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Abstract

Underwater explosions (UNDEX) represent a critical threat to the structural integrity of submerged and floating systems
across marine, offshore, and civil engineering sectors. Simulating their complex effects—driven by strong fluid—structure
interaction (FSI), cavitation, and nonlinear material behavior—typically relies on numerical methods that, although accurate,
are computationally expensive and not ideal for rapid predictions in practical scenarios. To overcome these limitations, the
integration of Artificial Intelligence (AI) and Machine Learning (ML) into UNDEX research has recently emerged as a prom-
ising, albeit still developing, alternative. This paper presents a systematic review of Al and ML applications for predicting
structural and fluid responses under underwater blast loading, focusing on developments over the past two decades. After
introducing the governing physics of UNDEX events and summarizing the numerical techniques commonly used for dataset
generation, the paper provides a detailed analysis of existing Al and ML approaches for UNDEX prediction. Despite the
relative novelty of this research field, the paper concludes by highlighting the main challenges and proposing future research
directions, including the adoption of advanced learning paradigms tailored to UNDEX scenarios. Practical guidelines are also
offered to support future efforts in developing ML-based frameworks for accurate and efficient UNDEX response prediction.

1 Introduction

Understanding the dynamic response of submerged and
partially submerged structures subjected to pressure loads
is of fundamental importance across several engineering
domains, including naval architecture, offshore engineer-
ing, and civil infrastructure. These structures often operate
in harsh environments where they are exposed to extreme
dynamic events. Among the various sources of pressure
loading, underwater explosions (UNDEX) represent one of
the most severe threats due to the rapid pressure rise and
strong fluid—structure interaction they generate. Such events
can severely compromise the structural integrity and opera-
tional capability of a wide range of systems, including sub-
marines, cargo and combat vessels, offshore oil platforms,
and large-scale hydraulic structures such as dams, locks,
and coastal protection systems. Accurately modeling and
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assessing the effects of UNDEX events is therefore essential
to ensure the safety, resilience, and continued functionality
of these critical structures.

A typical UNDEX event can generate three distinct dam-
age mechanisms that affect a structure, depending on the
distance between the explosion and the hull [1-3]. Initially,
a high-intensity primary shock wave is produced, which trav-
els through the water at high velocity and impacts the struc-
ture with an abrupt and intense pressure front, potentially
causing immediate local damage [4]. This is followed by a
secondary phase characterized by low-frequency pressure
oscillations, resulting from the pulsation of the gas bubble
generated by the explosion [5, 6]. These oscillations can
resonate with the structural modes of the system, leading
to significant global vibrations and potential fatigue dam-
age. Finally, as the gas bubble collapses, high-speed water
jets may be produced [7], which can exert localized pres-
sure and impact forces on the structure, further compromis-
ing its integrity. The combined effect of these mechanisms
poses a complex challenge in the design and analysis of sub-
merged and floating structures, especially in safety—critical
applications.
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The three mechanisms previously mentioned give rise
to highly complex physical phenomena, primarily due to
the strong coupling between fluid and structural domains,
commonly referred to as fluid—structure interaction (FSI)
[8, 9]. These interactions are further complicated by large
structural deformations, potential fracturing and failure
processes, and pronounced material nonlinearities driven
by high strain rates and elevated temperatures [10-12]. In
contrast to explosions occurring in air, UNDEX events intro-
duce a distinct set of challenges due to the properties of
the underwater medium [13]. The resulting FSI can trigger
a range of interconnected effects, such as cavitation near
the surface of the structure, reflection of pressure waves at
fluid—structure boundaries, and partial absorption of energy
by the structure [14—18]. These coupled phenomena signifi-
cantly influence both the local and global dynamic response
of the system, making accurate modeling and prediction
particularly demanding [19].

UNDEX are generally classified based on the proxim-
ity of the structure to the explosion site, particularly with
respect to the influence zone of the gas bubble. Two main
categories are typically identified [2, 10, 20-22]: contact
explosions, where the explosive charge is in direct contact
with the structure, and non-contact explosions, where the
charge detonates at a certain distance from the target. Non-
contact explosions can be further divided into near-field
and far-field scenarios, depending on the stand-off distance.
In far-field UNDEX, for example, the stand-off distance
exceeds the maximum radius reached by the gas bubble dur-
ing its initial pulsation cycle [23]. This distinction is crucial,
as the intensity and nature of the loading mechanisms acting
on the structure vary significantly across these categories.

Three primary approaches are commonly employed to
investigate UNDEX and their effects on structures [24-27]:
experimental testing, analytical modeling, and numerical
simulation. These methodologies aim to characterize both
the nature of the pressure loading generated by UNDEX
events and the resulting nonlinear dynamic responses of
affected structures.

Experimental investigations of UNDEX are inherently
challenging due to the complex and hazardous nature of the
phenomena [28, 29]. In addition to safety concerns, the high
costs and logistical difficulties associated with such tests—
particularly at full scale—often make them impractical [24].
While scaled experiments can offer valuable approximations
of real behavior, the limited availability and dissemination of
experimental data significantly constrain the broader under-
standing and validation of UNDEX-related responses [30].

Analytical models play a fundamental role in the study
of UNDEX phenomena, offering valuable theoretical insight
into the potential effects and consequences of such events.
However, their applicability is often constrained by the sim-
plifying assumptions required to make the problem tractable
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[3,24]. As aresult, these models may fall short in accurately
capturing the full complexity of the physical interactions
involved in real-world scenarios [31-33].

As a result of continuous advancements in numerical
methods and computational capabilities, it is now possible to
perform highly detailed simulations of UNDEX events using
high-performance computing systems [20, 27, 34]. State-of-
the-art simulation software—such as LS-DYNA, ABAQUS,
ANSYS, and MSC DYTRAN—is widely employed to
model the transient pressure loads and resulting structural
responses associated with UNDEX across a broad range of
engineered systems, including marine, offshore, and civil
infrastructure [24, 35-42].

Various numerical strategies can be adopted to simulate
UNDEX events; however, the most prominent distinction
lies between coupled and uncoupled methodologies, with
coupled approaches being the most widely used in recent
years [43—45]. Coupled methods simultaneously solve the
interaction between the pressure wave generated by the
explosion and the dynamic structural response of the hull
within a unified computational framework, ensuring a more
accurate representation of FSI [46, 47]. In contrast, uncou-
pled approaches treat the fluid and structural domains sepa-
rately, typically following a sequential two-step procedure
that does not directly capture the mutual interaction during
the event [48].

Coupled numerical approaches used to address tran-
sient FSI problems in UNDEX scenarios can be further
categorized into three main strategies, depending on how
the fluid and structural domains are represented [9, 24]:
Eulerian—Eulerian (E-E), Lagrangian—Lagrangian (L-L),
and Eulerian-Lagrangian (E-L). The E-E methods treats
both fluid and structure within an Eulerian framework, but
due to its unsuitability for solid dynamics, it has not been
adopted in numerical studies to date [24]. Inside the E-L
group, the most employed techniques are the Coupled Eule-
rian—Lagrangian (CEL) and the Arbitrary Lagrangian—Eule-
rian (ALE) methods [38, 49]. While CEL allows the fluid
to flow through a fixed mesh (Eulerian) and the structure to
deform following the mesh (Lagrangian), ALE enables mesh
motion to partially follow the material, offering a compro-
mise that reduces mesh distortion during large deformations.
Both methods provide effective tools for capturing complex
FSI phenomena in UNDEX simulations [36, 50-52]. In
addition, the most used L-L method for UNDEX simula-
tions is the Coupled Acoustic-Structural Approach (CASA)
[33, 53-57]. While traditionally applied in acoustic prob-
lems, CASA has been effectively used to study UNDEX
scenarios by modeling the fluid with Lagrangian acoustic
elements—defined by a single pressure degree of freedom—
and the structure with standard Lagrangian elements.

Although the dynamic response of structures subjected
to UNDEX loading has been extensively studied, most
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coupled numerical approaches—such as CEL, ALE, BEM
and CASA—still face significant limitations in terms of
computational cost and efficiency. Full-scale simulations
of complex structures exposed to near-field UNDEX often
require several days on high-performance computing sys-
tems, due to the need for large computational domains, fine
spatial resolution, and sophisticated algorithms to handle the
interaction between fluid and structural domains [24, 38].
The complexity of managing mesh deformation, wave prop-
agation, and phase coupling across different formulations
contributes to this high demand. These challenges under-
scored in recent years the need for more efficient, accurate,
and scalable numerical strategies capable of delivering real-
time reliable predictions within reasonable computational
timeframes across a wide range of engineering applications.

Integrating artificial intelligence (AI) and machine
learning (ML) techniques into this framework represents a
powerful and forward-looking approach to addressing this
challenge [58]. These methods are capable of identifying
complex, nonlinear relationships between input parameters
and system responses by processing large datasets (from
both experimental measurements and numerical simulations
[59]) derived from intricate physical phenomena. Through
a structured training process, Al and ML algorithms enable
systems to learn from prior data and improve performance
over time, without the need for explicit programming of the
underlying physical rules [60, 61].

Data-driven approaches, supported by large datasets,
have been successfully applied across various disciplines
[60], including computer science [62], structural and fluid
mechanics [63-65], air blast extreme events [66] and materi-
als engineering [67].

Compared to traditional experimental, analytical and
numerical methods, these novel techniques offer high
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precision, low computational cost, and the ability to effi-
ciently address both forward and inverse problems. For
instance, they can accurately predict material nonlinearities,
structural deformations, as well as infer loading conditions
from observed data and finally reconstruct FSI effects [67].

Especially in recent years, the inherent complexity of
UNDEX scenarios—marked by strong nonlinearities, high
strain-rate effects, and intricate FSI—has prompted a grow-
ing interest in alternative modeling strategies that can over-
come the limitations of traditional numerical approaches.
Researchers have increasingly explored the integration of
ML and Al techniques into the simulation pipeline, aiming
to reduce computational costs while maintaining a high level
of accuracy and generalizability [24]. The way in which ML
and ATl have been incorporated across these stages—ranging
from data generation to model training and evaluation—is
schematically represented in Fig. 1, which outlines the con-
ceptual framework underpinning this review.

Although the literature already includes several reviews
on UNDEX, each addressing different aspects such as
numerical modeling [3], the role of composite materials [1],
the response of thin-walled metallic structures [68], fracture
behaviour of plate specimens [69], measurement technology
[70], UNDEX FSI [71] and ship damage and stability [72],
there is currently no comprehensive study that explores in
depth the potential of Al and ML in enhancing the prediction
of UNDEX effects.

The primary goal of this article is to review recent
advancements in the application of Al and ML techniques for
predicting both the structural and fluid dynamic responses
of systems subjected to UNDEX loads. By analyzing state-
of-the-art methodologies, datasets, and modeling strategies,
the article aims to highlight the strengths and limitations
of current approaches, identify existing research gaps, and
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Fig.1 General conceptual framework summarizing the key components, data flow, and methodological structure typically involved in ML

approaches for UNDEX prediction
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assess the suitability of various Al and ML architectures
for different aspects of UNDEX analysis. In addition, based
on the findings of this review, the article proposes a set of
recommendations and guidelines to support the development
of future research in this area.

The paper is organized into six main sections: the Intro-
duction outlines the motivation and context of the study;
Sect. 2 describes the methodology adopted for the literature
review; Sect. 3 provides a concise overview of the physical
phenomena associated with UNDEX events; Sect. 4 focuses
on the numerical strategies most commonly used to gen-
erate datasets for ML applications in this context; Sect. 5
presents an in-depth analysis of the AI and ML techniques
currently employed for UNDEX prediction tasks; finally,
Sect. 6 discusses the main findings, identifies open chal-
lenges, and proposes future research directions for effec-
tively integrating Al and ML into accurate and efficient
UNDEX simulation frameworks. The structure of the paper
is designed to provide the reader with a unified overview of
all key aspects involved in the application of Al and ML to
UNDEX predictions.

2 Literature Review Methodology

To identify relevant contributions for this study, a struc-
tured literature search was conducted using a combination
of manual analysis and automatic processing of metadata,
using both Scopus and Google Scholar as primary search
databases, which are widely recognized as comprehensive
academic databases encompassing most peer-reviewed arti-
cles indexed by the Web of Science. The search focused on
retrieving studies related to the application of Al and ML in
the prediction of UNDEX effects on structures. Keywords
such as “underwater explosion”, “machine learning”, “deep
learning”, “shock response”, “fluid—structure interaction”,
“damage prediction”, “structural response”, ‘“numerical
simulation”, and “data-driven model” were used in various
combinations with Boolean operators such as “AND” and
“OR” to form effective search queries. The literature search
covered publications up to the year 2025 (April 10, 2025).
Nevertheless, given the recent and emerging nature of the
topic, no relevant contributions were found before 2018,
highlighting the novelty and growing interest in the new
field. The search outcomes from Scopus and Google Scholar
were then merged while eliminating the duplicate literature.

The article screening process has led to the inclusion
of 23 papers in the study. Table 1 provides an overview of
the bibliometric features of the 23 selected studies, includ-
ing the publication timespan (up to April 2025), the num-
ber of unique sources (19), the average age of the articles
(1.25 years), and the average number of citations per article
(25.3). The relatively recent nature of this research domain
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Table 1 Overview of the characterization of papers included in the
studies for review

Feature Quantification
Timespan Over time
until April
2025
Sources 19
Documents 23
Annual growth rate 29.17%
Authors 126
Authors of single-authored docs 0
International co-authorship 43.5%
Co-authors per doc 5.48
Author’s keywords 182
References 1894
Document average age 1.25
Average citations per doc 253

is confirmed by the absence of contributions before 2018
and the observed average age. As expected, the most recent
publications tend to receive fewer citations than earlier ones.

Regarding the source of the papers included in this
review, Elsevier Ltd, Springer Nature, and the Multidis-
ciplinary Digital Publishing Institute (MDPI) account for
most of the articles. Elsevier Ltd includes the following
journals: “Ocean Engineering”, “Journal of Computational
Physics”, “Defence Technology” and “Composite Struc-
tures”’; Springer Nature includes journal such as “Journal
of Marine Science and Application”; and finally, MDPI
includes “Computation” and “Journal of Marine Science
and Engineering”. Figure 2 illustrates the distribution of the
selected articles by year of publication. The trend reveals a
clear increase in publication activity over time, particularly
from 2022 onwards, although the growth is not strictly lin-
ear. While the earliest relevant contributions appeared in
2018 and remained sparse until 2021, a marked rise can be
observed starting in 2022. The peak was reached in 2024
with 7 publications, followed closely by 6 in 2025; however,
the number for 2025 is expected to increase, as the review
covers publications only up to April 10, 2025. These num-
bers suggest a growing interest in the application of Al and
ML techniques for UNDEX prediction, especially in the last
four years. The increasing trend reinforces the recent and
emerging nature of this research field and the motivation
of this work.

