason, the following equation has been
proposed to determine the parameter gy, which is the only parameter
necessary to implement the criterion:
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Table 1
Material parameters used in numerical simulation (values taken from (Lin et al.,
2014)).

AMPd]  BMPd n[-] C[—] g[s'] m[—] TroomK]  TulK]
490.0  600.00 0210 0015 1.0 0.60 293 1800
€ (lﬁ) =n+ (g — n)~l£ a0

Where [, is the mesh element size (100 mm in the present case), t is the
structural element size (thickness of the bottom plate, to have the lowest
value of i), ¢, is the failure strain ati = 1 for uniaxial strain (taken from
(Ehlers et al., 2008)) and n is the power law coefficient. The values listed
in Table 2 have been considered for all analyses performed in this work.

According to the RTCL model, if during the analysis some finite el-
ements reach a damage D; = 1 (i.e. the failure criterion value), they will
be considered as totally damaged and removed from the calculation. The
choice of boundary conditions is described in Fig. 4 and no other in-
formation on it is reported here for simplicity.

The extreme scenario considered in this study is visually reported in
Fig. 5b. A blast load, resulting from a sudden release of energy in the
form of a detonation or deflagration, generates a highly compressed gas
mass that interacts with the surrounding air, producing an outward-
propagating shock wave (i.e., pressure waves). Such extreme loading
conditions can originate from various sources, including accidental gas
leaks near oil and gas platforms, industrial accidents, or even collisions
involving vessels or infrastructure. A typical incident pressure history of
this kind of pressure load is shown in Fig. 6, derived through the
application of the Friedlander equation (Draganic¢ and Sigmund, 2012).

Severity of blast waves, generated by the explosion event, obey a
cube-root scaling, known as Hopkinson-Cranz law:

Table 2
Identification of the parameters of the steel used within the Rice-Tracey and
Cookcroft-Latham criteria (RTCL).

L) tmm] . -] e -] ol -]

100 20 0.2 0.20 0.67 0.294

Fig. 5. Explanation of the main features of FE model: (a) mesh and (b) extreme scenario configuration.



J. Bardiani et al.

Fig. 6. Typical pressure history of a blast wave in an unconfined environment:
pressure-time diagram due to the application of Friedlander equation.
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R
Z= i an
In which R is the stand-off distance in meters, M is the TNT-equivalent
explosive charge mass expressed in kg and Z represents the scale dis-
tance in m/kg'/>.

Kingery and Bulmash (1984) reported tables with empirical curves
obtained from experimental campaigns. The loading effects due to this
blast event in air can be defined, for spherical incident waves or hemi-
spherical incident waves, by the CONWEP computational framework
(CONventional Weapons Effects Program) based on Kingery-Bulshman
curves, in conjunction with the incident wave loading definition. The
CONWERP algorithm, which is directly implemented as an option in the
commercial finite element software ABAQUS/Explicit and is widely
adopted in the literature for blast analyses, was employed in the present
study.

For this study, it was decided to use the values R=3.0m and M =
10 kg, to obtain Z = 1.39 m/kg'/, in order to comply with the validity
range and assumptions of the Kingery-Bulmash method as reported in
Kingery and Bulmash (1984).

Fig. 7. Von Mises stress distribution (in MPa) of the structure under the action of the blast scenario at different time (deformation scale factor: 1, mesh shaded): (a) t
=3.7510"% [s], (b) t = 8-.10~* [s], ()t = 14-107°2 [s] and (d) t = 20-10~° [s] (used same legend and same reference system).
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Analysis time was set to t = 0.020 s to reach the maximum damage
that occurs on the structure, while the time of detonation ist = 0.0s.
Finally, based on the global reference system of the numerical model
presented in Fig. 4, the detonation point in located at x = — 13.5m,
y=7.0m and z = 14.0 m (see Fig. 5b for better clarity). In Fig. 7, the
contour plots of the Von Mises stress fields of the structure under ex-
amination are shown, in four different time instants.

