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Abstract
In naval engineering, understanding underwater explosions is crucial for structural integrity and safety, particularly for combat ships. Coupled 
numerical analyses, which account for fluid-structure interaction (FSI), are accurate but computationally expensive and impractical for real-time 
applications. In contrast, uncoupled methods are efficient but overlook FSI effects. This study introduces a data-driven approach using a feed-
forward Deep Neural Network (DNN) to estimate FSI-induced displacements from uncoupled simulations. Trained on numerical datasets of 
blast-loaded plates with varying characteristics, the DNN predicts the coupled displacement field based on structural parameters of uncoupled 
simulations. Results demonstrate that this framework provides a fast and reliable alternative to coupled simulations, offering a practical 
engineering tool for underwater blast scenarios. This work serves as proof of concept that deep-learning-enhanced uncoupled simulations can 
replace coupled ones, with validity beyond the specific structure in the case study.
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1  Introduction

Comprehending the dynamic behavior of submerged 
structures under pressure loading is crucial for the naval 
shipbuilding and offshore engineering sectors. Underwater 
explosions (UNDEX) are particularly significant among the 
various sources of pressure loads, as they directly impact 
the safety and functionality of underwater vehicles (such as 
submarines) and various marine structures (such as drilling 
platforms, cargo vessels and combat ships).

A typical UNDEX event can produce three distinct dam‐
aging mechanisms in a structure, depending on the dis‐

tance from the hull (Bardiani et al., 2024; Bardiani et al., 
2025; De Camargo, 2019; Ming et al., 2016; Rolfe et al., 
2020; Tran et al., 2021; Zhang et al., 2018): initially, pri‐
mary shock waves impact the hull with high velocity and 
pressure. Subsequently, pressure waves at a lower frequency, 
caused by the pulsation of the gas bubble generated by the 
UNDEX (Sagar and Moctar, 2024), excite the structure. 
Finally, the collapse of gas bubbles creates high-speed water 
jets that can strike the ship.

The previous three mechanisms induce highly complex 
phenomenon due to fluid structure interaction (FSI), signif‐
icant deformations and fracturing phenomena, and mate‐
rial nonlinearity influenced by high strain rates and tem‐
perature (Liu et al., 2018; Peng et al., 2021; Rajendran and 
Narasimhan, 2001; Ren et al., 2022). Unlike explosions 
in the air, FSI induced by UNDEX events can cause sev‐
eral interconnected effects like cavitation, reflection and 
absorption.

Depending on whether the structure is within the bub‐
ble’s impact zone, UNDEX can be categorized into non-
contact explosions and contact explosions (Cole, 1948). 
Non-contact explosions can be further classified into far-
field and near-field explosions, depending on the stand-off 
distance. For instance, in far-field UNDEX, the stand-off 
distance is greater than the maximum radius of the bubble 
formed in the first pulsation (Ming et al., 2016).

Three primary methodologies are utilized to investigate 
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UNDEX and their effects: experimental tests, analytical 
models, and numerical simulations (Jin and Ding, 2011), 
focusing on both the characteristics of UNDEX loading 
and the nonlinear dynamic responses of structures.

Experimental investigations are challenging due to the 
complex and dangerous dynamic of UNDEX (Biglarkhani 
and Sadeghi, 2017; Cole, 1948). Moreover, the cost of such 
tests and the logistical difficulty make the experiments pro‐
hibitive, especially considering real-scale tests (Cui et al., 
2016; Löhner et al., 2023; Yu et al., 2022). Although 
scaled specimens provide an effective approximation, exper‐
imental data is rarely published, limiting the understand‐
ing of UNDEX phenomena (Liu et al., 2022; Sagar and 
Moctar, 2023).

For what concerns analytical models, they are crucial 
for studying UNDEX phenomena, providing a theoretical 
understanding of potential effects and consequences. How‐
ever, these models are primarily limited by their simplifi‐
cation and approximation of real-world phenomena, which 
may not fully capture the event’s complexity (De Camargo, 
2019; Kiciński and Szturomski, 2020).

For all these reasons, significant advancements in numeri‐
cal methods and computing power have enabled effective 
numerical simulations of UNDEX events on high-perfor‐
mance computers (Ge et al., 2020; Nguyen et al., 2021). 
Advanced software such as LS-DYNA, ABAQUS, ANSYS, 
and MSC Dytran are extensively used to predict UNDEX 
transient loading and structural responses of different types 
of marine structures (Huang et al., 2011; Jha and Kumar, 
2014; Walters et al., 2013; Wang et al., 2016).

Several numerical approaches can be employed to simu‐
late UNDEX, but the major subdivision is represented by 
coupled or decoupled methodologies. Coupled methodolo‐
gies resolve the interaction between the pressure wave gen‐
erated by the explosion and the dynamic reaction of the 
ship hull within a single computational framework, facili‐
tating simultaneous solutions (Liu et al., 2018). Uncoupled 
methodologies do not directly model the FSI; instead, they 
require two steps, addressing the fluid and structural 
domains sequentially (Giuliano et al., 2023).

Furthermore, the coupled numerical approaches employed 
to explore transient FSI issues in UNDEX contexts can be 
sub-classified into three primary categories depending on 
the strategy adopted to model fluid and structure domains 
(Löhner et al., 2023): Eulerian–Eulerian (E–E), Lagrangian–
Lagrangian (L – L) and Eulerian–Lagrangian (E–L). The 
most used strategy for modelling FSI is the Coupled Eule‐
rian-Lagrangian (CEL) technique. The CEL approach com‐
bines the strengths of Eulerian and Lagrangian theories for 
modelling fluid and structure, respectively, and enabling 
their continuous interaction (Rackwitz, 2020; Sigrist and 
Broc, 2023).