Figure 3 presents the subject area distribution of the
reviewed studies applying Al and ML techniques to UNDEX
prediction problems. As expected, most of the works
(82.61%) focus on naval structures or structural components
with direct relevance to naval applications. This predomi-
nance reflects the critical importance of understanding and
predicting the structural response of ships and submarines
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Fig.2 Publication by year of 8
the included studies. Records
derived from the search con- -

ducted on April 10, 2025

Number of records
=
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Fig.3 Subject area flow chart for application of Al and ML to
UNDEX predictions

to UNDEX loads, which is the primary concern in UNDEX-
related research. A smaller contribution (8.70%) is dedicated
to phenomenological modeling, in which Al and ML are
employed to predict fluid-related parameters (e.g., pressure
peaks, shock wave propagation, etc.) without direct refer-
ence to structural components. Finaly, a minor portion of
studies (4.35%) extends the application of Al and ML meth-
ods to civil structures, such as dams, where blast mitigation
remains relevant. This distribution highlights the dominant
role of naval applications in the current research landscape,
while also pointing to emerging interdisciplinary trends.
Figure 4 shows the global scientific production related
to the reviewed studies. The map reflects the total num-
ber of publications in which at least one author is affili-
ated with a given country, regardless of their authorship
role. China clearly dominates the research landscape,

2017

2018 2019

2024

2020 2021 2022 2023 2025

Year

contributing to 18 of the 23 analyzed studies. The United
States, Italy, United Kingdom and Cipro also appear on the
map, each contributing a smaller number of publications.
The intensity of the blue shading corresponds to the num-
ber of contributions, with darker shades indicating higher
scientific output. The results emphasize that China is cur-
rently the most active country in this research domain,
which aligns with its growing investment in Al and ML-
based technologies and naval defense-related research.

Science mapping is presented in Fig. 5 (keyword co-
occurrence map) and in Fig. 6 (word cloud). The keyword
co-occurrence network shown in Fig. 5 was generated
using the VOSviewer tool (version 1.6.20) and highlights
the conceptual structure of the literature. Strong links are
visible between central nodes such as “underwater explo-
sion”, “machine learning”, and “dynamic response”,
while peripheral clusters connect to more specific topics
like “seabed detection”, “stiffened plate”, or “shock wave
coupling effect”. The size of the nodes reflects the fre-
quency of each keyword, and the link thickness indicates
the strength of their co-occurrence.

The word cloud, generated using a Python-based script,
displays the 50 most frequently used terms extracted
from the selected papers (Fig. 6). As anticipated, core
terms such as “machine learning”, “underwater explo-
sion”, “structural response”, “deep neural network”, and
“numerical simulation” appear with the highest frequency,
reflecting the central focus of the reviewed studies. Other
recurrent expressions include “blast load”, “damage esti-
mation”, and “fluid—structure interaction”, which indicate
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the multidimensional nature of UNDEX prediction, involv-
ing both structural and hydrodynamic aspects.

Together, these maps confirm that the application of Al
and ML in the context of UNDEX modeling is a growing
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and multidomain field, with connections across structural
dynamics, simulation, and data-driven aspects.

After outlining the main characteristics of the studies
included in this literature review, the next section provides
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a brief overview of the physical foundations of the UNDEX
phenomenon. This section is intended to highlight the
inherent complexity of UNDEX-related phenomena, which
involve multiple interacting effects—such as shock wave
propagation, cavitation, FSI, and structural damage mecha-
nisms—that significantly challenge both modeling and espe-
cially accurate Al and ML predictions.

3 UNDEX Physical Reminder

The physical phenomena associated with UNDEX are
inherently complex and highly nonlinear, involving
extreme temperatures and pressures, transient multiphase

Spray dome 1... Spray dome 2... First plume

...caused by

..caused by

the explosion the pressure wave

..caused by
the first bubble pulse l

states, large structural deformations, cavitation effects, and
strong FSI [1, 24, 49, 73, 74]. A fundamental distinction
between underwater and air explosions lies in the pres-
ence of the surrounding fluid medium, which results in
the formation of a high-pressure, high-temperature gas
bubble [69, 75, 76]. This bubble rapidly expands due to
the energy released by detonation products, displacing the
surrounding water and producing an outward-propagating
shock wave.

As the bubble expands, its internal pressure decreases,
while the ambient hydrostatic pressure begins to dominate,
initiating a contraction phase. Due to the inertia of the sur-
rounding fluid, the bubble contracts past its equilibrium
radius before re-expanding—though less intensely—under
residual internal pressure [72]. This results in a sequence
of oscillations known as bubble pulsations, which gradu-
ally lose energy but can significantly impact submerged
structures during each cycle [21, 77].

The structural loading induced by a typical UNDEX
event can be broadly categorized into two main phases [1]:
(1) an initial shockwave pressure spike resulting from the
detonation, which is intense but brief, and (2) secondary
loading effects generated by the pulsating motion of the
bubble and associated jetting phenomena.

Figure 7 graphically represents the pressure trend during
these two phases: an initial intense pressure surge from the
impulsive shockwave, followed by oscillating pressure peaks
caused by the pulsating bubble's ascent towards the surface.
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Fig. 7 Dynamics of the UNDEX event, capturing surface phenomena, bubble evolution, and pressure variations over time. Reprinted with per-

mission from [1]
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While the initial shock wave from the explosion is
intense, impulsive, and brief, the pulsations from the gas
bubble persist for a longer duration (fractions of a second),
potentially causing fatigue damage to structures [78]. Fur-
thermore, the oscillations of the gas bubble generate pulsat-
ing loads of lower magnitude and frequency compared to the
primary shock wave. These oscillations can become hazard-
ous if their frequency aligns with the natural frequencies of
the hull beam, potentially leading to resonance and whipping
motions, which are critical for ship hulls [50]. The pulse
frequency, typically ranging from 1 to 3 Hz, is influenced
by the explosive charge and the depth of detonation. This
frequency range can cause resonance with the ship’s first
vertical bending modes [79, 80].

An added layer of complexity arises from the interaction
between the shock wave, the free surface, and the seabed,
depending on the specific scenario. During a typical UNDEX
event, pressure monitored at a fixed point will detect not only
the incident wave but also the reflected waves from both the
seabed and the free surface [81-84]. The reflections of the
shock wave from both the seabed and the free surface occur
in such a manner that the angle of incidence is equal to the
angle of reflection for both interfaces. This characteristic
allows for the clear delineation of the various wave paths
converging at the investigated point. Due to the differing
paths, each wave will arrive at the point in succession rather
than all at once, which leads to additional sequential loading
on the structure. Although these reflected waves exert loads
that are generally secondary compared to the primary direct
loads from the explosion, they should not be overlooked,
as their impact can still be significant in certain conditions
[49]. In particular, the timing and interaction of these sec-
ondary loads can introduce complex stress patterns and may
amplify the structural response, especially when the system
is already under considerable strain. Therefore, while their
intensity may be lower than that of the direct shock wave,
these reflected waves contribute to the overall distribution
and, depending on the specifics of the interaction, can play a
non-negligible role in the structural response [85, 86].

In addition to the previously discussed phenomena, cavi-
tation is another critical process that has been extensively
investigated in the context of UNDEX [21, 87-89]. Cavita-
tion in UNDEX events occurs due to rapid pressure fluc-
tuations induced by shock and rarefaction waves, leading
to the formation, growth, and subsequent collapse of vapor
bubbles. This process profoundly affects pressure distribu-
tion, shock wave propagation, and the overall hydrodynamic
behavior of the explosion. The collapse of cavitation bubbles
generates additional shock waves and fluid motion, signifi-
cantly altering the structural response. These induced shock
waves and fluid flows not only exacerbate the loading on
structures but also contribute to various damage mecha-
nisms, potentially intensifying the destructive effects of
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the explosion. For instance, the implosion of these bubbles
near structural surfaces can produce high velocity microjets
and localized shock waves, leading to material erosion and
fatigue over time. These interactions underscore the neces-
sity of incorporating cavitation effects into numerical mod-
els to enhance the accuracy of UNDEX simulations.

This section has provided an overview of the primary
and secondary effects associated with UNDEX, detailing
complex physical processes such as shock waves, gas bub-
ble pulsations, reflected waves, and cavitation. The intricate
interplay of these phenomena renders the overall behav-
ior of UNDEX highly complex and challenging to model.
Consequently, recent advancements in research have seen
a growing interest in applying Al and ML models to better
understand and predict various aspects, particularly struc-
tural responses, to UNDEX events. These efforts reflect the
increasing recognition of the need for more effective and
efficient modeling tools to address the challenges posed by
the dynamic and highly variable nature of UNDEX [37].

4 Dataset Generation Methods for Al
and ML in UNDEX Application

Al and ML models require a substantial amount of data to be
properly trained and to generate reliable predictions [59, 90].
This data can be obtained through experimental campaigns,
which provide direct measurements of the phenomenon of
interest, or generated via numerical simulations (common
approach), offering a flexible and cost-effective alternative
for exploring a wide range of scenarios (Fig. 1).

In research on Al and ML methods applied to UNDEX
problems, the typical and common approach involves first
developing a validated numerical model to capture the
results of one or more experiments. Once the model has
been verified against experimental data, a series of new
numerical simulations is then conducted to generate a large
dataset to be used for the training phase. This approach is
necessary because the available literature offers a limited
number of UNDEX experiments, which are rarely sufficient
to ensure the proper training of ML algorithms. Numeri-
cal simulations, therefore, play a crucial role in expanding
the dataset and improving the generalization capabilities of
these models.

Since the topic addressed in this work is inherently multi-
disciplinary—spanning structural dynamics, fluid mechanics,
and data science, this section aims to recall and synthesize the
numerical strategies most used in the literature to generate
datasets for Al and ML applications in UNDEX scenarios.
While various numerical approaches exist for simulating
underwater explosions [3], this section focuses specifically on
those that have been effectively used to produce training data
for data-driven predictive models. Other numerical methods,



Machine Learning for Underwater Explosion Prediction: A Comprehensive Review of Methods,...

although not detailed here, have been already referenced in the
introductory section of this work.

4.1 Finite Element Method (FEM)

The simplest approach for simulating UNDEX events—espe-
cially for the purpose of generating datasets for Al and ML
models—is to use the traditional purely Lagrangian finite ele-
ment method (FEM) [2]. This strategy consists of applying
a time-dependent pressure history, obtained from analytical
expressions or experimental data, directly onto the structural
model of the target (wetted surface, Fig. 8). However, this
method neglects FSI effects, which can significantly influence
the structural response. Due to these limitations, this approach
is rarely used in advanced UNDEX analyses, despite being
one of the earliest approaches in historical UNDEX analyses.

4.2 Coupled Eulerian-Lagrangian (CEL)
and Arbitrary Lagrangian- Eulerian (ALE)

The CEL method integrates Eulerian and Lagrangian mesh
formulations within a unified simulation framework to effec-
tively model FSI, especially under extreme loading conditions
such as UNDEX. The Eulerian formulation is particularly
suited for representing fluids—including explosive products,
water, and air—as it uses a mesh that remains fixed in space
while material flows through it. This is achieved through
advection algorithms that track the movement of physical
quantities across the mesh [91, 92]. Conversely, the Lagran-
gian formulation is employed for modeling solid bodies, where
the mesh moves with the material. This makes it highly effec-
tive in capturing structural deformation and stress wave propa-
gation [93].

In CEL simulations, the Eulerian regions are typically
assigned to materials like the explosive charge, the sur-
rounding water, and air pockets, each requiring an appropri-
ate equation of state (EOS) to capture its thermodynamic
behavior. For instance, the explosive is often modeled using
the Jones—Wilkins-Lee (JWL) EOS, which characterizes the
detonation products in terms of pressure—volume—energy rela-
tionships [94]. The surrounding water may be modeled with
a Mie-Griineisen [47] or polynomial EOS [95], while air—if
explicitly modeled—is usually represented by the ideal gas law
[25]. These EOS models are critical in capturing shock wave
transmission and interactions across different media. These
regions are generally solved using the finite volume method

(FVM), which is well-suited for handling compressible flows
and shock wave propagation.

The structural components, such as the target structure or
seabed, are modeled using a Lagrangian formulation (e.g.
FEM), which follows the motion of the material and mesh
together. To accurately predict their mechanical response,
each Lagrangian region must be assigned a suitable consti-
tutive model that accounts for plasticity, damage, or other
nonlinear behavior under high strain rates [96].

To facilitate load transfer and mutual interaction between
fluid and solid domains, a specialized coupling algorithm is
implemented [96]. This allows for the real-time exchange of
forces and displacements across the fluid—structure interface
(e.g. coupling surface), effectively resolving the complex
dynamics of FSI [41]. Phenomena such as cavitation, reflec-
tion, gas bubble pulsation and transmission of shock waves
are inherently captured, enhancing the fidelity of the simu-
lation [12, 21]. To summarize, a 2D schematic of the CEL
approach is presented in Fig. 9.

The ALE method shares many conceptual similarities
with CEL but offers enhanced capabilities for handling
large deformations. The primary advantage of ALE lies in
its mesh rezoning or remeshing capability, where the compu-
tational mesh can be dynamically updated or adapted during
the simulation [9, 97-99]. This helps reduce numerical insta-
bilities and mesh distortion, which are common in purely
Lagrangian formulations when elements undergo extreme
deformation or collapse. In ALE, the mesh motion can be
decoupled from material motion, allowing it to either follow
the flow or maintain element quality in critical regions.

This distinction between CEL and ALE is well illustrated
in Fig. 10. In the initial configuration, the fluid domain (light
blue) is discretized using Eulerian elements with a fixed
grid, while the structural domain (outlined in red) is mod-
eled using a Lagrangian mesh. In the CEL final configura-
tion, the fluid moves through the fixed Eulerian mesh, and
the structure deforms with its mesh. In contrast, the ALE
final configuration shows the mesh adapting dynamically
(rezoned mesh) to better follow the flow of the fluid and
improve element quality, which enhances numerical accu-
racy and reduces artifacts caused by severe mesh distortion.
Some simulation software platforms that implement CEL
and ALE techniques also offer the option of an adaptive
Eulerian mesh. In this approach, although the mesh remains
fundamentally Eulerian, it is allowed to move or deform
locally in response to the motion of the structure.