Fig. 8 shows a magnification of Fig. 7d with a detailed view on the
damaged area, characterized by a highly complex damage morphology.
To handle this complexity and to reduce the computing request to create
a dataset of simulations needed for the ML training, a simplified
approach was necessary and described in detail in Paragraph 3.2,
coherent with the approach proposed in (Lloyd’s Register, 2019)
described in the next section.

3.2. Simplified FE direct model

This section describes the numerical model (called “direct") from
which the strains to be provided as input to the iFEM code are taken. As
previously described, the direct model presents damage induced by an
extreme event (Fig. 8), accurately simulated through the CONWEP tool
of ABAQUS CAE. In the present framework, since it was necessary to
create a big dataset containing several models with different locations of
the damage, the approach of running all dynamic explicit simulations is
not convenient. Starting from the simulations performed in Paragraph
3.1, simplified damage is approximated as a square opening on the
ship’s side, removing the external planking, the horizontal and vertical
stiffeners affected by the extreme event, as shown in Fig. 9a.

The authors point out that this approach, albeit with some different
facets, is the one proposed by some societies of classification to consider
the threat of damage on the hull. For instance, Loyd’s Register proposes
the definition of a cylinder of appropriate size (to be positioned in the
more unfavorable position for the structures) that cuts part of the hull
inducing a reduction in structural integrity (Loyd’s Register, 2019).
Once this is done, the damaged ship should be simulated in a static
environment, with its cargoes, verifying whether the loss of structural
integrity induces permissible stress conditions for the ship. In this

Fig. 8. Magnification of the damaged area of the structure under investigation
att = 20-10~* [s], with the indication of the main dimensions.
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approach, the definition of damage is certainly a great simplification,
and aims to mimic the effect of the damage on the structure only in a
phenomenological way.

The present framework enhances the accuracy of the previous
method, since the real portions of structures that have been affected by
the explosive phenomenon are erased from the model, making the
simulated damage extremely truthful and significantly reducing the
major simplifications of the Society of Classification Rules.

Two examples of “direct" models are given in Fig. 9. Fig. 9a proposes
a visual representation of the simulated damage on the hull corre-
sponding to the Hi-Fi one of Fig. 7d.

All the direct models present the same geometry, material and BCs
with respect to the model presented in Fig. 4, apart from three main
aspects following highlighted.

The first one is related to the fact that they present simulated dam-
ages, but at different locations. The extent of damage is derived from
Fig. 8 (5 m squared). The second aspect regards the implementation of
the iFEM algorithm: since the code used in the present investigation
works for small and elastic displacements (Kefal et al., 2016), neither
plastic nor damage behavior has been implemented. Finally, the third
difference is related to the load applied to the model: while in the pre-
vious case an extreme event was the only load implemented, here the
load is a longitudinal vertical bending moment acting on the hull,
applied to a MPC (type beam) located to the center of gravity of the right
external section of the model (Fig. 10a, Salazar-Dominguez et al., 2021).
Since only half of the model has been implemented, given the symmetry
with respect to the diametral plane, the moment calculated with the
formulas below has been halved accordingly.

Since precise information about all the weight and loads of the model
under investigation were not available, the calculation of the longitu-
dinal vertical bending moment acting on the hull was possible through
the implementation of empirical formulations proposed by International
Association of Classification Societies (IACS) (Iacs, 2024). It has defined
empirically formulas through which, thanks to a few simple parameters,
it is possible to determine the vertical bending moment, both on sagging
and hogging, in such a way as to consider the entire length of the ship.
The equation used here for the sagging load condition is the following:

Myys= —110-Fy-n-C-L*-B-(C3+0.7) - 10> =4.5.10° [kNm] 12)
Where Fy (equal to 1) is the factor of distribution of the bending moment
over the length of the ship and can be obtained from tables, n equal to 1
is the navigation constant (from tables), C is the wave parameter (equal
to 10.75), L is the sizing length of the vessel in meter (=Lgp ), B is the
maximum width out of the frame amidships (already defined) while
Cp = 0.7 is the total fineness coefficient of the vessel, calculated out of
planking, therefore including the factor k¢ = 1.006.

An example of a result of the “direct” model, for what concerns ¢1;
strain results, is presented in Fig. 10b. Also, Fig. 10c presents the &1;
strain pattern in the model without any damage, to appreciate its dif-
ference with respect to Fig. 10b.