Although the dynamic responses of ship hulls under 
UNDEX loading have been extensively researched and 

investigated, coupled methods like CEL still present the 
main limit of being very computationally time-consuming 
(Liu et al., 2022). For instance, completing a single case 
study of a whole ship structure exposed to near-field 
UNDEX can take several days on a high-performance com‐
puter (Kong et al., 2023; Liu et al., 2022), since naval plat‐
forms are complex and large, necessitating massive Eule‐
rian volumes to simulate the water portion around the ves‐
sel, resulting in an enormous number of cells. Also, the res‐
olution of sophisticated algorithms to manage the interface 
and interaction between the two phases (Eulerian and 
Lagrangian) is computationally challenging (Nguyen, 2023). 
Thus, there is an urgent need to quickly, accurately, and 
economically obtain results from this type of simulation.

The integration of machine learning (ML) and artificial 
intelligence (AI) techniques within this framework offers a 
potent and innovative solution to meet this objective (Giu‐
liano et al., 2023; Nayak et al., 2022). ML and AI methos 
can uncover the intricate relationships between inputs and 
outputs by analyzing large datasets of complex phenomena 
through an elaborate training process, enabling computers 
to automatically learn from the previous experience with‐
out being explicitly programmed (Bousmaha et al., 2022; 
Nguyen et al., 2019). They have been successfully applied 
in many fields (Hastie et al., 2009), such as computer sci‐
ence (Kong et al., 2023), structural and fluid mechanics 
(Nguyen et al., 2021), and material engineering (Lee et al., 
2020). All the data needed to train machine learning algo‐
rithms are sourced from both experimental tests and numeri‐
cal simulations (Neto et al., 2020; Brunton et al., 2020).

However, to date, only a few contributions have lever‐
aged machine learning in the field of UNDEX. Liu et al. 
(2022) used a deep neural network (DNN) to predict the 
dynamic response of stiffened plates subjected to near-
field UNDEX. The approach was tested against various 
charge masses, stand-off distances and plate thicknesses. 
The framework was then extended by the same authors 
(Ren et al., 2022), where more complex structural response 
and damage evolution was considered. DNNs were also 
leveraged to predict the structural response of stiffened 
cylindrical shells under far-field UNDEX, starting from 
the results of numerical simulations (Wang et al., 2024). A 
multilayer perceptron-based neural network was combined 
with a multiscale finite element method to predict the struc‐
tural response of a coated composite cylinder subjected to 
near-field UNDEX (Nayak et al., 2022). Finally, a support 
vector machine (SVM) and a back propagation neural net‐
work were used to predict the plastic deformation and frac‐
ture area of various damaged plates (Kong et al., 2023; Liu 
et al., 2013).

Although previous studies have demonstrated the poten‐
tial of machine learning techniques for analyzing UNDEX 
effects on submerged and floating marine structures, there 
is still a lack of tools in the literature that effectively inte‐
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grate machine learning with fast uncoupled simulations to 
account for FSI. In this paper, we propose a novel tool that 
combines uncoupled simulations with machine learning to 
quickly and accurately predict UNDEX outcomes, while 
incorporating the effects of FSI.

This work has employed the idea proposed by Lomazzi 
et al. (2024) and has aimed to extend and enhance it in the 
case of underwater explosion phenomena against sub‐
merged plates, employing a more sophisticated neural net‐
work, to tackle the non-trivial nature of UNDEX with 
respect to air blast scenarios. Lomazzi et al. (2024) intro‐
duced a data-driven framework, aiming at accounting for 
FSI effects in air blast-loading scenarios assessed through 
uncoupled simulations and deep neural networks, specifi‐
cally designed to overcome the computational limitations 
of coupled analyses.

Here, a DNN was trained on numerical data generated 
through coupled and uncoupled simulations of underwater 
blast-loaded plates. The DNN takes structural parameters 
as input from uncoupled simulations, such as out-of-plane 
displacement and equivalent plastic strain patterns at a spe‐
cific time instant, initial mass-per-unit-area ma values of the 
plate and the explosion type. The output of the DNN is rep‐
resented by the out-of-plane displacement pattern correspon‐
dent to the coupled case, to account for FSI. All the simula‐
tions were carried out using the suite MSC Dytran and the 
proposed approach was tested against submerged fully 
clamped square plates. The reason for this is that submerged 
plates can serve as simplified representations of key struc‐
tural components found in ships, such as hulls, bulkheads, 
and decks, which are critical to the overall integrity and 
safety of naval vessels. Also, the plates considered are uns‐
tiffened, focusing on the fundamental response mechanisms.

To the author’s knowledge, this is the first time a detailed 
comparison between coupled and uncoupled approaches 
has been conducted for UNDEX problems, while also lever‐
aging the significant potential of uncoupled analyses in 
terms of reduced computational cost.

Furthermore, this work is intended as proof of concept 
that uncoupled simulations enhanced by deep learning can 
replace coupled simulations, and the validity of the pro‐
posed method is not limited by the specific structure con‐
sidered in the case study.

This paper is organized as follows: in Section 2 the entire 
framework is described in detail, focusing on the numeri‐
cal simulations’ dataset and the machine learning algo‐
rithm used. In this part, MSC Dytran numerical method is 
assessed against two experimental results (Kwon and Fox, 
1993) and (Ramajeyathilagam and Vendhan, 2004). Sec‐
tion 3 provides information about the results obtained, fol‐
lowed by a discussion of them. The conclusions are finally 
summarized, highlighting advantages and drawbacks of 
the adopted methodology and proposing future enhance‐
ment and developments.