Fig.8 FEM analysis scheme

applied to a naval ship Structural model
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Fig.9 CEL analysis scheme applied to the section of a submarine considering the detonation of the explosive, the wave propagation and FSI for

a generic scenario

Despite their accuracy and robustness, both CEL and
ALE approaches are computationally expensive, particularly
for full-scale structural models or long-duration simulations.
As several authors have noted [3, 24], the high cost in terms
of memory and computational time limits their applicability
to simplified geometries or localized models. To mitigate
these costs, remapping techniques can be used to reassign
solution variables between meshes, improving computa-
tional efficiency while preserving physical fidelity [100].

Based on the present review of the literature, CEL and
ALE remain the most widely adopted approaches for gen-
erating high-fidelity datasets to train AI and ML models in
UNDEX applications. Their ability to capture the complex

D Void elements D Lagrangian domain

[] Fluid

Lagrangian domain

Eulerian domain
Fixed mesh Rezoned mesh
A
—
Initial CEL final ALE final
configuration configuration configuration

Fig. 10 Comparison of mesh motion between the CEL and ALE
approaches
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physics of shock propagation and FSI with high resolution
makes them particularly valuable in developing reliable
data-driven predictive frameworks in UNDEX problems.

While both CEL and ALE approaches offer high-fidelity
modeling of fluid—structure interaction in UNDEX scenar-
ios, they also present specific limitations. The CEL method,
although robust in capturing strong shock waves and cavita-
tion phenomena, often suffers from high computational costs
due to the need for fine Eulerian mesh resolution, especially
in three-dimensional configurations. Additionally, manag-
ing material advection across the fixed Eulerian grid can
introduce numerical diffusion, which may affect accuracy
in tracking interfaces or small-scale features.

Similarly, the ALE method, despite its enhanced ability to
handle large deformations through mesh rezoning, requires
careful control of mesh motion algorithms and remeshing
strategies to maintain numerical stability. The setup is gener-
ally more complex and sensitive to parameter selection, such
as viscosity terms and mesh relaxation settings. Both meth-
ods also demand significant computational resources and are
therefore not ideal for scenarios requiring rapid simulations
or large-scale dataset generation for ML applications. These
limitations should be carefully weighed when selecting the
most suitable simulation strategy, depending on the specific
goals of the study.

Finally, it is worth noting that in high-fidelity FSI simu-
lations, the choice of numerical parameters—such as pen-
alty factors or contact stiffness—can strongly affect local
pressure distributions and structural loading. Based on the
authors’ experience, a consistent calibration of such param-
eters across simulations is recommended to ensure dataset
homogeneity, especially when the numerical results are used
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to train ML models. Parameter sensitivity analyses should
be conducted during preliminary stages, and extreme values
should be avoided to minimize artificial numerical artifacts.

4.3 Uncoupled Eulerian-Lagrangian (UEL)

The UEL approach adopts a two-step simulation strategy
to analyze UNDEX effects on structures (Fig. 11). The first
step involves computing the pressure field generated by
the explosion, while treating the target structure as rigid.
The second step assesses the structural dynamic response
under the previously calculated pressure loading, ignoring
FSI effects [24, 101]. In the first phase, the propagation of
the blast wave through the surrounding fluid medium (typi-
cally water and air for UNDEX cases) is simulated using an
Eulerian mesh formulation, solved using FVM. This step
focuses on capturing the spatial and temporal distribution of
pressure on the structure’s surface, relying on the same EOS
commonly employed in CEL and ALE methods.

Once the pressure—time history has been obtained, it is
mapped onto the surface of the structure and used as an
external load in a subsequent purely Lagrangian analysis. In
this second phase, the structure is modeled as fully deform-
able, and its mechanical response is evaluated using appro-
priate constitutive models.

This uncoupled strategy allows a significant reduction in
computational cost, primarily because it avoids the need to
resolve the full fluid-structure interaction (FSI) in a cou-
pled framework. The absence of FSI contact algorithms—
normally required to capture mutual pressure feedback and
interface behavior—greatly simplifies the numerical treat-
ment and reduces solver time.

Seabed

When dealing with submerged or floating structures, a
key challenge in UEL simulations is the treatment of the
added mass effect—the inertia of the surrounding fluid that
moves with the structure. Unlike in CEL or ALE methods,
where the fluid domain is explicitly included and naturally
contributes to the system’s dynamics, the UEL approach
requires that added mass effects be accounted for manually
in the structural model. This is particularly important in the
second step, where the structure is isolated from the fluid
and subjected to the pressure loading derived from the first
step. If not properly considered, neglecting added mass can
lead to significant underestimation of structural response
[102]. For a detailed discussion and comparison of these
implementation strategies in practical applications, the
reader is referred to [102].

To illustrate the overall UEL procedure, Fig. 11 presents a
schematic representation of its two main stages. In practical
applications, additional sub-steps—such as pressure remap-
ping or mesh adaptation—may be incorporated to improve
computational performance and result fidelity.

As highlighted in [24], although the UEL approach is
significantly more efficient from a computational standpoint
than the fully coupled CEL and ALE methods, it suffers
from a major limitation: the lack of direct FSI modeling.
Therefore, results obtained through this strategy must be
interpreted with caution. When high-fidelity results are
required, post-processing corrections or hybrid methods
may be necessary to approximate the influence of neglected
FSI effects. For this reason, very few studies in the literature
rely on UEL-based simulations to generate training datasets
for AT and ML models in UNDEX applications, as the lack
of coupled physics may compromise the generalization and
reliability of the predictive models trained on such data.

Deformable structure

Fig. 11 UEL scheme applied to the same structure of Fig. 9: an Eulerian simulation considers detonation of the explosive and wave propagation.
The pressure is mapped and consequently applied to the structure in a Lagrangian simulation
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4.4 Coupled Acoustic-Structural Approach (CASA)

The core of the CASA numerical approach is to divide the
UNDEX impact process into two stages: the first, involving
the propagation of the shock wave through the fluid medium
before reaching the structure, and the second, concerning
the interaction between the incident wave and the structure
itself. The simulation focuses exclusively on the second
stage, intentionally neglecting the detailed modeling of the
incident wave’s travel through the water. Within this frame-
work, water is represented using acoustic elements that solve
the linearized acoustic wave equation, while the structure is
modeled using a standard Lagrangian FEM [1]. This allows
for efficient FSI through a coupling surface—typically the
wetted area of the structure—without requiring a full Eule-
rian treatment of the surrounding fluid.

To apply pressure loading resulting from the incident
wave, an acoustic-field initialization is introduced at the
start of the numerical analysis [33, 56]. This involves defin-
ing a spatially distributed pressure field within the acoustic
domain, typically based on the expected time history of the
shock wave. In this context, a source point is a theoretical
location representing the origin of the explosion, while a
reference point (called also standoff point) is a user-defined
point in the acoustic domain, located at a known distance
from the source, where the pressure—time history is speci-
fied (see Fig. 12). The reference point serves as a proxy for
calibrating the temporal characteristics of the shock wave,
such as peak pressure, duration, and decay rate [103].

Since high-fidelity pressure—time histories measured by
experiments are rarely available, empirical formulations
are commonly used to estimate the peak pressure and decay

Fig. 12 General scheme of the
CASA approach

.\
\Source node

@ Springer

Acoustic mesh

profile of the shock wave [21, 104]. These empirical rela-
tions allow the user to define a pulse history at the refer-
ence point. Using the known spatial relationship between
the source and reference points, the software interpolates
or propagates this pressure field throughout the acoustic
domain. This enables the representation of the wave’s arrival
and loading on the structure surface without explicitly simu-
lating the wave’s full propagation from source to target.

This approach is implemented in several commercial
finite element codes, including LS-DYNA and ABAQUS/
Explicit [57], which provide specialized features for defin-
ing acoustic domains, fluid—structure interfaces, and non-
reflecting boundaries to simulate semi-infinite fluid media.
Although this strategy significantly reduces computational
cost and complexity, it also introduces approximations, espe-
cially in scenarios where complex wave reflections, cavita-
tion, or bubble effects are significant. Nonetheless, for many
practical engineering applications, the CASA approach
remains a valuable and pragmatic solution for assessing
the structural response to UNDEX events. This method is
well-known in UNDEX literature, but it has been used only
sparingly in Al and ML applications. An example of the
application of the CASA approach to a full-scale vessel is
presented in Fig. 13.

4.5 Boundary Element Method (BEM)

The Boundary Element Method (BEM), also known as the
Boundary Integral Method (BIM), is a numerical technique
used to solve linear and nonlinear partial differential equa-
tions (PDEs) by reformulating them as boundary integral
equations. Unlike traditional domain-based methods such as

Exterior surface

Fluid surface

Solid surface

Reference or «standoff» node
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Source point

Free surface

Acoustic fluid
domain

Fig. 13 Example of a CASA numerical model involving a generic ship structure. Vertical cut of the model to better understand the features of

the scenario

the traditional FEM and CEL/ALE, which require discretiza-
tion of the entire domain, BEM requires discretization only
along the boundaries of the problem domain. This reduction
in dimensionality—from volume to surface in 3D problems,
or from area to line in 2D problems—Ieads to a significant
decrease in computational effort, particularly advantageous
in large-scale or unbounded problems [105, 106].

The foundations of BEM are rooted in Green’s functions
and potential theory, which allow the solution inside the
domain to be expressed in terms of values on its bound-
ary. This makes BEM especially attractive for problems
involving infinite or semi-infinite domains, such as acoustic
scattering, electrostatics, elasticity, and fluid flow [3]. Since
BEM naturally satisfies far-field boundary conditions with-
out the need for artificial truncation, it eliminates a major
source of error common to volume-discretization methods.

One of BEM’s most significant advantages is its high
accuracy near boundaries, where the most critical inter-
actions typically occur in physical systems. The method
is well-suited for handling complex geometries, moving
interfaces, and singularities. In FSI and UNDEX problem:s,
BEM has gained considerable attention due to its ability to
accurately simulate transient free surface flows and mov-
ing boundary conditions, such as those encountered during
bubble collapse or cavitation. The method’s inherent for-
mulation makes it especially powerful for tracking the time-
dependent evolution of bubble geometry, pressure distribu-
tion, and interactions with nearby structures. An example of
the application of the BEM to study the interaction between

a three-dimensional bubble and the free surface is presented
in [106], with a visual depiction provided in Fig. 14.

5 Artificial Intelligence and Machine
Learning Techniques for UNDEX
Predictions

5.1 Introduction

In recent years, Al has emerged as a transformative force
with far-reaching impact across numerous domains. Its broad
spectrum of applications highlights its potential to revolu-
tionize how problems are approached and solved. The term
Al was first introduced by John McCarthy in 1955 [107]
and refers to the branch of computer science that enables
machines to replicate human cognitive functions such as
learning, reasoning, and self-correction [108]. Al systems
are designed to handle complex tasks in ways that resemble
human problem-solving, drawing on diverse methodologies
including ML, deep learning (DL), and rule-based systems.

ML is a branch of Al that allows computer systems to
learn and improve their performance through experience,
without the need for explicit programming [109]. It involves
algorithms that can detect patterns in data and make predic-
tions or decisions based on that data. As the algorithms are
exposed to more training data, their performance typically
improves [110]. Effective issue solving depends on selecting
the appropriate data and organizing it correctly [111]. To
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Fig. 14 a Scheme of the scenario and b evolution of the bubble near free surface at different time instants with an indication of the potential

(energy per unit volume). Adapted from [106]

avoid repeated references to both Al and ML, the term ML
methods will be used throughout the remainder of this work.

ML algorithms are generally categorized into four main
types [112] (Fig. 15): supervised, unsupervised, semi-super-
vised and reinforcement learning (RL).

Supervised learning involves training models on labeled
data to make predictions on new, unseen data, and it is the
most used approach for UNDEX tasks such as classification
and regression, particularly in UNDEX effects’ predictions.
Unsupervised learning, on the other hand, detects patterns
and structures in data without the use of predefined labels.
Semi-supervised learning bridges the gap between the two,
combining a small amount of labeled data with a larger pool
of unlabeled data during training. RL is a distinct paradigm
in which an agent interacts with a dynamic environment,
learning through trial and error to optimize its perfor-
mance [113]. Since unsupervised, semi-supervised, and RL

@ Springer

approaches are not yet employed in the context of UNDEX-
related predictions, the following section focuses exclusively
on supervised learning techniques and their applications in
this field.

To effectively apply these supervised learning techniques
to the prediction of UNDEX event features, a structured
approach to data handling and model training is required
(Fig. 16).

In the context of ML-based prediction of UNDEX event’s
features, raw experimental or simulated data (in the latter
case, generated using the numerical methods presented in
Sect. 4) are typically partitioned into three distinct sets:
training, validation, and testing datasets. The training dataset
is used to teach the ML model by allowing it to learn under-
lying patterns and relationships within the data. The valida-
tion dataset serves to monitor the model’s performance dur-
ing training and to identify signs of overfitting—an issue that
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Fig. 16 Typical prediction process of ML-based method for UNDEX
predictions

arises when the model becomes too tailored to the training
data and performs poorly on new data [58]. By evaluating
performance on the validation set, adjustments can be made
to fine-tune the model’s hyperparameters (the parameters
that control the learning process and affect the model’s per-
formance) [114]. Once the model is trained and optimized,
its predictive capabilities are evaluated using the testing
dataset, which consists of previously unseen data. This final
step provides insight into the model’s generalization ability
and its expected performance in real-world and real-time
scenarios. The typical workflow of ML-based prediction for
UNDEX event’s effects is illustrated in Fig. 16.