As expected, the damaged structure exhibits a strain field noticeably
altered with respect to the healthy case, and it is precisely this
discrepancy that forms the basis for computing the anomaly index
values.

3.3. The iFEM model

The iFEM model is presented in Fig. 11a and it consists of 7153 iQS4
elements and the boundary conditions imposed are the same presented
in Fig. 4. The choice of the mesh size of this model was properly defined
based on the accuracy of the displacement reconstruction and on the
computational cost associated with the iFEM code. As anticipated in
Paragraph 2, no information on load and material property is passed to
the iFEM for full displacement and strain field reconstructions. In this
study, the reconstruction of the displacement field is carried out with
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Fig. 9. Visualization of two different “direct” models, with different damage locations.

Fig. 10. Direct model features: (a) implementation of the MPC for the bending action, (b) example of ¢1; strain results and (c) &1 strain contour in the model
without damage.
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Fig. 11. Inverse model features: (a) FBG-based sensor network and (b) rosettes-based test locations for Anomaly Index calculation.

iFEM only using numerical measurements taken from the “direct” nu-
merical FE model described in Paragraph 3.2. The important aspect of
the inverse FE model is the definition and implementation of the sensor
network and position of test sensors, latter necessary for anomaly index
calculations.

As shown in Fig. 11a, the FBG-based sensor network used within the
structure can be potentially applied in real scenarios and, in particular, it
is located on both surfaces of the inner wall of the containership, to
avoid issues with the external water environment. Moreover, this
network is not directly affected by the damage, since the extreme event
load induces major damage on the external plating of the hull and on the
structural elements welded to it, but not on the inner side wall. Several
FBG sensor configurations have been tested, and the one presented here
represents the most promising solution, as it allows the best performance
in the reconstruction of the full field of displacement. The choice of this
sensor layout was the outcome of preliminary analyses specifically
aimed at identifying an optimal compromise in terms of installation cost,
reconstruction accuracy, compliance with physical and operational
constraints, and robustness to environmental conditions (Bardiani et al.,
2025a). These considerations make the proposed sensor network and
case study highly realistic and applicable to full-size structures.

As for the test sensors (for simplicity strain gauge rosettes with triple
value provided €11, €22 and y;,), necessary to calculate the anomaly
index values, they are positioned as shown in Fig. 11b. It is important to
underline that their number is extremely limited (only 4), making the
framework very interesting to test on real structures.

There are no strict or universally accepted rules for determining the
number and placement of test sensors within the anomaly index
framework (Colombo et al., 2021). Their configuration must instead be
defined case by case, depending on the geometry of the structure, the
type of damage expected, and the physical and economic constraints of
the application. In this study, the choice of employing only four test
sensors is the result of a trade-off between accuracy, cost, and practical
feasibility. In preliminary analyses, different sensor configurations were
investigated, ranging from denser to sparser layouts, to evaluate their
effect on the performance of the anomaly index. Increasing the number
of test sensors beyond four provides only marginal improvements in the
ability to capture localized variations of the strain field and to refine the
anomaly index distribution, while it substantially increases the
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complexity of the SHM system, installation costs, and the amount of data
to be processed. Conversely, employing fewer than four test sensors
markedly reduces both the sensitivity and robustness of the framework,
as the limited number of measurement points would be insufficient to
capture the localized variations in the strain field induced by damage.

Another important aspect is that the anomaly index values computed
at the test sensor locations are subsequently used as input features for
ML models. A denser test sensor network would increase the dimen-
sionality of the input space, which in turn requires a much larger
training dataset to avoid overfitting and to ensure generalization. This
would significantly raise computational costs both in dataset generation
(more simulations) and in the training phase, undermining the scal-
ability of the method. By limiting the number of test sensors to four, the
input space is kept compact, facilitating efficient and reliable DNN
training while still ensuring that the anomaly index retains sufficient
discriminatory capability to localize damage. In this sense, the selection
of four sensors not only reduces hardware and installation costs but also
optimizes the balance between physical measurements and ML
performance.