2  Methodology

The proposed data-driven framework for non-contact 
UNDEX scenarios is composed of the following steps:

1) Numerical simulations: simulations of vertical, fully 
clamped underwater blast-loaded plates were carried out to 
generate the dataset for the data-driven approach. The vali‐
dation of the simulations against two experimental case 
scenarios are described in sections 2.1.1 and 2.1.2. Various 
loading conditions and plate characteristics were examined 
using coupled and uncoupled simulations. Specifically, two 
materials were considered (steel and aluminum), four types 
of explosions (with increasing severity), and seven differ‐
ent plate thicknesses, for a total of 56 combinations. The 
coupled method was utilized to consider FSI. A correspon‐
dent 2-step uncoupled simulation was performed for each 
coupled analysis without FSI effects. 2D schematic of cou‐
pled and uncoupled approaches are presented in Figure 1.

2) Dataset generation: a total of 56 coupled simula‐
tions and the corresponding 56 uncoupled simulations were 
performed using MSC Dytran software. All of them were 
post-processed in Paraview to extract the relevant data for 
the DNN. Data was meticulously extracted for both the fluid 
and the structural domains. The structural parameters con‐

Figure 1　Schematic representation of the CEL and UEL approach 
for a generic UNDEX event against a submarine
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sidered included the plate’s out-of-plane displacement, the 
initial mass-per-unit area, the equivalent plastic strain at 
the mid-surface of the plate, and the type of explosion. 
Additional parameters, such as structural out-of-plane 
velocity and the fluid overpressure, were also examined; 
however, none of these additional parameters contributed 
to improving the performance of the DNN, and they were 
ultimately excluded from the analysis.

3) Data-driven approach: a feed-forward DNN utiliz‐
ing a back-propagation algorithm was developed to predict 
the plate’s out-of-plane displacement field, considering FSI 
effects, based on the data extracted from uncoupled simu‐
lations. The DNN architecture was implemented using the 
PyTorch library in Python, ensuring flexibility and effi‐
ciency in the model design. Training, validation, and test‐
ing processes were conducted on the numerical dataset, 
following the methodology outlined below:

• Throughout training and validation, the DNN learnt 
how to correlate input parameters from uncoupled simula‐
tions to a displacement correction factor derived from the 
difference between the maximum out-of-plane displace‐
ment in uncoupled simulations and coupled simulations.

• After training, the DNN was tested against the unseen 
scenarios included in the testing split to verify its general‐
ization capabilities.

Each part of the present framework is described in detail 
in the following subsections.

2.1  Numerical simulations

2.1.1 Validation of the numerical framework against a 
submerged cylinder

The framework for numerical simulations was validated 
against the experimental case study (Kwon and Fox, 1993). 
Here, a cylindrical shell submerged at 3.66 m in a pool con‐
taining an explosive charge of HBX-1. The cylindrical struc‐
ture was 1.067 m long with an outer diameter of 305 mm. 
The wall thickness of the cylindrical part was 6.35 mm, 
while the endcaps were 25.40 mm thick. The cylinder was 
made of Aluminum T6061-T6, whose physical and material 
properties are shown in Table 1, the cylindrical shell pos‐
sesses a density of 2 784.50 kg/m³, an elastic modulus of 
75.60 GPa and a Poisson’s ratio of 0.33. It exhibits a yield 
stress of 300 MPa and a tensile strength of 330 MPa.

The charge considered in the experimental scenario was 
radio-controlled, was made of HBX-1 and had a mass of 
27.22 kg. The explosive material was placed 7.62 m far 
from the outer surface of the cylinder. The schematic repre‐
sentation of the scenario considered is shown in Figure 2.

Pressure sensors were installed at strategic locations to 
measure the peak pressure generated by the charge, the 
value of which was equal to 16.3 MPa with a standoff dis‐
tance of 7.62 m. The sensor network installed on the 
structure to measure strain was composed of 14 CEA-Od 
25OUW-350 strain gauges, which were bonded to the cyl‐
inder. Half the sensors measured the hoop strain, while the 
remaining half measured the axial strain.

MSC Dytran was used to generate the numerical model. 
The framework was made of two steps. First, a spherical 
1D simulation was performed with a fine mesh up to the 
time instant at which the blast wave had almost reached 
the structure (Figure 3(b)). This simulation only included 
the fluid domain. Then, the spherical 1D solution was 
mapped onto a coarser 3D fluid mesh, and the structural 
was embedded within the fluid domain (Figure 3(a)). The 
second step was conducted for a total time of 0.01 s (Keil, 
1961; Wang et al., 2022).

The cylinder was discretized into 2 400 Lagrangian quad‐
rilateral shell elements (CQUAD4) with a base size of 
15 mm, as shown in Figure 3(c). This value was chosen 
based on the mesh size used in other validation studies in 
the literature regarding the experiment under consideration 
(Wang et al., 2022). Plasticity was introduced using the 
Johnson-Cook law, with the parameters shown in Table 1 
(see Spear et al. (2021) for more details).

Thermal effects were neglected, as common practice 
when modeling explosive events. Furthermore, no failure 
model was implemented since no failure was observed in 
the experimental tests.

A Eulerian mesh with hexahedral elements with a base 
size of 8 mm is thus chosen for both the 1-D and 3-D fluid 
domains. This dimension was obtained through a mesh 
convergence analysis, reported in Figure 3(d), that ensured 
a good representation of the peak pressure with an afford‐
able calculation efficiency. The 1-D model (Figure 3(a)) is 

Figure 2　Schematic of the general arrangement of the experimental 
campaign considered for validation. A1, B1 and C1 are some of the 
measuring stations (Adapted from Wang et al. (2022))

Table 1　 Parameters of the Johnson-Cook model for aluminum 
T6061-T6

A (MPa)

300

B (MPa)

113.8

n (‒)

0.42

C (‒)

0.002

ε̇0 (‒)

1.00
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7 m long and contains both water and charge materials; the 
volume occupied by the charge is equal to the mass of the 
explosive being considered.