5.2 Supervised Learning

Supervised ML, which relies on labeled datasets to train
algorithms capable of making accurate predictions on new,
unseen data, has emerged as a cornerstone technique in
many engineering applications [115]. In supervised learning,
the training process is guided by the input—output relation-
ships explicitly provided in the dataset, allowing the model
to learn the mapping between features and target variables.
One of the key aspects in evaluating the performance and
reliability of a trained model is the prediction error, which
involves testing the model using new input data that was not
included during the initial training phase. This step helps
verify the model’s ability to generalize and make reliable
predictions outside the training environment [66].
Regression and classification represent the two principal
subtypes of supervised learning, distinguished primarily
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by the nature of the output variable they aim to predict. In
regression problems, the target variable is continuous and
can assume an infinite range of numerical values [25]. This
makes regression models particularly suitable for estimating
structural quantities such as displacement, FSI responses,
plastic strain, and other relevant continuous metrics often
encountered in UNDEX studies. These models allow
researchers to quantify physical responses across a spectrum
of loading conditions or material configurations, providing
valuable insights for structural integrity assessment. Various
regression models can be used for such predictions. How-
ever, many cases leverage the capabilities of Artificial and
Deep Neural Networks, often employing multiple them in
series to improve accuracy and robustness in the predictions.
In contrast, classification-based ML focuses on predict-
ing discrete output labels, typically assigning input data to
one of several predefined categories [111]. This approach
is useful when the problem involves identifying the pres-
ence or absence of a condition (e.g., damage localization),
categorizing types of failure modes, or detecting binary or
multi-class states in structural health monitoring (SHM) sce-
narios. Classification tasks are essentially found in decision-
support systems, where understanding the qualitative state
of a structure, rather than its precise numerical response, is
the priority. Despite their widespread application in other
engineering domains, classification-based ML models have
seen relatively limited use in the context of UNDEX studies,
where the focus has traditionally been on predicting continu-
ous physical quantities rather than categorical outcomes.
Despite the broad application of regression techniques in
numerous UNDEX-related ML studies, there is still no uni-
versally accepted, coherent, or standardized metric for evalu-
ating the effectiveness of regression outcomes [112]. As a
result, a variety of performance metrics are commonly
employed to assess model accuracy and reliability. Among
the most vrvnidely used are: the mean square error

MSE = L. > (Xi — Yi)z, the mean relative

m

€rror
i=1

MRE=L.Y

m

error

%|, the root mean square

m
RMSE = Y (X - Yi)z, the mean absolute error

1
m
m
MAE = + - ¥ |X; - Y;| and the coefficient of determination

m
2

i=1
R*=1- M, where m is the number of predictions,
(7))
X; is the predicted i-th value and finally Y; is the actual or
target ith value.

For classification tasks, performance is typically evalu-
ated using metrics that quantify the correctness of class
assignments. The most common include accuracy (calcu-
lated by dividing the number of correct predictions by the
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total number of predictions), precision (proportion of true
positives out of all positive predictions), recall (proportion
of true positives out of all actual positives), F1-score (har-
monic mean of precision and recall, providing a balance
between the two) and confusion matrix, which provides a
detailed breakdown of true positives, false positives, true
negatives, and false negatives (showing how many instances
were correctly or incorrectly classified in each category)
[116]. These classification metrics are essential for under-
standing the model’s behavior in distinguishing between
discrete categories, and they offer complementary insights
to those provided by regression-based evaluation tools.

While no universally accepted threshold values exist,
several studies in related engineering applications suggest
indicative target ranges. For instance, a coefficient of deter-
mination R? above 0.9 is often considered a strong fit in
regression problems involving structural response predic-
tion. RMSE and MAE are typically normalized with respect
to the range of the target variable, and normalized errors
below 10% are commonly used as a benchmark for satis-
factory accuracy. MRE can vary widely depending on the
scale of the outputs, but values below 0.1-0.15 are gener-
ally acceptable. MSE values are more difficult to interpret
directly due to their unit dependence, but are useful for com-
parative purposes across models trained on the same dataset.

For classification tasks, performance is commonly con-
sidered acceptable when accuracy exceeds 85-90%, although
more robust insight is often provided by Fl-scores above
0.8, particularly in cases with class imbalance. These refer-
ence values, however, should always be interpreted in light
of the specific prediction target, the variability and quality
of the dataset, and the scale of the input/output quantities.

The following paragraphs provide a focused overview
of supervised ML approaches applied to UNDEX-related
problems, with a particular emphasis on both regression and
classification tasks. Specifically, it is presented and briefly
described the main categories of methods found in the lit-
erature, including: (i) Neural Network (NN)-based models,
(i1) decision trees and tree-based ensemble methods, (iii)
instance-based and distance-based learning algorithms, and
(iv) advanced learning strategies.

5.2.1 Neural Networks (NN)-Based Models

Neural Networks (NN)-based models represent one of
the most widely used and versatile classes of supervised
learning ML models in the field of engineering and physi-
cal sciences [115]. They have become particularly popular
in recent years for modeling and predicting the structural
and fluid-dynamic effects associated with UNDEX, due to
their ability to approximate highly nonlinear relationships
between input parameters and system responses [29]. This
section provides an overview of the main NN architecture
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employed in UNDEX-related studies, discussing their under-
lying principles, structural differences, and specific appli-
cations within the context of underwater blast response
predictions.

5.2.1.1 Artificial Neural Networks (ANNs) and Deep Neural
Networks (DNNs) Artificial Neural Networks (ANNs) are
foundational ML models inspired by the structure and func-
tioning of the human brain. They consist of interconnected
layers of processing units called neurons, which are organ-
ized into an input layer, one or more hidden layers, and an
output layer [113]. Each neuron applies a transformation
(usually nonlinear) to the incoming signals and passes the
result forward through the network. ANNs are particularly
effective in capturing nonlinear relationships between input
features and target outputs, making them suitable for com-
plex pattern recognition and regression UNDEX-related
tasks. Historically, ANNs have been widely applied across
various domains, including material science, hydrology,
and engineering, due to their flexibility and relatively sim-
ple structure [39]. However, the effectiveness of ANNs is
often limited by their shallow architecture—typically one or
two hidden layers—which can restrict their ability to model
more complex and hierarchical data representations.

To address this, Deep Neural Networks (DNNs) have
emerged as a powerful extension of traditional ANNs. DNNs
are characterized by having multiple hidden layers, allowing
them to learn progressively abstract and high-level represen-
tations of the data (Fig. 17). DNNs can handle more intricate
patterns, especially when working with high-dimensional or
unstructured inputs such as images, time-series, or signals.

A key advantage of DNNSs is their ability to automatically
extract features from raw data, reducing the need for manual

Fig. 17 General scheme of a
Deep Neural Network (DNN)
model. Adapted from [111]
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feature engineering [117]. However, this comes at the cost
of increased computational demands, potential overfitting,
and the need for large, labeled datasets and tuned hyperpa-
rameters to achieve optimal performance.

In the following, the main studies conducted so far in the
UNDEX domain that have employed ANNs or DNNs for
predictive modeling are summarized.

Bardiani et al. [24], employed a DNN to predict the dis-
placement field of vertical submerged plates subjected to
contact UNDEX loads, using features extracted from UEL
and CEL simulations—such as out-of-plane displacement,
equivalent plastic strain, mass-per-unit area, and explosion
type. The model was trained on a dataset comprising paired
coupled and uncoupled simulations, with data augmenta-
tion techniques applied to increase training robustness. The
performance of the DNN was assessed through standard
training/validation/test splits, with early stopping used to
prevent overfitting. Results showed high predictive accuracy,
with the DNN successfully learning to replicate the effect of
FSI without the need for computationally expensive coupled
analyses (like CEL or ALE). The model achieved a MSE of
0.002 on the test data, indicating its effectiveness in predict-
ing the displacement field.

Shifting the focus, the work presented in [25] proposed
a data-driven framework based on a DNN to classify the
detonation point of contact UNDEX by leveraging pressure
and displacement histories acquired at the central point on
unstiffened plate structures. The DNN was trained using a
comprehensive dataset of CEL simulations that incorporated
various seabed types, material properties, and UNDEX geo-
metrical configurations. Input features included seabed stift-
ness, structural properties, and key pressure/displacement
metrics, while the output was a class corresponding to the
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explosive's location on a user-defined 2D grid. The method
achieved high accuracy (F1-score of 99.16%) and is notable
for being among the few examples applying ML to recon-
struct actionable features from UNDEX events, with a clear
emphasis on real-time applicability through sensor-based
onboard measurements.

Building on this work, the same authors further explored
the capabilities of their DNN model by applying it to a
regression task aimed at predicting the mass of the explosive
charge in UNDEX scenarios [29]. In this follow-up study,
the authors utilized data from CEL simulations and notably
introduced transfer learning for the first time in UNDEX
context (see the paragraph specifically addressing this).
Based on an extended dataset of 648 coupled simulations,
the model demonstrated high predictive accuracy, achieving
an R? of 0.9875 and a MAE of 0.0626 when using transfer
learning.

On a different note, Liu et al., in [38], developed two DNN
models to rapidly predict the nonlinear dynamic response of
stiffened plates subjected to near-field UNDEX. The models
were trained on a dataset generated from detailed ALE-based
LS-DYNA simulations, incorporating variations in charge
mass, standoff distance, and geometric properties of plates
and stiffeners. The first DNN, with three hidden layers, was
used to predict final plastic deformations, while a second,
more complex model—with additional neurons and defor-
mation input—was designed to estimate non-uniform effec-
tive plastic strain distributions. A third output, the nonlinear
displacement—time curves, was also successfully predicted.
The models achieved high accuracy (MSE below 1%), cap-
tured key physical features like strain concentrations and
dynamic oscillations, and drastically reduced computation
time, making the approach promising for real-time applica-
tions in marine structural safety assessment.

Following the work of Liu et al., Ren et al. proposed an
ML-based method to predict the damage response of stiff-
ened plates subjected to contact UNDEX scenarios [37].
The model was trained on a dataset generated via detailed
ALE-based LS-DYNA simulations, varying plate and stiff-
ener thicknesses, explosive charge mass, and standoff dis-
tances. The framework explores the impact of the number
of hidden layers, neuron distribution, and network structure
on predictive performance. A single DNN with three hidden
layers was found essential to accurately capture the complex
nonlinear behavior driven by FSI and material plasticity. The
method predicts damage borders, plastic deformations, and
damage dimensions with high fidelity, achieving consistency
rates up to 99.4% when compared with high-resolution FE
simulations, previously validated by experiments.

Thus, Wang et al. proposed an improved DNN framework
to predict the structural response of ring-stiffened cylindri-
cal shells subjected to far-field UNDEX [46]. Three multi-
output DNN models were trained on a dataset of over 2200
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finite element simulations performed in ABAQUS, with
input features including charge mass, standoff distance, deto-
nation depth, and geometric parameters of the shell and stiff-
eners. The models predicted plastic deformation and strain
of both shell and stiffeners. Grid search method was used to
optimize the network topology and dropout rate. The DNN
approach outperformed the decision tree, and KNN methods,
achieving MAE values below 4% and R? values above 0.91,
showing strong generalization capabilities and significant
computational efficiency for rapid assessment of structural
integrity in UNDEX scenarios.

In a similar vein, Li et al. [118], developed a single
DNN model to predict the dynamic displacement response
of target plates subjected to UNDEX, based on numerical
data generated through ALE-based LS-DYNA simulations.
The network architecture includes two hidden layers and
is trained using features such as plate thickness, explosive
mass, standoff distance, and spatial coordinates of 121 moni-
toring points. A custom loss function that combines MSE
and relative error was designed to improve spatio-temporal
prediction accuracy. The DNN achieved an R? value of 0.994
and high prediction accuracy on the test set. By expanding
the original 125 simulation conditions to over 9000 using
the trained model, the authors generated high-resolution
response maps that enhance the understanding of deforma-
tion trends and provide valuable support for underwater
weapon design and protection strategies.

Zhou et al. [119], developed a single ANN to predict the
maximum deflection of reinforced cylindrical shells sub-
jected to non-contact UNDEX. The input features include
explosive charge mass, standoff distance, and reinforce-
ment plate thickness, while the output is the peak deflection
extracted at the end of the first bubble pulsation cycle. The
training dataset was generated via 48 CASA simulations in
ABAQUS suite, and the ANN architecture consists of a sin-
gle hidden layer with five neurons. The model achieved high
accuracy, with R? values above 0.97 on both training and test
sets (MAE equal to 0.0057, RMSE equal to 0.0075), offering
a fast and reliable tool for damage assessment and structural
protection design in naval applications.

Moving to a different perspective, Nayak et al. [22],
developed a ML framework to predict the near-field UNDEX
response of coated composite cylinders. Due to the lack of
large experimental datasets and the need for physically con-
sistent models, they proposed a hybrid strategy integrating
ML with high-throughput multiscale FEM simulations. A
comprehensive dataset was generated by varying material
properties, coating thickness, and explosive parameters,
resulting in over 3800 data points. A single ANN was trained
on this dataset to predict structural response metrics. To
enhance the interpretability of their NN, SHAP (SHapley
Additive exPlanations) values were used to assess feature
importance. SHAP is a model-agnostic interpretability
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technique based on cooperative game theory, which attrib-
utes contributions of each input to the final output by com-
puting Shapley values. The ML model exhibited excellent
predictive accuracy, and the approach demonstrated strong
agreement with experimental results, highlighting the
potential of combining physics-based simulations and ML
for efficient, informed design of blast-mitigating composite
structures.

In a similar study, Zhang et al. [120] developed a sin-
gle DNN to predict key physical parameters in simplified
UNDEX scenarios, such as cavitation inception time, peak
momentum time, and momentum transfer coefficient. The
structural system, modeled as two rigid plates connected
by a spring and a dashpot, was subjected to planar UNDEX
shock waves. The DNN was trained using analytical and
numerical results obtained from Laplace transform solu-
tions and Runge—Kutta integration. Input features included
stiffness, damping, and FSI parameters. The model achieved
high accuracy, with training losses MSE below 0.0104%, and
successfully replicated trends observed in both validation
data and analytical solutions. This work demonstrates the
capability of NNs to reduce computational effort in para-
metric studies of FSI problems.

Other authors, in [121], proposed a DNN-based frame-
work to predict the damage responses—specifically the
fractured domain and plastic deformations—of ship cab-
ins subjected to contact UNDEX scenarios. A dataset of
120 ALE-based LS-DYNA simulations was used to train
the models, with varying charge masses, standoff distances,
and attack angles. A grid search algorithm was employed
to systematically optimize hyperparameters, including the
number of hidden layers, neurons per layer, and activation
functions [122]. Additionally, three new physically derived
input features (explosive radius, water depth, and standoff
ratio) were introduced to improve prediction efficiency. The
optimal model architecture used five layers for fractured
domain classification (binary accuracy equal to 99.5%), and
four layers for plastic deformation regression (MAE equal
to 0.0237). The approach significantly improved optimiza-
tion efficiency (up to 20.5%) and reduced reliance on trial-
and-error for network design.