The physical placement of the sensors also reflects this rationale: the
four strain gauge rosettes are located close to the corners of the outer
lateral plating on the inner side of the hull. This arrangement ensures
that they capture strain variations induced by damage across the entire
plate region, while remaining protected from direct seawater exposure.
Their distribution provides a wide coverage of the structural domain of
interest, enhancing the sensitivity of the anomaly index to localized
incompatibilities without requiring a dense sensor grid.

Finally, robustness to sensor failure was also considered: with four
sensors strategically distributed, the framework maintains functionality
even in the event of a single sensor malfunction, ensuring fault tolerance
without compromising sensitivity. This makes the proposed configura-
tion both practical and resilient, while fully compatible with the sub-
sequent data-driven damage localization stage.

As already mentioned in Paragraph 2, to enhance the accuracy of
iFEM results, the input strain field has been extrapolated into element
locations where physical sensors are absent, so outside the sensor
network path of Fig. 11a. In this case, the problem of the choice of the
weight to be put inside the weight matrix W has been addressed. In
particular, the best configuration reveals a unitary value of weight to
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elements where the input strain field component is measured by physical
sensors, value of 10~ for missing in-situ strain component elements and
1073 for the pre-extrapolated ones. For simplicity, a third-order poly-
nomial fit was applied for pre-extrapolation on the sensorized surfaces in
both orthogonal directions of the local coordinate system. Fig. 12 pro-
vides all the results of a generic representative case scenario within the
dataset, with the indication of the damage’s position. The authors point
out that all the plots within Fig. 12 correspond to the global reference
system of Fig. 12a.

As shown in Fig. 12, the full field of displacement reconstructed by
the iFEM (Fig. 12c) is in good agreement with the numerical values
regarding the “direct” model (Fig. 12b), with the simulated damage
indicated in Fig. 12a. The results of the iFEM reconstructions are in line
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with what expected, symptoms of a correct choice and design of the FBG-
based sensor network together with the pre-extrapolation strategy.

Fig. 12d shows the percentage total error magnitude of the recon-
structed displacement field of the ship portion under investigation. This
plot highlights only local error peaks of less than 7 % in specific zones
near the model boundaries and this result does not noticeably vary with
the change in the damage position. It’s important to notice that the in-
verse model does not contain any information regarding the damage
presence or position and the reconstruction is carried out completely
independently from that. The iFEM model keeps in the reconstruction all
the elements of the undamaged structure, also the ones destroyed by the
extreme event: the removed elements in Fig. 12b-d corresponding to the
position of the damage in the direct FEM model are manually removed

Fig. 12. Results provided by the iFEM code for a representative case inside the dataset: (a) direct FE model with the damage, (b) total displacements of the direct FE
model (in mm), (c) total displacements reconstructed by iFEM (in mm), (d) percentage error between the real and reconstructed value of the displacement (%), (e)
Anomaly Index plot calculated for the rosettes-based test locations and (f) Anomaly Index plot in the case of healthy state.
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after the reconstruction only for graphic purposes, to allow clear plot of
the results’ error.

In Fig. 12e is shown the anomaly index absolute value plot for the
four test sensors located in the corner of the external side plating of the
ship portion (see Fig. 11b). This anomaly index plot certainly proves the
presence of anomalies in the state of health of the structure, since in the
test sensor locations there are high values of i(x;) with respect to the one
obtained from a healthy structure without any damages (Fig. 12f).
Despite this, it is evident that from this pattern (Fig. 12e) that it not
possible to precisely locate the point where the structure is damaged,
due to the strong non-linear behavior of this index. To overcome this
issue, as mentioned, two ML models are introduced within the
framework.

3.4. Data extraction to create the dataset

For the dataset generation step, all iFEM simulations of Paragraph
3.3 underwent a post-processing procedure to extract appropriate data
describing the anomaly index values in the sensor test locations (i(x;)).
In particular, the strain components e, &, and Vxy are extracted from
the four test sensors located on the lateral side of the structure (12
anomaly index values overall for each simulation).