The 3-D model (Figure 3(b)), comprehends two distinct 
Euler domains to simulate the fluid both inside (air) and 
outside (water) the shell structure under investigation. The 
water 3-D domain consists of a box 2.5 m × 2.5 m × 2.5 m 
discretized by a hexahedral mesh. The air 3-D domain is 

generated with the same mesh typology.
The Jones-Wilkins-Lee (JWL) Equation of State (EOS) 

was adopted to describe the evolution of the charge explo‐
sion (Löhner et al., 2023; Shehu et al., 2023). This model 
can be expressed with the Eq. (1):

p = A ⋅ (1 − ω

( )R1 ⋅ V ) ⋅ e−R1∙V +

B ⋅ (1 − ω

( )R2 ⋅ V ) ⋅ e−R2 ⋅ V + ω ⋅ e/V

(1)

where p, V and e are the pressure, relative volume, and rel‐
ative internal energy of the detonation products respec‐
tively. A, B, R1, R2 and ω must be set depending on the 
considered charge (Shehu et al., 2023).

Instead, the polynomial equation of state (EOSPOL) was 
used for water (Eq. (2) and (3)). This state equation relates 
the pressure in the fluid to the acoustic condensation μ and 
the specific internal energy e. When μ > 0 (compression):

p = a1 ⋅ μ + a2 ⋅ μ2 + a3 ⋅ μ3 + (b0 + b1 ⋅ μ + b2 ⋅ μ2 ) ⋅ ρ0 ⋅ e

(2)

While for μ < 0 (tension):

p = a1 ⋅ μ + (b0 + b1 ⋅ μ) ⋅ ρ0 ⋅ e (3)

where p is the pressure, μ = η − 1, η = ρ/ρ0, ρ0 is the refer‐
ence density, ρ is the whole material density, a1, a2, a3, b0, 
b1 and b2 are eulerian fluid constants. Finally, e represents 
del specific internal energy per unit mass. The gamma law 
(EOSGAM) used for the air inside the cylinder was a 
gamma law gas model (Wang et al., 2016), as expressed 
by Eq. (4). In fact, the gamma law gas model describes the 
behavior of a gas under varying conditions based on the 
ideal gas law, where the specific heat ratio (γ) is assumed 
constant (Olmi and Nascimento, 1999).

p = (γ − 1) ⋅ ρ ⋅ e (4)

where ρ is the density, γ the heat capacity, and e the specif‐
ic internal energy.

All the properties of the fluid domain used in the numer‐
ical model are reported in Table 2.

Hydrostatic pressure was initialized by the HYDRSTAT 
entry, and the boundaries of the 1D and 3D models were 
assigned non-reflecting boundary conditions.

The results for the 1D and 3D models are reported in 
Figure 4 for two representative time instants. The experi‐
mental observations obtained by the strain gauges installed 
at position B1were considered for validating the numeri‐
cal model.

Figure 3　Features of the numerical validation model
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The numerical results are compared to the experimental 
data in Figure 5(a) and (b). Here, time 0 ms identifies the 
time at which the strain gauges start to measure non-null 
values. Also, Figure 5(c) presents the comparison of numeri‐
cal and experimental pressure-time curve, showing an accu‐
rate correspondence.

The two sets of curves regarding the strain trend exhib‐
ited an initial peak followed by a significant amplitude 
decline and several fluctuations. Overall, the numerical 
model was able to accurately match the experimental strain 
measurements.

Figure 4　Pressure field at different instants for the 1D and 3D 
models (in Pa)

Table 2　Material properties of the fluid domain for the numerical model for validation

Material

Water

Charge (HBX-1)

Air inside the cylinder

MSC Dytran model

Polynomial equation of state (EOSPOL)

JWL equation of state (EOSJWL)

Gamma law (EOSGAM)

Input parameters

ρ = 1 025 (kg/m3), K = 2.2⋅109 (Pa),
e = 83 950 (J/kg), a1 = 2.314⋅109 (Pa),

a2 = 6.561⋅109 (Pa), a3 = 1.126⋅109 (Pa),
b0 = 0.493 4 (‒), b1 =1.393 7 (‒), b2 = 0.00 (‒)

ρ = 1 720 (kg/m3), W = 27.00 (kg),
e = 5.60⋅106 (kJ/kg),  A = 5.32⋅1011 (‒),

B = 7.13⋅109 (‒), R1 = 4.15 (‒),
R2 = 0.95 (‒), ω = 0.3 (‒)

ρ = 1.225 (kg/m3), γ = 1.4 (‒),

e = 2.14⋅105 (J/kg), R = 287 ( )J
kg ⋅ K

Figure 5　Comparison of experimental and numerical observations
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2.1.2 Validation of the numerical framework against a 
horizontal plate

Additionally, a second experimental case from the litera‐
ture has been considered to further demonstrate the validity 
of the results obtained with MSC Dytran. In particular, the 
experimental investigation proposed by Ramajeyathilagam 
and Vendhan (2004) is considered where rectangular uns‐
tiffened steel plates with an exposed area of 0.30 × 0.25 m2 
were subjected to underwater shock. To avoid overburden‐
ing the discussion, only a comparison of the numerical and 
experimental results is presented in Figure 6, highlighting 
a good agreement. For further details on the experimental 
trial, refer to. The mesh size considered in the present 
model is 5 mm (Ramajeyathilagam and Vendhan, 2004).

2.1.3 Numerical simulations of the dataset
All numerical simulations in the dataset were based on 

the code MSC Dytran version 2023.3 in an explicit frame‐
work. MSC Dytran is an explicit finite element analysis 
(FEA) solution for the simulation of short-lived events, 
such as shocks and collisions, and for the analysis of the 
complex nonlinear behavior that structures undergo during 
these events. The accuracy of the results provided by the 
software in the case of underwater explosion scenarios 
was already proven in Section 2, where an experimental 
case of UNDEX against a cylinder was replicated numeri‐
cally. MSC Patran version 2023.3 was used to discretize 
geometries and generate meshes (both structural and Eule‐
rian). Vertical fully clamped metal plates, made by alumi‐
num and steel, were simulated against underwater explo‐

sion loadings according to the schematic representation 
presented in Figure 7. The plates considered are flat, focus‐
ing on the fundamental response mechanisms.