Ma et al. [123], proposed a single ANN-based model to
predict the peak pressure at the coupling center of UNDEX
generated by two equal-mass spherical charges detonat-
ing simultaneously. A total of 123 numerical simulations
were conducted using ANSYS AUTODYN suite, varying
charge mass and detonation distance. The dataset was log-
transformed and normalized before training. The optimal
network architecture was selected through systematic test-
ing to minimize MSE metric. The ANN achieved a MSE of
0.38% on the training set and 0.52% on the test set, outper-
forming a physics-based formula derived from dimensional
analysis. This work demonstrates that ANNs can offer higher

accuracy with smaller datasets for shock wave pressure pre-
diction in multi-source UNDEX scenarios.

On a different note, He et al. [124] developed a DNN
model to predict the deformation of ship hull bottom plates
subjected to near-field UNDEX, using a dataset generated
from 40 ALE-based finite element simulations with vary-
ing TNT-charge masses and standoff distances. The model
takes as input the charge mass, detonation distance, and
coordinates on the bottom plate, and outputs the predicted
displacement. A grid search was used to optimize the num-
ber of layers, neurons, and activation functions, with the
best performance achieved by an 8-layer network with 15
neurons per layer. The DNN accurately reproduced complex
multi-peak deformation patterns induced by the interaction
of shock waves, bubble pulsations, and water jets, achieving
RMSE below 5.2%, and providing a fast alternative to time-
consuming simulations for structural damage assessment.

In the study presented in [125], the authors propose a
DNN solver for predicting the shock response spectrum
(SRS) resulting from UNDEX, with a focus on improving
both computational speed and accuracy. The solver is built
upon a single DNN architecture and is trained on accelera-
tion data obtained from ALE simulations. A key innovation
lies in the use of an adaptive threshold selection mechanism
that partitions the input frequency range, enabling the DNN
to independently learn low- and high-frequency features.
By leveraging the feature extraction capabilities, the model
achieves high fidelity in replicating SRS outputs, signifi-
cantly reducing the computational cost compared to tradi-
tional methods. The application of L2 regularization further
enhances generalization and prevents overfitting, making the
DNN-based solver a promising tool for rapid and accurate
SRS prediction in complex UNDEX scenarios.

In [126], although the focus is on the application of Long
Short-Term Memory Networks (discussed in the next sec-
tion), a DNN is also implemented for comparison. This
network, described by Fang et al., is part of a DL-based
SHM framework for concrete gravity dams subjected to
UNDEX. Specifically, the DNN is employed to further refine
the assessment of damage levels, by classifying the dam-
age status of the dam based on extracted damage indicators
like peak vibration velocity and domain frequency, showing
robust performance with an average classification accuracy
of 83.33%.

Although the focus of the work by Li et al. [127] was
on the Leave-One-Out eXtreme Gradient Boosting (LOO-
XGBoost) algorithm, the authors also employed a DNN
model to achieve the same goal of dynamic response pre-
diction for underwater explosive vessels. This ML model
used inputs such as explosive charge, hydrostatic pressure,
and measurement points on the container, with the output
being the predicted dynamic strain response. While the DNN
model showed competitive results, with an R? of 0.87 and
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an RMSE of 0.62, the LOO-XGBoost algorithm ultimately
outperformed it in terms of prediction accuracy and compu-
tational efficiency (see dedicated paragraph for the descrip-
tion of the latter model).

In the study by Chen et al. [128], a DNN model was used
to predict the boundary of the UNDEX bubble and the free
surface. The inputs to the DNN included parameters such
as buoyancy, bubble-free surface distance, and bubble-
sidewall distance, with the output being the spatial position
of the gas—liquid interface (bubble and free surface bound-
ary). DNN demonstrated high performance in capturing the
complex nonlinear relationships in the bubble's dynamics,
particularly in regions where the bubble's curvature changes
abruptly. The model showed a low MRE of 1.01%, indicat-
ing its strong ability to fit non-linear data. It was especially
effective in predicting the bubble boundary, where other
models, including the Random Forest and Extreme Learning
Machine, struggled. DNN’s accuracy and ability to handle
complex, high-dimensional data made it the optimal choice
for this task.

In the study by Li et al. [129], a simple ANN model was
used to predict the dynamic response of UNDEX vessels.
The model, a classical three-layer fully connected NN with
10 nodes inside the hidden layer, included 14 input vari-
ables such as time, charge amount, eleven positions of strain
gauges and hydrostatic pressure, with the output being the
maximum strain of the container. This paper demonstrates
that simple models like the ANN, despite their straightfor-
ward structure, are not particularly effective for predicting
the dynamic response in this complex scenario. The ANN
model showed a MSE of 3.79 on the test set and a MAE of
1.66, which were higher than those of the Classification and
Regression Trees model (see dedicated section), the latter
considered the focus of this investigation.

Finally, Kong et al. [39], employed a DNN model to pre-
dict the fracture and plastic deformation of stiffened plates
under UNDEX. The model utilized input variables such
as panel thickness, longitudinal bone height, TNT equiva-
lent, and explosion distance. The DNN's performance was
impressive, achieving high regression values R? of 0.99 for
predicting fracture and 0.97 for plastic deformation. These
results demonstrate the model’s strong capability in accu-
rately assessing the structural response under such explosive
conditions.

5.2.1.2 Recurrent Neural Networks (RNNs) and Long
Short-Term Memory Networks (LSTMs) Recurrent Neural
Networks (RNNs) are a class of ANNs/DNNs specifically
designed for processing sequential data, where the order of
inputs matters. Unlike traditional ANNs and DNNs, RNNs
have a form of internal memory, which allows them to retain
information from previous time steps and use it to influence
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current output predictions [111, 126]. This makes them
particularly suited for tasks such as time-series forecasting,
speech recognition, and natural language processing, where
the context from earlier data points is crucial for under-
standing current inputs. However, standard RNNs suffer
from critical limitations when dealing with long sequences,
most notably the vanishing and exploding gradient prob-
lems during training. These issues hinder the network’s abil-
ity to learn and retain dependencies across extended time
intervals.

Long Short-Term Memory (LSTM) networks are an
advanced type of RNNs specifically designed to learn from
sequential and time-dependent data [130]. Traditional RNNs
struggle with learning long-range dependencies due to the
vanishing gradient problem, which makes them ineffec-
tive in capturing patterns over extended sequences. LSTMs
solve this issue by incorporating memory cells and a system
of gates that control the flow of information through the
network.

As shown in Fig. 18, an LSTM network consists of a
sequence of LSTM blocks, each receiving input data x, along
with the hidden state h,_; and cell state c,_; from the pre-
vious time step. Each block processes the information and
outputs an updated hidden state k, and cell state ¢,, which
are then passed to the next block in the sequence. Zoom-
ing into a single LSTM block, it is possible to observe the
internal gating mechanism composed of the forget gate f,
which decides what information to discard from the previous
state; the input gate i, which determines what new informa-
tion to store, the cell update g, which generates candidate
values to add to the memory and finally and the output gate
o0, which controls how much of the cell state is exposed to
the output. These gates allow the network to retain important
long-term information and discard irrelevant data dynami-
cally. This architecture enables LSTMs to excel in tasks like
runoff forecasting, time-series prediction, and event mod-
eling, where current outcomes are influenced by a sequence
of past inputs.

As mentioned previously, in the work proposed by Fang
et al., the authors developed a DL-based SHM framework
for concrete gravity dams subjected to UNDEX [126].
The framework combines ALE numerical simulations and
LSTM-based models (One-layered LSTM, Stacked LSTM,
and Attention-LSTM) to predict dynamic responses, spe-
cifically displacement and velocity histories, using input
acceleration and loading data. Among the models tested,
the Attention-LSTM achieved the best performance, par-
ticularly in handling multi-point monitoring data under
various UNDEX scenarios. The Attention-LSTM model,
with its multi-layer architecture and attention mechanism,
was able to effectively focus on the most relevant input
features, leading to more accurate predictions. It showed
superior robustness against noise in the input data and was
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able to capture long-term dependencies in the time series
data, which enhanced its performance in predicting the
structural responses, particularly for complex and nonlin-
ear behaviors. The model outperformed the One-layered
and Stacked LSTM models in terms of both training con-
vergence speed and prediction accuracy, particularly for
velocity and displacement histories under varying explo-
sion conditions.

Although this work demonstrates promising prospects
for this type of model, there are no other applications in the
literature, even within the context of marine structures, that
explore the use of such advanced LSTM-based frameworks
for predicting dynamic responses under UNDEX events.

5.2.1.3 Probabilistic Neural Networks (PNNs) A Probabilis-
tic Neural Network (PNN) is a type of NN based on statisti-
cal principles of Bayesian classification and kernel density
estimation [131]. As illustrated in Fig. 19, the architecture
of a PNN typically includes four layers: the input layer, the
pattern layer, the summation layer, and the decision layer.
The input layer receives the feature vector X corresponding
to a sample that needs to be classified. The pattern layer
contains a neuron for each training sample. These neurons
compute similarity measures (usually through radial basis
functions or Gaussian kernels) between the input vector and
each training instance, effectively estimating the probabil-
ity density function for each class. In the summation layer,
outputs from the pattern layer are grouped and aggregated
for each class—denoted as f,(X) and f3(X) in the figure—
providing a class-wise probability score based on the input

Summation
layer

Input layer

x) Pattern layer Decision layer

Fig. 19 Illustration of the general framework of Probabilistic Neural
Network (PNN). Adapted from [132]

data. Finally, the decision layer compares the aggregated
scores C(X) and determines the most probable class (e.g., A
or B) based on the maximum likelihood criterion [65].
Unlike conventional NNs that rely on backpropagation
and gradient descent, PNNs do not require iterative train-
ing. Instead, they use non-parametric statistical inference,
which makes them particularly fast to train and effective
for classification problems with well-separated classes and
limited data [125]. Thanks to their fast convergence, robust-
ness to noise, and theoretical foundation in Bayes decision
theory, PNNs have been successfully applied in areas such
as fault diagnosis, pattern recognition, and medical decision-
making. However, a known limitation is their sensitivity to
the size of the training set—since each training instance adds
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a neuron to the pattern layer, large datasets can lead to high
memory and computational requirements. For these reasons,
such approaches are rarely adopted in UNDEX applications,
where simulations are often computationally expensive, and
datasets can quickly grow.

Despite the previous considerations, Guo et al. [65] devel-
oped an ML framework based on a different PNN to predict
the spectral acceleration response of ships subjected to non-
contact UNDEX scenarios. The study introduces two PNN
models: one with a single smoothing factor optimized via
genetic algorithms, and another with multiple class-specific
smoothing factors optimized using particle swarm optimiza-
tion (PSO). The latter configuration demonstrated improved
accuracy, reducing average prediction errors from ~ 25
to~10-15%. The training dataset was built through para-
metric modeling of ship structures and pure lagrangian
FEM simulations under 90 working conditions. The input
parameters to the model included the ship's main dimen-
sions, working conditions, and test point positions, while
the output was the predicted spectral acceleration. This work
represents one of the few applications of PNNs in the con-
text of ship shock environment prediction and highlights the
importance of data normalization and optimization strategy
on model performance.

5.2.1.4 Physics-Informed Neural Networks (PINNs) The
structure of a generic Physics-Informed Neural Network
(PINN) is illustrated in Fig. 20. PINNs are an emerging class
of DL models designed to embed physical laws directly into
the training process of a NN [133]. Unlike traditional data-
driven networks, which learn purely from observations,
PINNSs incorporate governing equations, initial conditions,
and boundary conditions into the loss function, enabling the
network to approximate physically consistent solutions [95].

Fig. 20 Illustration of the
general framework of Physics-

As shown in Fig. 20, a standard NN with weights and
biases maps inputs x to outputs y,.,, generating a pre-
dicted output vector. The loss function £ that needs to
be minimized in a PINN is composed of two key compo-
nents: £ = L, + L4, where L, quantifies the difference
between predicted outputs and known data (e.g., measure-
ments), and is typically computed as a norm, while £, repre-
sents the residuals of the governing physics, including differ-
ential equations, initial conditions, and boundary constraints.
It ensures that the learned solution is consistent with the
underlying physical model [95].

The use of automatic differentiation [134], a key tech-
nique in modern DL frameworks (e.g., TensorFlow,
PyTorch), allows for efficient computation of the necessary
spatial and temporal derivatives of the network output. This
enables PINNS to enforce even high-order PDEs within their
training loop without the need for traditional discretization
schemes.

Recently, for the first time in UNDEX-related problems,
Huang et al. introduced a physics-informed, data-driven
cavitation model for compressible multiphase flows gov-
erned by a polynomial Mie—Griineisen EOS [95]. The
authors employed a PINN trained on both governing physi-
cal equations and experimental data from the SESAME
EOS library [135] to improve the modeling of unsteady
cavitation in UNDEX scenarios. The model integrates
physical constraints via differential equations and corrects
them using sparse but high-fidelity experimental data. The
resulting NN-based EOS successfully captures nonlinear
cavitation behavior, maintains pressure and density positiv-
ity, and overcomes limitations of classical one-fluid models
in high-pressure environments. Numerical validations in
one-, two-, and three-dimensional explosion cases dem-
onstrate enhanced accuracy and stability over traditional
approaches. This study highlights the strong potential of

Update
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PINNs in UNDEX modeling, demonstrating their capabil-
ity to incorporate complex physical laws while leveraging
sparse experimental data—making them a promising tool
for improving predictive accuracy in highly nonlinear, mul-
tiphase explosive environments.

Despite the novelty and promising results of this
approach, several limitations are also highlighted in Huang
et al.'s study. First, while the model demonstrates strong
accuracy in 1D, 2D, and 3D settings, its application is lim-
ited to EOS modeling for cavitation phenomena rather than
full structural response prediction under UNDEX. Moreover,
training PINNs remains computationally expensive, particu-
larly when extended to high-dimensional problems or when
incorporating complex boundary geometries. The scarcity of
high-quality experimental data further challenges the gener-
alization capabilities of PINNS in realistic UNDEX environ-
ments. These limitations underscore the early stage of PINN
application in this domain and highlight a clear gap in the
literature: there is a need to extend PINNs toward broader
structural applications in underwater explosions, including
fluid-structure interaction and damage prediction, where
physical constraints are essential but data is limited.