The dataset is composed of 270 simulations, obtained by varying the
position of the center of damage over the entire lateral surface of the
structure. Based on the grid in Fig. 15, the center of damage is shifted by
800 mm in both directions of the plot, obtaining a total of 270 cases. This
shifting step was chosen as a compromise between spatial resolution and
computational feasibility: a smaller step would have generated a denser
grid and a significantly larger number of simulations, which would have
been computationally demanding, while a larger step would have
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excessively coarsened the grid, reducing the ability to capture localized
variations in the strain field induced by damage. The selected 800 mm
spacing therefore ensures sufficient variability of damage scenarios to
train the ML models, while keeping the dataset size manageable. It
should be emphasized that the choice of the shifting step—and conse-
quently the number of simulations to be performed—ultimately depends
on the user of the tool, their available computational resources, and the
level of accuracy desired in the damage localization process. In this
sense, the framework is flexible and can be adapted to different opera-
tional needs and constraints. It is also worth noting that, in the naval
field, unlike in other engineering applications such as aerospace or
precision mechanical systems, a millimetric accuracy in identifying the
damage location is not necessarily required. In practice, what is more
relevant for decision-making is the ability to identify the damaged
compartment, or the specific zone within a compartment, rather than
the exact point where the structural failure originated.

3.5. The machine learning model

For the data-driven step, a set of two feed-forward DNNs were
implemented and optimized. The DNNs were deployed, trained, and
assessed using the PyTorch library, coded in Python. The architectures
used in this study for predicting the coordinates of the center of struc-
tural damage were carefully designed to capture the complex relation-
ships encoded in the Anomaly Index values obtained from the test
sensors shown in Fig. 11b. In particular, one DNN was trained to predict
the X coordinate, while a second DNN was trained to predict the Y co-
ordinate of the damage location (reference system of Fig. 13, left).
Various DNN architectures were explored during the development
process; however, to keep the discussion concise, only the most effective

Fig. 13. Schematic diagram of the DNN model of the present framework.
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configuration is presented.

The schematic diagram of the NNs implemented in this work is
shown in Fig. 13, while the main characteristics of architecture are
summarized below. Both DNNs comprise multiple hidden layers, each
containing a substantial number of neurons to ensure sufficient learning
capacity, as already indicated in Section 2.3. Specifically, each model
includes: (i) an input layer with 12 neurons, corresponding to the 12
input features (three strain components, ey, €,y and Yy from each of the
four test sensors), (ii) four hidden layers with 64 neurons each, repre-
senting a balance between expressive power and computational feasi-
bility, and (iii) an output layer consisting of a single neuron, which
returns the predicted continuous value for either the X or Y coordinate of
the damage center.

Among the numerous optimization challenges in deep learning, the
training phase of NNs is often the most delicate and critical. A key step in
this process involves the preparation of the dataset, which must be
structured to allow both effective learning and reliable performance
assessment. To this end, the available dataset was randomly divided into
three distinct subsets: a training set, used by the network to adjust its
weights and biases; a validation set, employed during training to
monitor convergence and tune hyperparameters, thereby reducing the
risk of overfitting; and a test set, reserved exclusively for the final
evaluation of the model’s generalization capability on unseen data
(Zhou, 2021). The subdivision of the dataset followed the commonly
adopted proportions for ML applications (Bardiani et al., 2025b), and
the resulting partitioning into training, validation, and test sets is clearly
illustrated in the schematic of Fig. 14.

The spatial distribution of the damage cases included in the dataset is
shown in Fig. 15. Each point, representing the center of a simulated
damage, is color-coded according to its assignment to the training,
validation, or test set. For clarity, the same figure also illustrates the
extension of the damaged area corresponding to a representative dam-
age center.

An essential aspect of DNN implementation involves the definition of
the training procedure, which requires selecting a loss function, an
optimizer, and an appropriate activation function, since these compo-
nents strongly affect both training efficiency and predictive accuracy. In
this work, the chosen loss function is the mean squared error (MSE),
which quantifies the discrepancy between predicted and actual co-
ordinates of the damage center. Its formulation is reported in Fig. 13
inside the orange boxes. The Adam optimizer was adopted for parameter
updates, as it is known for its robustness and efficiency in handling
nonlinear regression problems (Hinton et al., 2006).