All squared plates have an exposed area of 500 mm × 
500 mm, with different thicknesses. The geometric center 
of the vertical plates has been fixed 2 meters below the 
free surface (dimension h in Figure 7).

Several UNDEX scenarios were simulated, based on dif‐
ferent masses of the TNT charge, materials and thick‐
nesses of the structure. Table 3 provides information about 
all numerical simulations performed, with a specific alpha‐
numeric code (each case involves the coupled analysis, and 
the correspondent 2-step uncoupled one). The location of 
the charge in all explosion scenarios was R equal to 0.5 m 
laterally with respect to the geometric center of the plates 
(Figure 7). The mass-per-unit areas ma (product between the 
density and thickness of the plate) and all the explosion 
load cases are reported in Table 4 and Table 5, respectively. 
Both steel and aluminum plates have been considered, since 
they are the most used in the naval sector (DNV, 2015). 
The physical properties of the two materials considered 
are shown in Table 6. Also in this case, JWL model is used 
to describe the evolution of the TNT charge explosion, with 
the parameters taken from (Shehu et al., 2023).

MSC Dytran offers two methods to simulate all the explo‐
sion scenarios. The first method, general coupling, can be 
applied to non-orthogonal Euler meshes but it is computa‐
tionally expensive. The second method, called fast cou‐
pling, requires the Euler mesh to be orthogonal and consid‐
erably faster. This makes the fast-coupling approach the 
most used method. An important concept within Dytran is 
the definition of the coupling surface when using approaches 
with a Eulerian and Lagrangian part (like in the present 
one). The coupling surface defines what part of the Euler 
domain is covered by the structure. Therefore, it must be a 
closed volume, to separate the fluid domain from the struc‐
ture domain. On many occasions, this requirement is satis‐

Figure 6　Features of the experimental plate and results

Figure 7　Scenario considered: relative position between structure 
and charge
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fied, but some issues emerge when the object of the inves‐
tigation is a plate modelled with shell elements. In this case, 
the meaning of the coupling surface must be changed. 
The coupling surface will no longer act as a container of 
fluid but will only act as a barrier to fluid flow. This new 
approach is called “auto-coupling”, and it’s activated by 
using PARAM and AUTOCOUP in the input file of the 
analysis settings. The latter represents the technology used 
in the present study since it’s the preferred choice for plate 
structures. The software uses a specific FSI algorithm to 
couple both Lagrangian and Eulerian domains.

The Lagrangian domain (structure) was described using 
shell 3 844 elements CQUAD4 with an average mesh of 
8 mm. These elements are quadrilateral shell elements with 
four grid points, using Key-Hoff formulation due to its great 
efficiency. Some tests were performed to choose the best 
formulation: although Belytschko-Tsay is the most effi‐

cient and should be used in most situations, the Key-Hoff 
one is more expensive, but performs better at large strains.

As in the validation paragraph, all materials considered 
are governed by the von Mises criterion, according to the 
Johnson-Cook plasticity model (Murugesan and Jung, 2019). 
Table 7 reports all the parameters considered for the two 
materials.

For a complete high-fidelity representation of the pro‐
gressive damage of the structure under the underwater blast 
event, structural damage behavior was considered, using 
the Johnson-Cook failure model, through a subroutine. It 
defines the properties of a failure model where failure is 
determined by a damage model. The damage model is 
given by the following Eq. (5):

Table 5　Features of the explosion scenarios considered

Case

1

2

3

4

Code

LC1

LC2

LC3

LC4

Charge

TNT

TNT

TNT

TNT

m (kg)

0.30

0.15

0.10

0.05

EOS

JWL

JWL

JWL

JWL

Rcharge (m)

0.035

0.028

0.025

0.020

R (m)

0.5

0.5

0.5

0.5

HSF (‒)

1.10

0.77

0.63

0.43

Table 3　Codes for all the cases considered in the dataset

Case

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

Code

AL1-T1-LC1

AL1-T1-LC2

AL1-T1-LC3

AL1-T1-LC4

AL1-T2-LC1

AL1-T2-LC2

AL1-T2-LC3

AL1-T2-LC4

AL1-T3-LC1

AL1-T3-LC2

AL1-T3-LC3

AL1-T3-LC4

AL1-T4-LC1

AL1-T4-LC2

AL1-T4-LC3

AL1-T4-LC4

AL1-T5-LC1

AL1-T5-LC2

AL1-T5-LC3

Case

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

Code

AL1-T5-LC4

AL1-T6-LC1

AL1-T6-LC2

AL1-T6-LC3

AL1-T6-LC4

AL1-T7-LC1

AL1-T7-LC2

AL1-T7-LC3

AL1-T7-LC4

ST1-T8-LC1

ST1-T8-LC2

ST1-T8-LC3

ST1-T8-LC4

ST1-T9-LC1

ST1-T9-LC2

ST1-T9-LC3

ST1-T9-LC4

ST1-T10-LC1

ST1-T10-LC2

Case

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

Code

ST1-T10-LC3

ST1-T10-LC4

ST1-T11-LC1

ST1-T11-LC2

ST1-T11-LC3

ST1-T11-LC4

ST1-T12-LC1

ST1-T12-LC2

ST1-T12-LC3

ST1-T12-LC4

ST1-T13-LC1

ST1-T13-LC2

ST1-T13-LC3

ST1-T13-LC4

ST1-T14-LC1

ST1-T14-LC2

ST1-T14-LC3

ST1-T14-LC4

Table 4　Mass-per-unit-area ma of all the plates in the dataset

Thickness code

T1

T2

T3

T4

T5

T6

T7

T8

T9

T10

T11

T12

T13

T14

ρ (kg/m3)

2 700

2 700

2 700

2 700

2 700

2 700

2 700

7 850

7 850

7 850

7 850

7 850

7 850

7 850

s (m)

0.008

0.012

0.016

0.020

0.024

0.028

0.032

0.008

0.012

0.016

0.020

0.024

0.028

0.032

ma (kg/m2)

21.6

32.4

43.2

54.0

64.8

75.6

86.4

62.8

94.2

125.6

157.0

188.4

219.8

251.2

Table 7　Material parameters of the plate materials used in the numerical simulations

Alloy

6061-T6

AISI-316L

Code

AL1

ST1

A (MPa)

270.0

490.0

B (MPa)

154.30

600.00

n (‒)

0.221

0.210

C (‒)

0.130

0.015

ε̇0 (‒)

1.0

1.0

m (‒)

1.34

0.60

Ref.