5.2.1.5 Extreme Learning Machine (ELM) Extreme Learn-
ing Machine (ELM) is a learning algorithm designed for
single-layer NNs (SLFNs). Unlike traditional NNs where all
weights are adjusted iteratively through specific algorithms,
ELM assigns random weights to the input layer and ana-
lytically computes the output weights in a single step, typi-
cally using the Moore—Penrose pseudoinverse [136]. This
approach drastically reduces training time, making ELM
extremely efficient for large datasets or real-time applica-
tions.

Despite its simplicity, ELM has demonstrated excellent
generalization capability in both regression and classifica-
tion tasks. Its effectiveness depends on the selection of acti-
vation functions and the number of hidden nodes, which
must be tuned carefully. Due to the absence of iterative tun-
ing, ELM is non-iterative, non-gradient-based, and robust to
local minima problems that affect standard backpropagation
networks.

In engineering applications, including those related to
SHM and dynamic response prediction, ELM has been used
for rapid modeling when computational efficiency is a prior-
ity [128]. However, its reliance on random initialization can
introduce variability in performance, and it may not reach
the same accuracy as deeper or more complex architectures
like DNNs or LSTM.

In the study by Chen et al. [128], the ELM model was
used to predict the boundary of the UNDEX bubble and
the free surface. The input variables for the ELM model
included buoyancy, bubble-free surface distance, and
bubble-sidewall distance, while the output was the spatial

position of the gas-liquid interface. The ELM showed a
MRE of 1.35%, which, while acceptable, was higher com-
pared to the DNN model, which achieved an MRE of 1.01%.
Despite its faster training speed and fewer hyperparameters,
ELM exhibited higher errors in predicting both the bubble
and free surface boundaries, particularly in regions with
rapid curvature changes. Nevertheless, ELM was selected as
the optimal model for predicting the free surface boundary
due to its efficient training process, but DNN outperformed
it in terms of overall accuracy. This is the only case found
in the literature where ELM was applied to predict UNDEX
features.

5.2.2 Decision Trees and Tree-Based Ensemble Methods

Tree-based models are a cornerstone of supervised learning
due to their interpretability, flexibility, and strong perfor-
mance across both classification and regression tasks. These
qualities make them particularly valuable in UNDEX-related
problems, where understanding complex dynamics like
material responses to underwater explosions is crucial. In
this section, we outline the foundational Decision Tree (DT)
algorithm and explore two of its most widely used ensem-
ble extensions: Random Forest and XGBoost, highlighting
their effectiveness in tackling the challenges posed by such
complex, nonlinear environments.

5.2.2.1 Decision Trees (DT) Decision Trees (DT) are ver-
satile and non-parametric supervised learning algorithms
commonly used for both classification and regression prob-
lems. They operate by recursively partitioning the input
space into subsets based on feature values, building a tree-
like structure that is composed of a root node, internal deci-
sion nodes, branches, and leaf nodes, as depicted in Fig. 21.
Each internal node applies to a decision rule (e.g., a thresh-
old on a feature), guiding the data down the tree, until it
reaches a leaf node that provides the final prediction [137].

One of the main strengths of DTs lies in their interpret-
ability: unlike many "black-box" models, DT allows users to
visually trace the logic behind each prediction. This makes
them ideal for applications where model transparency and
feature importance are essential. Additionally, DT can natu-
rally handle both numerical and categorical data without
requiring feature scaling or normalization, and they are
robust to datasets with missing values.

From a computational perspective, training a DT involves
selecting the best feature and threshold to split the data at
each node, using several metrics such as Gini impurity,
information gain (based on entropy), or variance reduction
(for regression). The goal is to create splits that maximize
the homogeneity of the resulting subsets with respect to the
target variable.
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Fig.21 General schematic of decision tree models (prepared based
on [111])

However, a notable limitation of DT is their tendency to
overfit the training data, especially when allowed to grow
deep without constraints. Deep trees may capture noise
rather than underlying patterns, reducing their ability to
generalize to unseen data. To mitigate this, techniques such
as pre-pruning (e.g., limiting tree depth or minimum samples
per leaf) and post-pruning (removing branches that provide
little value) are applied.

A first example of DT application in UNDEX-related
problems is presented in [128], where the authors applied
this model to predict the collapse patterns of bubbles sub-
jected to UNDEX. In this case, it was applied to classify four
types of bubble collapse patterns: sharp-corner jet, rounded-
corner jet, annular jet, and weak jet. The model splits the
data into branches based on input parameters such as buoy-
ancy, bubble-free surface distance, and bubble-sidewall
distance. The DT model demonstrated good performance,
achieving a classification accuracy of 85.5% on the test set.
However, it struggled with predicting class 4 (weak jet) due
to its small sample size, which led to errors in classifying
these patterns. In comparison with other models like Support
Vector Machines and K-Nearest Neighbors, the DT model
showed strong performance, especially in handling larger,
more balanced datasets.

Shifting the focus, Wang et al. developed a DT model
for regression to predict the dynamic response of stiffened
cylindrical shells subjected to UNDEX loads [46]. Here, the
input parameters were the charge mass, standoff distance,
detonation depth, and shell thickness, while the output
prediction referred to deformation and strain. After hyper-
parameter optimization using grid search method, the DT
model achieved strong performance with a MAPE of 0.045
for stiffener deformation, 0.046 for shell deformation, and
0.062 for plastic strain, along with R? values of 0.843, 0.851,
and 0.823, respectively. While the DT model demonstrated
good accuracy in predicting the structural response, it was
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still outperformed by the DNN model developed by the same
authors, which showed higher R? values and lower predic-
tion errors.

As shown in the previous examples, classic DT often
has limitations when dealing with more complex tasks. To
address these challenges, more advanced models such as
Random Forests and Gradient Boosted Trees are introduced
later, as they significantly enhance prediction accuracy and
stability. These ensemble methods combine the outputs of
multiple trees, reducing variance and improving robustness
to overfitting.

A widely known and foundational implementation of DT
is the Classification and Regression Trees (CART) algo-
rithm, introduced by Breiman et al. in 1984 [138]. CART
is a binary tree-building methodology that supports both
classification and regression tasks. It uses Gini impurity as
the default splitting criterion for classification problems and
variance reduction (or mean squared error minimization)
for regression. One of the defining features of CART is its
exclusive use of binary splits at each decision node, simpli-
fying the tree structure while maintaining high interpretabil-
ity. CART has not only served as the foundation for standard
decision tree models, but also as the building block for more
advanced ensemble methods, such as Random Forests and
Gradient Boosted Trees. Its algorithmic efficiency, combined
with its capacity to produce easily interpretable models, has
made CART a widely adopted choice in both academic and
industrial applications.

The only attempt to use CART for UNDEX predictions
is presented in [129], where Li et al. used it to predict the
dynamic response of UNDEX vessels. In this case, the
CART model was applied to map the relationship between
various input variables such as time, charge amount, hydro-
static pressure, and the position of strain gauges, with the
output being the maximum strain of a container target. The
model was constructed using a recursive binary partition-
ing process, where data was split into subsets based on the
best feature, and a pruning method was employed to prevent
overfitting and enhance the model's generalization ability.
The CART model demonstrated superior performance com-
pared to the ANN model developed by the same authors,
with a MSE of 1.42 and a MAE of 1.17 on the test set. These
results indicate that the CART model was more efficient
in predicting the dynamic strain response of the UNDEX
vessel, offering better accuracy and stability than simpler
models like ANN.

5.2.2.2 Random Forest (RF) By combining multiple DT
trained on different subsets of data, Random Forest (RF)
enhances both the robustness and predictive accuracy of
standard DT models [128] (Fig. 22). This ensemble learning
technique is particularly effective when dealing with large
datasets and capturing complex, nonlinear relationships
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Fig.22 Random Forest (RF)
ML algorithm scheme. Adapted
from [112]
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among input variables. In the context of UNDEX applica-
tions, RF models can be employed to classify or predict
structural responses—such as damage categories, failure
modes, or pressure thresholds—based on features including
explosive charge parameters, geometric configurations, and
material properties of the affected structures.

An RF can be trained on a dataset derived from simu-
lated or experimental blast scenarios, where each instance
contains descriptors, such as charge weight, standoff dis-
tance, detonation depth, and target geometry, along with
the observed outcome (e.g., extent of plastic deformation
or presence of structural failure). Once trained, the model
can be used to forecast the likely response of a structure
subjected to a new loading condition, supporting both design
optimization and rapid assessment during early-stage evalu-
ations or post-incident diagnostics. The performance of RF
models in such settings is typically evaluated using standard
regression and classification metrics, such as the R?, RMSE,
MSE, and MAE.

Liu et al. [139], proposed a ML framework to rapidly
predict the maximum deformation of ship hull girders sub-
jected to near-field UNDEX. The authors employed a hybrid
numerical-data-driven approach, where blast loads were
calculated using the Runge—Kutta Discontinuous Galerkin
(RKDG) method and applied to ABAQUS CASA simula-
tions to generate training data. A regression model, based
on RF, was trained on a dataset including variables such
as explosive mass and standoff distance. The RF model
showed strong performance in predicting deformation, with
a relatively low RMSE of 10.31, and a high R? of 94%. It
achieved a relative error of 10.38%, indicating its suitability
for deformation prediction in structural safety assessments
under UNDEX scenarios.

In the study by Chen et al. [128], the RF algorithm was
employed to predict the boundary of the UNDEX bubble
and the free surface. The input variables for the RF model
included parameters such as buoyancy, bubble-free surface

| Majority voting |
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distance, and bubble-sidewall distance, while the output was
the spatial position of the gas—liquid interface (bubble and
free surface boundary). As already mentioned, the perfor-
mance of RF was compared with other regression models,
including DNN and ELM. The RF model showed relatively
weaker performance in capturing complex, nonlinear rela-
tionships, particularly in regions where the bubble's curva-
ture changes significantly. The model achieved higher errors
in predicting both the bubble and free surface boundaries
compared to DNN and ELM. For instance, the RF's MRE
was higher, and it struggled with capturing fine details such
as the jet velocity, which DNN could predict more accu-
rately. Nonetheless, the RF model still provided valuable
insights but was ultimately outperformed by DNN, which
showed superior performance in predicting bubble bounda-
ries with lower errors and better robustness.

5.2.2.3 XGBoost XGBoost (eXtreme Gradient Boosting)
is a highly efficient and scalable implementation of gradi-
ent boosting algorithms, first introduced by Tianqi Chen
in 2016 [132]. It has rapidly gained popularity in both aca-
demia and industry due to its superior predictive accuracy,
computational speed, and flexibility in handling structured
data. XGBoost operates by combining multiple weak learn-
ers, typically CARTS, into a single strong ensemble model,
where each new tree is trained to correct the residual errors
of the previous ones. XGBoost differs from traditional gra-
dient boosting in several ways: it uses a second-order Taylor
expansion of the objective function for more precise approx-
imation, it includes regularization terms to penalize model
complexity and avoid overfitting, it allows for missing data
handling and incorporates column subsampling, improving
performance and generalization and finally it supports both
tree-based and linear base learners, offering flexibility in
model design.

Additionally, XGBoost includes advanced system opti-
mization features such as parallel computation, cache
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awareness, and out-of-core learning for large datasets. These
make it especially suitable for high-performance environ-
ments and real-time predictive systems.

Given its robustness and ability to handle nonlinear inter-
actions, noisy data, and limited sample sizes, XGBoost is
widely regarded as one of the most effective algorithms
for regression and classification problems in engineering,
including dynamic modeling of structures under explosive
loads.

As already mentioned previously, Liu et al. [139]
employed a hybrid numerical-data-driven approach to pre-
dict the maximum deformation of ship hull girders subjected
to near-field UNDEX, using inputs such as explosive mass
and standoff distance. The outputs of the model were the pre-
dicted deformations of the hull girders. Among the regres-
sion models tested, XGBoost outperformed RF in terms of
prediction accuracy. XGBoost achieved a lower RMSE of
27.67 compared to RF's 50.31, a higher R? of 96% versus
RF's 94%, and a smaller relative error of 6.25% compared
to RF's 10.38%, confirming its suitability for accurate and
efficient deformation prediction in structural safety assess-
ments under UNDEX scenarios.

Another application of the XGBoost model is presented
in [127], where Li et al. proposed a dynamic response pre-
diction model for underwater explosive vessels based on the
Leave-One-Out XGBoost algorithm. The model was devel-
oped to address the challenges of small sample sizes, unclear
feature relationships, and limited effective data in UNDEX
experiments. The primary inputs to the model included the
explosive charge, hydrostatic pressure, and measurement
points on the container, while the output was the predicted
dynamic strain response. The model was compared to sev-
eral ML algorithms, including Support Vector Regression
and DNN. The LOO-XGBoost model demonstrated supe-
rior performance, with an R? of 0.9967 and a RMSE of
just 0.0808, significantly outperforming the other models.
These results highlight the effectiveness of LOO-XGBoost
in providing accurate predictions of the dynamic response
of underwater explosive vessels, even with small datasets,
and offer valuable insights for future underwater explosion
testing and container design.

5.2.3 Instance-Based and Distance-Based Learning
Algorithms

This section covers models that make predictions by directly
relying on the similarity between observations, rather than
explicitly learning a function through the optimization of
internal parameters, as is the case in NN- or tree-based
models. In these approaches, the model does not attempt
to generalize by finding an underlying function; instead, it
evaluates how closely new instances resemble the instances

@ Springer

in the training dataset. The predictions are made based on
the relationships or distances between the input data points,
which makes these algorithms highly intuitive and effec-
tive in certain types of problems, particularly where the data
structure is complex or hard to model explicitly.