The dataset was used to train the networks for 100 epochs. This value
was selected after preliminary experiments in which different epoch
numbers were tested while monitoring validation error: 100 epochs
provided the most stable convergence without overfitting. The batch
size was set to 32, a commonly used compromise that balances the
stochastic nature of mini-batch gradient descent with the stability of
full-batch training.

To enhance the generalization capability of the model and prevent
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overfitting, several regularization strategies were introduced. First,
dropout layers were applied, with a rate of 20 % for the X-coordinate
model and 30 % for the Y-coordinate model. Dropout is a widely used
technique in deep learning, in which a random subset of neurons is
temporarily deactivated during each training iteration. This prevents
neurons from co-adapting excessively and forces the network to develop
more robust and generalizable internal representations of the input data.
The chosen dropout rates were determined through a hyperparameter
tuning process: smaller values (10-15 %) proved insufficient to mitigate
overfitting, whereas higher values (>40 %) resulted in unstable
convergence and accuracy degradation. The slightly stronger dropout
adopted for the Y model reflects the higher variance observed during its
training process, which required stronger regularization. In addition to
dropout, L2 regularization was applied to each dense layer of the
network. This technique penalizes excessively large weights in the loss
function, discouraging overly complex solutions and promoting
smoother and more stable mappings between input features and output
predictions.

Finally, activation functions play a fundamental role in enabling the
network to capture nonlinear relationships (Zhou, 2021). Several op-
tions were tested, including ReLU, sigmoid, tanh, and softmax. Among
these, the rectified linear unit (ReLU) consistently provided the best
results in terms of accuracy and stability. ReLU was therefore adopted in
all hidden layers, as it allows neurons to remain active throughout
training and prevents vanishing gradient issues, thereby facilitating
efficient learning of complex patterns.

3.6. Generalization capability for real cases

The ML models developed in Paragraph 3.5 were originally trained
on anomaly index values obtained from iFEM reconstructions in which
the inputs derived from a direct numerical model with simplified,
idealized damage geometries (Fig. 9). While this setup allowed the
creation of a sufficiently large and consistent dataset for training and
validation, it does not fully reflect the complexity of realistic damage
patterns.

To verify the actual potential of the proposed approach, an addi-
tional assessment was therefore carried out, aimed at testing the pre-
dictive capabilities of the DNNs in the presence of more realistic, non-
simplified damage scenarios. These scenarios were generated using the
high-fidelity extreme load simulations described in Paragraph 3.1,
which provide a more detailed and physically representative charac-
terization of structural damage following an extreme event.

This additional validation step was crucial for two reasons. First, it
allowed us to evaluate whether the trained networks could generalize
beyond the simplified assumptions used during training and still deliver
accurate localization results. Second, it provided a first indication of the
robustness and applicability of the proposed framework to real-world
naval structures, where damage is rarely idealized and often exhibits
complex geometrical features and interactions with the surrounding
structure.

Fig. 14. Dataset subdivision regarding simulated damage numerical models of Paragraph 4.2.
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Fig. 15. Explanation of the subdivision of the dataset into training, validation and test sets.

The validation procedure with realistic damage geometries was
carried out in several steps. First, a subset of representative damage
locations was selected from the test set. The aim was to avoid reusing the
entire dataset—which could bias the evaluation—and instead focus on a
smaller number of cases capable of highlighting the generalization
capability of the proposed method. For each selected location, high-
fidelity dynamic explicit blast simulations were performed, generating
complex damage patterns. The final geometries, extracted at the last
simulation frame when the blast-induced deformation had stabilized,
were then taken as reference for subsequent iFEM reconstructions.

On these blast-damaged geometries, the same sensor configuration
defined in Paragraph 3.3 was applied, ensuring consistency with the
training phase. In other words, both the input sensor network (feeding
the iFEM) and the test sensor network (providing the anomaly index
values) were positioned at the same locations as in the simplified
models, even though the underlying geometry now included realistic
damage. The iFEM procedure was executed in the same manner as
before, reconstructing the strain and displacement fields under the
assumption of a healthy structure. The resulting anomaly index values
computed at the test sensors were then fed into the pre-trained DNNs,
which provided predictions of the damage coordinates.