Venkatesan et al., 2017

Elkaseer et al., 2019

Table 6　Physical constants of the plate materials used in the numerical simulations

Material

Steel alloy (ST)

Aluminum alloy (AL)

E (GPa)

210.0

70.0

ν (‒)

0.33

0.30

ρ (kg/m3)

7 850

2 700

cp (J/kgK)

452

910

χ (‒)

0.9

0.9

Tr (K)

293

293

Tm (K)

1 800

893
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εfrac = [ D1 + D2 ⋅ eD3 ⋅ σ* ] ⋅ é
ë

ê
êê
ê
ê
ê
1 + D4 ⋅ ln ( ε̇pl

ε̇0
pl )ùûúúúúúú ⋅

é

ë
êêêê1 + D5 ⋅ T − Troom

Tmelt − Troom

ù

û
úúúú　　σ* =

p
q̄

(5)

where εfrac is the equivalent strain to fracture under the 
present conditions of stress, strain rate and temperature, 
D1 − D5 are failure parameters, p is the mean (or hydro‐
static) stress, q is the von Mises stress, ε̇0

pl is the reference 
strain rate, ε̇pl

e  is the plastic strain rate, T is the current anal‐
ysis temperature, Troom is the reference temperature and 
finally Tmelt is the melting temperature. In this study, the 
effect of temperature on structure response was suppressed 
(by setting D5 = 0) is a typical assumption (Ding and Buijk, 
2006; Shehu et al., 2023).

The damage of an element D is defined based on a cumu‐
lative damage law, and it can be represented in a linear 
way as shown in Eq. (6) (Murugesan and Jung, 2019):

D =∑
time

∆εp

εfrac

(6)

where ∆εp is the equivalent plastic strain increment. The 
summation is performed over all past time increments. 
The damage of an element is defined based on a cumula‐
tive damage law, and it can be represented linearly with 
Eq. (7):

σD = σeq ⋅ (1 − D) (7)

where σD is the damaged stress state and D is the damage 
parameter, the latter varying between 0 and 1. Furthermore, 

the equivalent stress σeq can be obtained from undam‐
aged material, considering the plastic’s behavior until the 
necking formation (Murugesan and Jung, 2019). The val‐
ues of the parameters of Johnson–Cook damage model for 
the materials used are reported in Table 8.

The fluid domain (only water, since air is not considered 
for simplicity) underwent discretization employing cell-cen‐
tred finite volumes (CCFV), which are advantageous for 
forecasting discontinuities arising from the shock wave. 
This aligns with the Eulerian formulation, wherein the 
mesh remained stationary while the fluid traversed. A suffi‐
ciently large, fixed box defines the domain’s boundary 
using the MESH, BOX option. The fluid mesh used for this 
domain consists of elements with the dimensions 2.0 m × 
2.0 m × 2.0 m. This fluid water block was meshed with 
approximately 200 × 200 × 200 hexahedron elements for 
each side. This mesh dimension ensures a good accuracy of 
the peak pressure generated by the explosion scenario (Cole, 
1948), as already mentioned in section 2.1.1. The numeri‐
cal model described above is shown in Figure 8, with a 
clear indication of the Lagrangian mesh, with its center of 
gravity located exactly in the middle of the fluid domain.

A resume of all material properties used in the present 
simulations, with the related model used in MSC Dytran, 
is reported in Table 9.

As already discussed, hydrostatic pressure significantly 
impacts the bubble pulse, although it is negligible com‐
pared to the immense pressure of the shock wave. There‐
fore, hydrostatic pressure must be accounted for in numeri‐
cal simulations to represent the structural response better. 
All boundary conditions for the outer mesh of the 3-D 
model were given a flow non-reflecting boundary. The 
non-reflecting boundary condition should effectively 

Figure 8　Features of the numerical model implemented in MSC Dytran

Table 8　Identification of the parameters of the steel and aluminum used within the Johnson-Cook failure model

Mat.

Steel

Alum.

D1 (MPa)

0.025

0.096

D2 (MPa)

16.930

0.049

D3 (‒)

−14.80

−3.46

D4 (‒)

0.021 4

0.016 0

D5 (‒)

0

0

ε̇0
pl (‒)

1.0

1.0

Ref.

Murugesan and Jung, 2019

Flores-Johnson et al., 2014
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absorb the outward pressure wave to avoid spurious reflec‐
tion [54].

In Table 5, as already mentioned, R represents the stand‐
off distance between the center of mass of the charge and 
the center of the charge plate and HSF the Hull Shock fac‐
tor is a typical index of explosion severity about damage 
to hull structures (external planking) (Ming et al., 2016). 
To calculate this value, Eq. (8) is commonly employed 
(Lee et al., 2008):

HSF =
WTNT

R
(8)

where WTNT is the TNT equivalent weight of the charge in 
kg and R was already defined above. This is not the only 
way to define the severity of the shock, but for the simple 
plate under investigation it’s sufficient. The total time for 
all analyses is set to 0.002 seconds, based on the time where 
the plates show the maximum deformations, and it took 
about 30 hours to finish one case coupled case. This num‐
ber of hours indeed proves the great limitation of coupled 
techniques, although we are dealing with a simple plate.