5.2.3.1 K-Nearest Neighbor (KNN) The K-Nearest Neighbor
(KNN) algorithm, first introduced in 1951, is a simple yet
highly effective method. Over the years, numerous varia-
tions of KNN have been applied across a wide range of
domains, including text classification, facial recognition,
and various other problem-solving tasks [140]. The funda-
mental principle of KNN is to predict the output for a new
data point by examining the K most similar instances—i.e.,
the nearest neighbors—in the training dataset. Depending
on the task at hand, this may involve either estimating a con-
tinuous value or assigning a discrete category to the input
[112]. In essence, the method is used to infer an outcome for
a variable not present in the original dataset, based on the
behavior of similar, previously observed data. In the case of
K-Nearest Neighbors Regression (KNNR), the algorithm
begins by computing the distance—typically Euclidean—
between the new input (covariate) and all other covariates in
the dataset. This distance is given by the general formula
di(xi,x) = \/(xl —x)2 + (x2 —x)2 +...+ (xn —x)2

Next, the algorithm identifies the K nearest covariates by
selecting those with the smallest calculated distances from
the new input. The corresponding response values of these
K neighbors are then averaged to estimate the output. The
predicted response y is computed using the formula

y= % - Y y;. This approach assumes that covariates located
close toy ‘anch other in the feature space are likely to have
similar response values. Given a dataset with n covariates.
X =x1,%,...,X%, and corresponding responses
Y =y,y,,...,, the KNN algorithm exploits this local sim-
ilarity to infer the unknown outcome. In some cases,
weighted versions of the algorithm are used, where the con-
tribution of each neighbor to the final prediction is scaled by
a weight. These weights are often based on the inverse of the
distance or derived from a Gaussian distribution, so that
closer neighbors exert more influence on the predicted
value. Nevertheless, uniform weighting—where all K neigh-
bors contribute equally—remains the most adopted strategy.

In the study proposed in Wang et al. [46], employed the
KNN ML model to predict the dynamic response of stiffened
cylindrical shells under UNDEX loads. The KNN model
utilized input parameters such as charge mass, standoff
distance, detonation depth, and shell thickness to predict
outputs like deformation and strain. After optimizing the
model with hyperparameter tuning using the grid search
method, KNN achieved relatively good performance with
MAPE of 0.036 and R? of 0.862 for stiffener deformation,
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0.039 and 0.874 for shell deformation, and 0.056 and 0.849
for plastic strain predictions. The results show that while
KNN provides accurate predictions, it still lags the DNN
model (developed by the same authors) in terms of predic-
tive accuracy.

Finally, in [128], a KNN model was utilized to classify
the collapse patterns of bubbles subjected to UNDEX. In
this case, the input features included parameters such as
buoyancy, bubble-free surface distance, and bubble-sidewall
distance, and the output was the predicted collapse pattern.
KNN showed good performance in classifying the bubble
collapse patterns, but it faced challenges with imbalanced
datasets, particularly when predicting the "weak jet" class,
which was underrepresented. While KNN is generally
known for its simplicity and effectiveness in capturing local
patterns, its performance can degrade in high-dimensional
spaces or when the data contains noise.

5.2.3.2 Support Vector Machine (SVM) and Support Vec-
tor Regression (SVR) Support Vector Machines (SVM) are
powerful supervised learning algorithms commonly used for
classification, regression, and outlier detection tasks [58].
Introduced by Cortes and Vapnik in 1995, SVM is grounded
in statistical learning theory. The fundamental concept of
SVM involves identifying the optimal hyperplane that best
separates different classes of data in a high-dimensional
space. This hyperplane maximizes the margin—the distance
between the closest data points (known as support vectors)
and the decision boundary (Fig. 23).

For regression problems, the SVM framework is extended
into Support Vector Regression (SVR). Unlike traditional
regression models that aim to minimize the prediction error,
SVR attempts to fit the best line within a predefined margin
of tolerance (¢), disregarding errors that fall within this mar-
gin. This formulation enhances robustness, especially when
dealing with small datasets and high-dimensional feature
spaces [39].

A key advantage of SVR is its insensitivity to the
dimensionality of the input space, allowing it to generalize

Margin (gap between decision
boundary and hyperplanes)
Support vectors
X2 T

Decision boundary

- = Hyperplane
Hyperplane for second
for first class LIPS PR AN class

X1

Fig.23 Support Vector Machine (SVM) general scheme. Adapted
from [111]

well even with limited training samples. It has demon-
strated high accuracy and generalization capability, espe-
cially when the underlying relationships between variables
are nonlinear. These nonlinearities are captured through
kernel functions, such as radial basis function (RBF),
polynomial, or linear kernels, which project the data into
higher-dimensional spaces where linear separation or fit-
ting becomes feasible. However, SVM and SVR are not
without limitations. They can be computationally inten-
sive, particularly during training, and they require careful
tuning of hyperparameters, such as the kernel type and
regularization parameters. Additionally, the models tend
to be less interpretable compared to tree-based methods,
and they may struggle with very large datasets or when
noisy data and outliers are present [58].

Kong et al. [39], employed both the SVM and SVR
models for predicting the structural responses of stiffened
plates subjected to UNDEX. The SVM model was applied
to determine the failure criterion, specifically distinguish-
ing between fractures and plastic deformations. This model
achieved a high training accuracy of 99.4%, indicating
its effectiveness in classifying different structural failure
scenarios. The SVR model, based on SVM, was used to
predict both the fracture area and plastic deformation. For
fracture prediction, the SVR model achieved a R?0f 0.96
on the training set and 0.96 on the test set, demonstrating
strong predictive performance. For plastic deformation,
the SVR model showed an R? of 0.90 on the test set, which
is slightly lower but still indicates a good fit. These results
indicate that while the SVM and SVR models are accurate
and reliable, the DNN model outperformed them in terms
of predictive accuracy for both fracture and deformation,
as demonstrated by the higher R? values in the DNN model
(0.99 and 0.97). Nonetheless, the SVM and SVR models
remain valuable tools due to their efficiency and strong
performance in these tasks.

Finally, in [127], the SVR model was employed to pre-
dict the dynamic response of underwater explosive vessels.
The input variables for the SVR model included factors
such as explosive charge, hydrostatic pressure, and the
location of measurement points on the vessel, with the
output being the strain at those points. When compared
with other models like the LOO-XGBoost, SVR showed
lower performance in terms of prediction accuracy. Spe-
cifically, the R? value for SVR was 0.9104 for measure-
ment point 1 and 0.7681 for measurement point 2, which
was significantly lower than the LOO-XGBoost model's
R? of 0.9967 and 0.9985, respectively. Additionally, the
RMSE for SVR was 0.4221 for measurement point 1,
which was much higher than that of the LOO-XGBoost
model (0.0808), indicating that SVR was less accurate in
predicting the vessel's dynamic response. Despite this,
SVR remains a valuable tool in certain UNDEX scenarios,
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particularly where computational efficiency and simplicity
are prioritized.

5.2.4 Advanced Learning Strategies

5.2.4.1 Transfer Learning (TL) in Supervised Models Trans-
fer Learning (TL) is an ML technique in which a model
developed for a particular task is reused as the starting point
for a model on a second, related task [141]. Rather than
training a model from scratch, TL leverages the knowledge
learned by a pre-trained model—usually on a large data-
set—allowing it to generalize and perform effectively on a
new task with limited data. This approach is especially pow-
erful in scenarios where labeled data is scarce or expensive
to obtain, as it significantly reduces the computational cost
and training time while improving performance. Commonly
used in computer vision and natural language processing,
TL typically involves taking an ANN or DNN trained on a
large dataset (e.g., ImageNet or BERT), freezing some of
its layers, and fine-tuning the remaining layers on the target
dataset [141]. Beyond NN, the concept can also be applied
more broadly, including in RL and semi-supervised learn-
ing settings, where knowledge acquired in one environment
or task can enhance learning in another. By bridging gaps
between domains, TL is a cornerstone in building efficient
and scalable Al and ML systems.

For the first time in the UNDEX field, Bardiani et al.
applied TL to predict the explosive mass in UNDEX events
using a previously developed DNN [29]. Starting from a pre-
viously trained classification model that predicted the charge
location [25], the authors repurposed its architecture to per-
form a regression task aimed at estimating the charge mass.
The dataset was expanded from 108 to 648 high-fidelity CEL
simulations in MSC Dytran suite by introducing charge mass
variability. By transferring the weights of the shared hid-
den layers from the original DNN, the new model achieved
faster convergence, lower error metrics, and improved gen-
eralization, compared to training from scratch. This work
demonstrates the potential of TL in reducing computational
costs while preserving high predictive accuracy, even with
limited datasets, and highlights its practical applicability for
real-time onboard estimation of explosive characteristics.

5.2.4.2 Ensemble Learning (EL) Ensemble Learning (EL)
refers to a class of ML techniques that aims to improve
predictive performance by combining the outputs of mul-
tiple base models [142]. Rather than relying on a single
algorithm, EL. methods integrate the predictions of several
“weak” or moderately accurate models to generate a final
decision that is typically more robust and accurate. This
approach is based on the idea that a group of diverse mod-
els, when aggregated, can outperform any single constituent
model, especially in terms of generalization to unseen data.
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Several attempts have been made to apply this strategy to
UNDEX problems, where the complexity and variability of
the data present significant challenges for individual models.
For example, in [128], the authors employed a combination
of different ML models to improve the accuracy of bubble
collapse pattern classification. By leveraging the strengths
of multiple algorithms, they created a fusion model that
integrated SVM, KNN, and DT models. The input features
to the model included parameters such as buoyancy, bubble-
free surface distance, and bubble-sidewall distance, while
the output was the predicted collapse pattern of the bubble,
categorized into four types: sharp-corner jet, rounded-cor-
ner jet, annular jet, and weak jet. This ensemble approach
effectively addressed the limitations of individual models,
particularly in cases where datasets are imbalanced, and
certain classes are underrepresented. The fusion model
achieved 100% classification accuracy across all four bub-
ble collapse patterns, demonstrating the power of combin-
ing models.

6 Summary of ML Prediction Models
and Their Main Features

Table 2 provides a detailed summary of the existing litera-
ture concerning the application of ML tools for UNDEX pre-
dictions. For each study, the table reports: (i) the reference to
the paper, (ii) the taret structure examined, (iii) the material
of the structure under investigation, (iv) the type(s) of ML
models employed, (v) whether the ML model was used for
a regression or classification task, (vi) the type of database
adopted to train the model along with the software utilized
to create the dataset (if it was generated numerically), (vii)
the dataset generation strategy (ALE, CEL, CASA, BEM,
etc.), and (viii) whether the numerical model was validated
against experimental data. Overall, this table is intended to
offer a comprehensive perspective on how ML approaches
have been integrated into UNDEX prediction tasks, high-
lighting the diversity in methodologies, simulation frame-
works, and validation practices across different contributions
in the field.

It is important to note that all the investigations found
in the literature are based on simplified or scaled struc-
tural models; no study to date has applied ML techniques
to full-scale structures under UNDEX loading, highlight-
ing a current limitation in the practical deployment of these
approaches.

In Table 3, the details of the ML models applied to
UNDEX prediction tasks are presented. This table outlines
the inputs, outputs, and dataset dimensions for various ML
models used in UNDEX prediction. Additionally, it high-
lights whether data augmentation techniques were applied
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Table 2 (continued)

18

Year
2020

Validation
Not performed

Dataset generation

strategy
Experiments

Type of database
(software)

Regression and clas- —

Regression and/or
sification

classification

Type of ML model
CART and ANN

Material
Steel

Structure examined

Cylindrical con-

[129] Prediction of the

Paper Objective

Springer

tainer

dynamic response
of underwater

pressure vessel

under UNDEX

and whether the models are considered explainable. The
focus is on providing a summary of the key components
involved in training and applying these ML models for accu-
rate predictions related to UNDEX events. For more detailed
information, readers are referred to the specific references.

7 Practical Guidelines for ML-Based UNDEX
Prediction

Based on the systematic literature review and the bibliomet-
ric and methodological insights discussed, we propose the
following actionable guidelines to support the development
of robust and generalizable machine learning models for
UNDEX-related tasks.

1. Match the model architecture to data size and task com-
plexity

Deep Neural Networks (DNNs) are suitable for large data-
sets and complex, highly nonlinear relationships—such as
predicting full-field responses or generalizing across varying
structural configurations. In contrast, tree-based ensemble
models (e.g., Random Forest, XGBoost) are advantageous
when data is limited, input features are heterogeneous, or
model interpretability and computational efficiency are
important (e.g., early-stage damage screening). Consider
trade-offs between flexibility and explainability based on
application needs.

2. Select input features that are measurable and relevant

Prioritize features that are directly measurable (e.g., strain,
acceleration, pressure) or reliably inferable from sensor data,
rather than theoretical variables like explosive mass or exact
standoff distance. Since the choice of input features remains
case-specific, future work should report and justify input
selection more systematically. This is a key step toward real-
time onboard applications.

3. Choose the problem formulation according to the engi-
neering goal

Decide whether the ML task should be regression (e.g.,
maximum displacement, stress levels) or classification (e.g.,
damage category, charge location) based on the nature of the
desired output. Aligning the problem setup with the opera-
tional objective helps streamline both data preparation and
model evaluation.
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Table 3 Details of the ML models applied to UNDEX prediction tasks

Paper Inputs Outputs Dataset dimension Data Explainable Performance metrics
augmen- ML model?
tation?

[37]  Length of the plate First step 135 samples No No MRE
Width of the plate Plastic deformations R?
Thickness of the plate Border of the damaged
Thickness of stiffeners domain
Charge mass Second step
Standoff distance Dimension of the damaged

domain of the plate
[22]  Energy of the explosive Peak internal energy of the 3837 samples No Yes MSE
Stand-off distance target structure R?
Ratio of coating thickness to
the wall thickness of the
cylinder

Density of the coated lami-
nate

[24]  Plate’s mass-per-unit-area Coupled out-of-plane dis- 448 samples Yes No MSE
Explosion type placement time history
Equivalent plastic strain time

history
Uncoupled out-of-plane dis-
placement time history

[25]  First peak pressure Position of the charge on a 108 samples No No Accuracy
Second peak pressure 2-D grid Precision
First peak time instant Recall
Secon peak time instant F1 score
Shock arrival time instant Confusion matrix
Maximum out-of-plane dis-

placement
Plate’s mass-per-unit-area
Distance between plate and
seabed
Seabed’s elastic modulus
Plate’s elastic modulus

[29] Same as [25] Explosive mass 648 samples No No Same as [25]

[38] First DNN First DNN 95 samples No No MRE
Charge mass Final plastic deformations
Standoff distance Displacement—time curves
Thickness of the plate Second DNN
Thickness of the stiffeners Effective plastic strain nepho-

Second DNN grams
Final plastic deformation
Displacement—time curve

[39] SVR, SVM and DNN SVM 625 samples No No Accuracy
Panel thickness Failure criterion (fractures or Precision
Equivalent charge mass plastic deformations) Recall
Standoff distance SVR and DNN F1 score
Longitudinal bone height Fracture area Specificity

Confusion matrix
RMSE

[46] Charge mass Radial and tripping deforma- 2274 samples No No MSE
Standoff distance tion of ring stiffeners RMSE
Detonation depth Radial deformation of the MAPE
Cylindrical shell thickness cylindrical shell
Web thickness Plastic strain
Flange thickness

[95] Logarithmic transformed Logarithmic transformed Not specified (taken No No MSE

density pressure from SESAME dataset
[135])

@ Springer



J. Bardiani et al.

Table 3 (continued)

Paper Inputs Outputs Dataset dimension Data Explainable Performance metrics
augmen- ML model?
tation?