In this way, the proposed framework was evaluated not only on
idealized cases but also on realistic, physically consistent damage sce-
narios. This step confirms the ability of the combined iFEM-anomaly
index-DNNs strategy to handle the complexities of real blast-induced
structural failures, thereby reinforcing its potential as a robust tool for
structural health monitoring and damage localization in large-scale
naval applications.

3.7. Damage identification and localization results

The performance of the two DNN models on previously unseen
combinations of damage positions was carefully evaluated to assess their
generalization capability. The results are summarized in Fig. 16 for the
models described in Section 3.2. In particular, Fig. 16a reports the
reconstruction error for all test cases, considering both the X and Y co-
ordinates of the damage center. For each simulated damage position in
the test set, the prediction error was computed as the Euclidean distance
between the actual (X, Y) and the predicted [0¢ A Y) damage coordinates,
according to Equation (13).

13

Prediction Error =/ (X — X)* + (Y — Y)?
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This metric provides an intuitive measure of the localization accu-
racy, as it directly quantifies the spatial distance between real and
reconstructed damage centers.

Fig. 16b and c presents a comparison between the predicted and
actual coordinates separately for the two networks. Both plots confirm
that the trained models are capable of correctly capturing the position of
the damage, with predictions clustering closely around the reference
diagonal line. The X-coordinate network shows slightly better agree-
ment with the true values, while the Y-coordinate model tends to exhibit
higher variance and larger deviations in some cases. This behavior is
consistent with what was observed during training, where the Y network
required a stronger regularization to ensure stable convergence.

Fig. 16d complements this analysis by showing the evolution of the
loss function during training for the X-coordinate network. The curve
highlights the progressive reduction of the mean squared error across
epochs, ultimately stabilizing at a low value and confirming both the
adequacy of the chosen hyperparameters and the absence of overfitting
phenomena. This evidence supports the robustness of the training pro-
cess and provides further confidence in the reliability of the model’s
predictions.

From a global perspective, the networks demonstrated accurate and
robust performance across all test cases involving simplified damage
scenarios. As expected, the prediction error increases when the damage
is located farther from the sensor network, reflecting the reduced
sensitivity of the anomaly index in regions that are weakly instru-
mented. Nevertheless, the maximum error observed in the test
set—approximately 500 mm—remains acceptable when compared to
the typical size of the imposed damage (5 x 5 m). This level of accuracy
ensures that the proposed framework can identify the correct damage
compartment or structural region, which is the critical information
needed for decision-making in marine and offshore applications. In fact,
unlike in aerospace or precision mechanical contexts, in naval practice it
is not necessary to pinpoint the defect with millimetric accuracy. Rather,
what matters most is to determine the affected compartment or zone of
the hull to support timely safety measures and operational decisions.

Finally, the generalization capability of the models was further
confirmed through the evaluation of representative test cases involving
realistic blast-induced damages (see Section 3.1). As shown in Fig. 17,
the DNNs were able to maintain satisfactory predictive accuracy even in
the presence of geometrically complex and physically consistent damage
configurations. This result demonstrates that training the networks on a
database of simplified but systematically generated damage scenarios
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Fig. 16. Predictions of the DNNs: (a) column chart representing the Prediction Error of all test cases considered, (b) comparison prediction vs real X coordinate, (c)
comparison prediction vs real Y coordinate and (d) example of the loss function history related to the DNN that predicts X coordinate.
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Fig. 17. Visual representation of the real damage (not simulated) and the
reconstructed one for some representative test case scenarios.

provides a sufficiently rich basis for extending the methodology to more
realistic situations. Taken together, these findings confirm that the
integration of iFEM, anomaly index, and DNNs can deliver a robust and
scalable tool for structural health monitoring and damage localization in
large-scale naval structures subjected to extreme loading conditions.