All the previous information is specifically for coupled 
simulations, so with FSI effects. A total of 56 coupled sce‐
narios have been considered. The same quantities of numeri‐
cal simulations have been conducted in an uncoupled frame‐
work, through the application of a 2-step procedure as fol‐
lows (see more details in Hinton et al. (2006)):

• Numerical simulations like the one presented so far, 
but with the structure rigid, so not deformable and without 
any motions (MATRIG entry in MDC Dytran). Starting 
from the results obtained on the rigid structure, the pressure 
over time for all mesh elements is extracted and stored.

• The pressure extracted in the first step is applied to 
each element of the mesh element, with the same bound‐
ary conditions as described above (fully clamps applied 
to all boundary edges of the plates) and without the pres‐
ence of the fluid domain, so in a pure Lagrangian transient 
analysis.

In the present case, the first step of the uncoupled 
approach is consistently much faster (a quarter of time) 
than the coupled analysis since the structure is rigid and no 
FSI algorithm should be applied. Here, the pressure to be 
applied on the plate for the second step is calculated 
through a numerical simulation, but analytical formulation 
or experimental data could be used for enhancing the time’s 
performance of the proposed method. The time required 

for the second step of the uncoupled framework is approxi‐
mately a few seconds. The previous time calculation was 
performed by averaging the times obtained from the analy‐
ses conducted on the dataset.

The difference between coupled and uncoupled results, 
for what concerns the pressure field distribution in the flu‐
id domain and full field of displacement at the instant of 
maximum deformed configuration (case AL1-T1-LC1 of 
Table 3), is presented in Figures 9 and 10, respectively. 
Figure 9 presents a vertical central cut in the Eulerian 
domain, to visualize better the results. All the results of the 
other analysis within the dataset are not reported, for sim‐
plicity of exposition, but they all have qualitatively similar 
patterns. Referring for simplicity to the maximum displace‐
ments accrued by the plate (Figure 10), it can be observed 
that the results of the uncoupled case (Figure 10(b) and (d)) 
are much more severe than the corresponding coupled case 
(Figure 10(a) and (c)). The same behavior is observed in 
all analyses, i.e. that FSI reduces the effects in terms of dis‐
placement in the case of underwater explosions. The same 
effect, but much less pronounced, was shown in (Giuliano 
et al., 2023; Lomazzi et al., 2024) in the case of air blast 
plates. Finally, as expected, the maximum deformations of 
the plates, for the coupled and uncoupled case, occur at 
different time instants.

2.2  Dataset generation

The numerical simulations were post-processed using 
Paraview scripts to extract the data required for the DNN. 
Post-processing operations involved extracting the follow‐
ing quantities for each simulation:

- Out-of-plane displacement time history d (t ) for each 
finite element of the vertical plate;

- Equivalent plastic strain time history εpl(t ) of the mid-

surface of each element;
- Initial mass-per-unit-area ma values were calculated 

according to the following equation:

ma = ρ ⋅ s (9)

where ρ is the material density and s is the plate thickness. 
All the initial ma values have already been presented in 
Table 4 and they are considered for simplicity constant 
during each analysis. Type of explosive scenario, accord‐
ing to the four categories presented in Table 5.

Table 9　Resume of the eulerian material properties (water and charge) for all the simulation in the dataset

Material

Water

Charge (TNT)

MSC Dytran model

Polynomial equation of state (EOSPOL)

JWL equation of state (EOSJWL)

Input parameters

Same as Table 2

ρ = 1 630 (kg/m3), γ = 1.4 (‒), W = See Table 5,
e = 4.76⋅106 (kJ/kg),  A = 3.7⋅1011 (‒),

B = 2.23⋅109 (‒), R1 = 4.15 (‒),
R2 = 0.95 (‒), ω = 0.3 (‒)
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Figure 9　Pressure field at different instants for the 3-D model (in Pa) for a representative coupled and uncoupled cases
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The previous time histories (d(t) and εpl(t)) were further 
processed to distil the minimal amount of relevant infor‐
mation. For each plate, the displacement-time history of 
each element of the mesh was reduced to a single value, 
d p, extracted at the time instant td when the plate center 
experienced maximum displacement. At the same time 
instant td was also used to extract the equivalent plastic 
strain of the mid-surface of each element.

The choice of extracting εpl(t ) was guided by the great 

difference in the displacement fields between coupled and 
uncoupled cases. In fact, uncoupled simulations mature 
much greater out-of-plane deformations than the coupled 
counterpart, making it probable that areas enter in the plas‐
tic field.

Velocity and pressure time histories were also extracted, 
as suggested by Lomazzi et al. (2024) and reduced to sin‐
gle-valued indicators. These indicators were identified as 
the maximum velocity over time v  p of each plate element, 
and the peak overpressure p p exerted on it (Figure 11). 
Unlike the case of displacement, the maximum pressure 
and velocity peaks are recorded at different instants, due to 
the spherical propagation of the primary shock. The DNNs 
trained considering velocity and pressure also did not show 
significantly improved performance. Hence, such informa‐
tion was considered not relevant to UNDEX and was dis‐

carded from the dataset.
Representative extracted features are shown in Figure 11 

in reference to simulation AL1-T1-LC1 (Table 3). Despite 
the cases examined being classified as underwater contact 
explosions, the influence of the gas bubble can be consid‐
ered negligible, as it does not alter the features extracted 
from the numerical simulations. This is clear if observing 
the last plot within Figure 11, where the instant of contact 
between the bubble and the plates is highlighted. Also, it 
has been demonstrated through Cole’s formulation that the 
gas bubbles don’t pulse, since they reach the free surface 
before the first cycle of pulsation.