[124] Charge mass Deformations of the bottom 40 samples No No MSE
Standoff distance plate RAE
Coordinate x of the charge R?
Coordinate y of the charge

[139] Equivalent charge mass Maximum deformation of the 45 samples No No MSE
Standoff distance ship hull girder

[118] Charge mass Maximum deformation of 125 samples No No MSE
Standoff distance center point of the target
Thickness of the reinforced plate

plate

[128] SVM, KNN, DT and EL SVM, KNN, DT and EL 228 samples No No Accuracy
Buoyancy parameter Bubble collapse pattern class Precision
Bubble-free surface distance  DNN, ELM and RF Recall
Bubble-vertical sidewall Gas-liquid interface position F1 score

distance (x,y and z) Confusion matrix
DNN, ELM and RF Velocity on the interface
Buoyancy parameter Potential of velocity on the
Bubble-free surface distance interface
Bubble-vertical sidewall
distance
Bubble collapse pattern class

[119] Equivalent charge mass Maximum deflection of the 48 samples No No MAE
Standoff distance cylindrical shell structure RMSE
Thickness of the reinforced R?

plate

[123] Charge mass Peak pressure at shock wave 123 samples No No MAE
Standoff distance coupling center RMSE

R2

[126] LSTM LSTM LSTM No No MSE

Load history on the upstream  Vibration velocity histories 800 samples
surface of the dam Displacement histories DNN
Accelerations history in x and Damage indicators 200 samples
y directions DNN
Simulated noise Damage level (no, slight and
DNN severe)
Damage indicators

[120] Spring stiffness Cavitation time Not specified No No MAE
Fluid-structure factor Peak momentum time RMSE
Damping coefficient Momentum transfer coef- R?

ficient

[65] Charge mass Deformation (strain) at two 31 samples No No MSE
Hydrostatic pressure specific locations
Measurement points positions

[121] Charge mass Fractured domain 120 samples No No MAE
Standoff distance Plastic deformations MSE
Attack angle R?
Equivalent charge radius
Depth of the charge

[129] Time history Maximum strain of container 782 samples No No MSE

Charge mass

Hydrostatic pressure

N°11 variables of the position
of strain gauge
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Table 3 (continued)

Paper Inputs Outputs Dataset dimension Data Explainable Performance metrics
augmen- ML model?
tation?
[127] Length ship section Spectral acceleration at the 1000 samples No No MSE
Breadth ship section specified measurement RAE
Draught ship section points R?

Weight of the ship section

Charge mass

Explosion attack angle

Critical distance

Impact factor

x-coordinate of the measure-
ment point

y-coordinate of the measure-
ment point

z-coordinate of the measure-
ment point

4. Apply advanced learning strategies when appropriate

Transfer Learning (TL) is effective when adapting models
trained on simpler scenarios (e.g., flat plates) to more com-
plex structures (e.g., stiffened panels), allowing for faster
convergence and better generalization with fewer training
samples. Ensemble Learning (EL) is useful in improving
robustness and accuracy by combining multiple weak or
moderate models, especially in presence of imbalanced or
noisy datasets.

5. Diversify and validate datasets carefully

Most datasets in this domain are generated through high-
fidelity simulations (e.g., CEL, ALE). To improve model
reliability, experimental validation is strongly recommended
when feasible. Techniques such as data augmentation and
synthetic generation via parameter variation should be used
to increase variability and reduce overfitting.

6. Use consistent and task-appropriate evaluation metrics
For regression tasks, adopt RMSE, MAE, and RZ; for clas-
sification, use accuracy, F1-score, and confusion matrices.
Clear and consistent metric reporting is essential for com-

paring models across studies and applications.

7. Integrate interpretability and physics awareness

Model transparency is essential for safety—critical applica-
tions. Use SHAP values, feature importance analysis, and
sensitivity studies to understand model behavior. Physics-
Informed Neural Networks (PINNs) or hybrid frameworks
incorporating governing equations can help enforce physical
consistency and enhance trust.

8 Challenges and Future Research
Directions

While the ML methods reviewed herein have demonstrated
promising results in predicting UNDEX phenomena, several
challenges remain that warrant further exploration in this
emerging interdisciplinary field. This section outlines these
challenges and their corresponding potential directions.

e Although a few studies have explored more sophisticated
ML architectures, the majority of current research relies
on relatively simple models, primarily standard DNNss.
Investigating the performance of state-of-the-art ML
models—such as graph neural networks, transformers,
or physics-informed architectures—could offer valuable
advancements in predictive capability and model robust-
ness for UNDEX-related applications.

e Given the limited availability of large datasets in the
UNDEX domain, future research could explore data aug-
mentation strategies—such as physics-based simulations,
generative models (e.g., GANs), or domain-informed
synthesis—to enhance dataset diversity and improve ML
model generalization.

e Hybrid modeling that combines ML with physics-based
approaches represents a promising yet underexplored
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direction in the UNDEX field. Except for one identified
application of PINNSs, such integration remains rare and
could enhance both accuracy and physical interpretability
of predictions.

Improving the interpretability of ML models in
UNDEX applications is a key research direction. Tech-
niques such as feature importance analysis or attention
mechanisms can enhance trust and foster wider adop-
tion. Explainable Al (XAI) may also offer insights into
the physical drivers behind structural response predic-
tions.

Collaboration between Al and ML researchers and exper-
imentalists is crucial to validate and refine model pre-
dictions in UNDEX studies. The integration of numeri-
cal and experimental data remains a critical challenge.
Leveraging TL techniques could help bridge this gap by
adapting ML models trained on synthetic datasets to real-
world experimental scenarios, thereby enhancing model
reliability and applicability.

Current investigations in the application of ML to
UNDEX phenomena are mostly limited to simplified
or small-scale structural components. This highlights a
significant gap between existing research and practical
needs, where real-world marine and offshore structures—
such as ships—are large and complex. Nonetheless, evi-
dence from adjacent domains (e.g., aeroelasticity, struc-
tural health monitoring) suggests that robust and scalable
ML frameworks can be developed for complex systems,
provided that appropriate strategies such as transfer
learning and hybrid modeling are employed.

A major challenge—closely related to multi-scale mod-
eling and practical deployment—is that many current
ML models rely on input parameters that are not directly
measurable in real-world scenarios. For example, key
variables such as charge mass and standoff distance are
often assumed known, while in practice they are rarely
available from onboard sensors. This disconnect limits
the operational applicability of such models, especially
in safety—critical contexts like naval or aerospace appli-
cations. Moreover, the selection of input features itself
remains an open and unresolved research question. There
are currently no standardized guidelines or universally
accepted best practices for choosing the most appropriate
set of inputs. This is largely because the optimal input
space is highly problem-specific, depending not only on
the type of structure and the nature of the loading sce-
nario, but also on the available sensor configuration and
the ultimate prediction objective (e.g., damage classifi-
cation, displacement prediction, probability of failure,
etc.). Future research should therefore not only prioritize
the use of input features that are either directly meas-
urable or reliably inferable from sensor data, but also
systematically investigate and document the impact of
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different input selections on model performance. Such
studies would help build a foundation for more gener-
alized frameworks and decision-support tools to guide
input selection in diverse application domains.

Another promising yet unexplored direction involves
the use of Graph Neural Networks (GNNs) for structural
response prediction under UNDEX loading. Unlike tra-
ditional neural networks, GNN’s operate on graph-struc-
tured data, making them naturally suited for domains like
structural mechanics, where finite element models can
be represented as graphs—nodes corresponding to mesh
points and edges to physical connectivity. In this con-
text, GNNs could be leveraged to learn stress or displace-
ment propagation across the structure, capturing spatial
dependencies and local interactions more effectively than
fully connected architectures. Furthermore, the inherent
inductive bias of GNNs could improve model generaliza-
tion across different structural topologies, reducing the
need for retraining on each new geometry. Although no
existing studies have yet applied GNNs specifically to
UNDEX problems, their application in adjacent fields
such as structural health monitoring suggests a strong
potential worth exploring.

While regression-based models currently dominate the
field, classification tasks are gaining traction in UNDEX-
related applications, particularly for tasks such as dam-
age localization, blast quadrant identification, or scenario
recognition. Future studies should further explore and
refine classification strategies, as they offer complemen-
tary insights for decision-making under uncertainty.
Composite structures exposed to UNDEX events exhibit
complex multi-scale behaviors, where damage mecha-
nisms can initiate at the microscale and propagate to
the structural scale. Future research should explore
multi-scale modeling strategies that integrate ML with
numerical methods—such as finite element analysis or
mesoscale simulations—to accurately capture and predict
the response of composites across different length scales
under explosive loading.

A common limitation observed in current ML applica-
tions for UNDEX is their poor generalizability beyond
the specific conditions used during training. Models
often perform well only within the narrow scope of the
original dataset but fail when applied to different struc-
tural geometries or boundary conditions. However, prom-
ising approaches from other complex domains—such as
physics-informed learning and domain adaptation—sug-
gest that this limitation can be overcome. This under-
scores the need for more adaptable models and training
pipelines that can generalize across a wider range of con-
figurations without retraining from scratch.

An additional promising research direction involves
extending current ML-based frameworks to account for
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cumulative damage and fatigue behavior resulting from
multiple far-field UNDEX events, which more closely
reflect real operational scenarios and are critical for long-
term structural safety assessment.

e Another relevant direction for future research is the
use of Al and ML models to infer additional structural
responses—such as strain and stress—in regions of the
structure where no direct measurements are available,
leveraging learned correlations from limited sensor data.

e To address the challenge of limited generalizability,
future studies could explore advanced learning para-
digms such as multi-task learning, meta-learning, and
domain adaptation, which are well-suited to improve
model robustness across varying UNDEX configurations
and structural conditions.

e Despite the importance of experimental validation, prac-
tical limitations such as high testing costs, strict safety
regulations, and the scarcity of publicly available data
from explosive testing campaigns remain significant bar-
riers to the widespread use of experimental datasets in
this domain.

e Recent applications have demonstrated the utility of data
augmentation techniques—such as geometric transfor-
mations applied to numerical fields—to increase dataset
size while preserving physical consistency. Nevertheless,
more advanced generative strategies, including GANSs,
have not yet been explored in this context and could offer
powerful tools to create diverse, high-fidelity datasets for
ML training in UNDEX-related problems.

¢ An additional open challenge lies in the strategic explora-
tion of the input parameter space during dataset genera-
tion. Due to the high computational cost of full-order
simulations, most current studies rely on brute-force or
grid-based approaches with limited coverage. However,
no systematic effort has yet been made to identify the
most informative parameter combinations or to optimize
simulation campaigns. In this regard, techniques such
as Design of Experiments (DoE) and Active Learning
could represent valuable tools. These methods could help
reduce the number of required simulations while maxi-
mizing the representativeness and informativeness of the
training data, particularly for high-dimensional parameter
spaces. We identify this as a promising avenue for future
investigation.

9 Concluding Remarks

This review has examined the emerging integration of arti-
ficial intelligence (AI) and machine learning (ML) into
the field of underwater explosion (UNDEX) prediction.
Although the body of research is growing rapidly, it remains

fragmented and at an early stage of maturity. Three key con-
clusions emerge:

e Limited generalizability and realism in current mod-
els. While several ML architectures—including deep
neural networks, ensemble methods, and transfer learn-
ing—have demonstrated promising results, they are often
trained on small, idealized datasets. This severely limits
their ability to generalize to real-world naval structures,
varying boundary conditions, or full-scale UNDEX sce-
narios. The lack of physical constraints in many models
also raises concerns about prediction reliability.

e Lack of standardized datasets and robust validation
frameworks. The scarcity of high-fidelity, publicly avail-
able datasets remains a major bottleneck. Furthermore,
experimental data—crucial for training and validating
ML models—are difficult to obtain due to cost and safety
constraints. This necessitates a shift toward collabora-
tive dataset generation, shared benchmarks, and rigorous
cross-validation protocols.

e Physics-informed learning and hybrid approaches are
the future. The field must move beyond black-box mod-
els toward frameworks that embed physical laws, enable
interpretability (e.g., SHAP values), and can adapt across
a wide range of geometries and loading conditions. The
fusion of simulation, experimental knowledge, and data-
driven models will be essential for developing trustwor-
thy, scalable, and application-ready ML solutions for
UNDEX.

In sum, while significant challenges remain, the inte-
gration of ML into UNDEX analysis holds transformative
potential. This review provides a structured foundation for
advancing the field toward more efficient, intelligent, and
practically deployable prediction systems.

This review has comprehensively analyzed the applica-
tion of artificial intelligence (Al) and machine learning (ML)
techniques for underwater explosion (UNDEX) predictions,
highlighting the rapid yet fragmented growth of this research
area. While several promising models, including deep neural
networks, ensemble methods, and transfer learning strate-
gies, have been developed, a critical examination reveals
that current efforts often suffer from significant limitations.
These include the scarcity of extensive, high-fidelity data-
sets, the limited generalizability of models across varying
scenarios, and the frequent lack of physically consistent
predictions. Moreover, the majority of studies still focus on
idealized cases, rarely addressing the complexities of real-
world naval structures or operational conditions. Despite
these challenges, the advances achieved so far confirm the
transformative potential of ML to complement traditional
numerical and experimental approaches, enabling faster
and more adaptive analyses. Future research must prioritize
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the development of standardized datasets, explore physics-
informed ML paradigms, and establish robust validation pro-
tocols against experimental data to ensure the credibility
and applicability of ML-based UNDEX prediction systems.
While the field is still maturing, it holds significant promise
for reshaping underwater explosion analysis through more
efficient, scalable, and interpretable solutions. In conclusion,
this review offers a solid foundation for researchers aim-
ing to deepen their understanding of Al-driven modeling in
UNDEX scenarios and outlines several promising directions
for future investigation to bridge the gap between current
research and practical, real-world applications.
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