Finally, a computation time assessment was carried out to verify the
real-time feasibility of the proposed framework. All computations for
on-line operation (iFEM reconstruction + anomaly index + DNN infer-
ence) were benchmarked on the same workstation used throughout the
study (Intel® Core™ i9-14900K 3.20 GHz, 128 GB RAM, CPU-only).
Training and high-fidelity/simplified simulations are performed offline
and are not part of real-time use.
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iFEM reconstruction per update: ~0.48 s.

Anomaly index computation at the four test sensors: ~0.002 s.
DNN inference (two regressors for X and Y): ~0.05 s.

Total end-to-end latency per update (iFEM — Anomaly index —
DNNs): ~0.53 s.

4. Conclusions

This study has introduced a robust framework for the real-time
identification of damage locations in ships subjected to extreme envi-
ronmental conditions. The approach integrates the inverse Finite
Element Method (iFEM), the anomaly index formulation, and Machine
Learning techniques, representing the first marine engineering appli-
cation of this combined methodology. Within the framework, iFEM
enables the rapid reconstruction of the full displacement field from
discrete strain measurements, while the anomaly index provides a load-
independent tool for detecting and localizing damage.

Applying iFEM and the anomaly index to large and complex ship
structures poses challenges, primarily due to the extensive number of
sensors typically required for effective Structural Health Monitoring
(SHM). To overcome this limitation, two DNNs were developed to learn
the relationship between a minimal set of anomaly index val-
ues—obtained from just four rosette-based sensors—and the precise
coordinates of air-blast-induced damage. The framework was demon-
strated on a representative portion of the MOL Confort containership,
with a dataset of approximately 270 simulated cases generated ac-
cording to classification society rules.

Although the present work focused on blast-induced damage as a
representative extreme event, the proposed framework is not limited to
this loading condition. Thanks to the load-independent nature of the
iFEM-based Anomaly Index and the flexibility of the machine learning
models, the methodology can be readily extended to other critical sce-
narios such as collision, grounding, extreme wave impacts, or progres-
sive degradation processes like corrosion and fatigue. In these cases,
only the training dataset needs to be adapted to the specific damage
typology, while the overall structure of the framework remains un-
changed. This highlights the general applicability of the approach as a
versatile SHM strategy for naval and offshore structures beyond blast
events.

The methodology followed a two-step strategy: high-fidelity simu-
lations were first employed to assess the extent of damage in an extreme
blast scenario, and these results were subsequently simplified to
generate a large dataset for training and validation of the DNNs. The
trained models were then tested against high-fidelity blast-induced
damage cases, thereby verifying their ability to generalize to more
realistic conditions.

Sensor placement was carefully designed to reflect practical con-
straints in marine environments, with strain sensors located exclusively
on the interior of the ship’s structure to avoid issues related to seawater
exposure. Despite this minimal configuration, the proposed DNNs ach-
ieved accurate localization of damage, with prediction errors remaining
within acceptable limits. As expected, errors increased with damage
distance from the sensor network; nevertheless, the performance was
sufficient to identify the affected compartment, which is the critical
requirement for naval applications. Remarkably, the use of only four
rosette-based sensors proved effective in monitoring the compartment,
demonstrating the cost-effectiveness and practical viability of the pro-
posed SHM strategy.

Overall, the integration of iFEM, the anomaly index, and DNNs offers
a fast, scalable, and computationally efficient framework for structural
health monitoring of ships under extreme loading conditions. The pro-
posed methodology enhances crew safety, supports timely maintenance
and repair decisions, and strengthens resilience against future threats,
thereby providing significant potential for real-world implementation in
marine and offshore structures.

It is acknowledged that the validation presented in this work is
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entirely simulation-based, as no experimental or field data are currently
available. This limitation arises from the intrinsic challenges of per-
forming full-scale experimental tests on naval or offshore structures
subjected to blast loads, due to safety, cost, and confidentiality con-
straints. Nevertheless, the numerical framework employed—based on
the CONWEP model derived from the Kingery-Bulmash experimental
database—ensures that the blast loading is physically grounded in
experimental evidence. Furthermore, the capability of the proposed
framework to generalize from simplified to high-fidelity damage sce-
narios demonstrates its robustness. Future work will focus on extending
the validation to experimental datasets, thereby accounting for sensor
noise, environmental variability, and installation tolerances.
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