Each scenario was represented by 6 features, in particu‐
lar, some vectors, including of d p

U, d p
C, εp

pl, U and εp
pl, C, then 

the type of explosion as a categorical feature, and finally 
the value of ma. The input vectors d p

U, d p
C, εp

pl, U and εp
pl, C con‐

tain in each position the respective value for a specific 
mesh element. To improve the effectiveness of the machine 
learning model, the explosion type was considered as cate‐
gorical input feature, through the application of embed‐
ding technique. A total number of four explosion types 
have been considered and described in Table 5. Embed‐
ding works in three phases: i) initialization, where embed‐
ding vectors are initially randomly assigned, ii) training, dur‐
ing which embedding vectors are updated, along with the 

Figure 10　Displacement distribution contour (in m) for different views
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model weights to minimize a loss function, and iii) usage, 
which consists of using the embedding vectors as inputs. 
Embedding was employed due to its numerous advantages, 
among which the possibility of capturing semantic rela‐
tionships between categories is worth mentioning (Kumar 
et al., 2023).

Data augmentation was used to increase the amount of 
data available for training, without collecting new data 
(Mumuni and Mumuni, 2022). During such a process, new 
training examples were generated, and the essential charac‐

teristics of the original data were retained. Specifically, the 
strain and displacement fields provided by the numerical 
simulations were rotated by three different angles. Further‐
more, each field was flipped with respect to the vertical 
z-axis shown in Figure 11. Data augmentation allowed 
increasing the dataset size from 56 scenarios to 448 scenar‐
ios. This number of samples was determined through an 
initial analysis, which indicated that this number was suffi‐
cient to achieve stable and accurate results for the specific 
problem addressed.

Figure 11　Illustration of the post-processing procedure made by ParaView for the AL1-T1-LC1 scenario (coupled), applied to a generic mesh 
element (the central one of the plates). Out-of-plane velocity and overpressure have not been considered as input to the DNN
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The training data of all 448 cases were randomly divided 
into three groups: 70% for training (304 samples), 20% for 
validation (76 samples) and 15% for testing (14 samples), 
as commonly done in neural network applications (Zhou, 
2021). Furthermore, input and output data were normal‐
ized in the same way prescribed in (Lomazzi et al., 2024).

2.3  Data-driven approach

Neural networks (NNs) are models commonly employed 
to approximate linear and/or non-linear functions of the 
form y = f ( x ) between input ( )x  and output ( )y  vectors. 
NNs consist of interconnected units known as neurons (or 
nodes), organized into multiple layers: an input layer, one 
or more hidden layers and an output layer. NNs that con‐
tain more than one hidden layer are referred to as DNNs. 
This machine learning technique is inspired by the learn‐
ing mechanisms of the human brain, advanced by Hinton 
et al. (2006).

Typically, neurons in consecutive layers are fully con‐
nected, meaning that each node in a layer is linked to all 
the nodes in the subsequent layer.

The i-th component xi of the input vector ( )x  is assigned 
to the i-th neuron within the input layer, which transfers 
information to neuron j in the subsequent layer through a 
weighted connection characterized by weight wij. The infor‐
mation obtained by the j-th node is then aggregated and 
updated according to the following Eq. (11) (Zhou, 2021):

zj = g (∑i = 1

Nj ( )wij ⋅ xi + bj ) (10)

where zj is the output of the j-th node, g ( )⋅  is a typically 
non-linear activation function, Nj represents the number of 
nodes from which the j-th node receives information, and 
bj is a bias parameter. This message passing and aggrega‐
tion process recurs layer-by-layer until the output layer, 
where the value of the k-th node corresponds to the k-th 
component ( )ŷk  of the estimated output vector ( )ŷ . Weights 

wij and biases bj are trainable parameters of the NN and 
are optimized during training through error back-propaga‐
tion algorithms with gradient descent, aimed at minimiz‐
ing the discrepancy between the expected output ( )y  and 

the predicted output ( )ŷ .
The training set is used to make the NN learn the rela‐

tionship between inputs and outputs, the validation set 
serves as a tool to indicate underfitting or overfitting, 
while the testing set is used after training for evaluating 
the NN generalization capabilities on unseen data. Across 
epochs, a user-defined error metric comparing predicted 
and expected outputs guides the iterative update of train‐
able parameters using gradient descent, culminating in 
achieving satisfactory reconstruction error (Zhou, 2021).

Various DNNs architectures were explored in this work. 

However, in the interest of brevity, only the best perform‐
ing configuration is presented below. The schematic dia‐
gram of the DNN implemented in the present work is 
shown in Figure 12.

In this work, input data consisted of two vectors (d p
U and 

εp
pl, U), a single value correspondent to the initial ma and 

finally an embedding layer for the explosion type. All the 
input data are then passed through the hidden layers, char‐
acterized by the following configuration. Each input is con‐
nected to different fully connected layers, with appropriate 
dimensions. The previous four dense layers are then con‐
catenated and passed to a dropout layer, which helps pre‐
vent overfitting by randomly deactivating some nodes dur‐
ing training. The information is then passed to the output 
layer, which outputs the prediction of the plate displace‐
ment accounting for FSI. A total of six hidden layers were 
used, each one containing 400 neurons, motivated by the 
need to capture the complexity of non-linear relationships 
in the data.

Among the several activation functions that were tested 
during training, i.e., rectified linear unit (ReLU), sigmoid, 
softmax, and tanh, the ReLU activation function provided 
the best performance. Thus, in this work, all the nodes in 
the hidden layers employed the ReLU activation function, 
while the output nodes produced the result through a linear 
activation function.

Training was performed by employing the Adam opti‐
mizer using a batch size equal to 32, learning rate = 1 × 10−5, 
β1 = 0.9, β2 = 0.999 and ϵ = 1 × 10−7. The mean squared 
error (MSE) loss function was employed. Metrics were 
tracked during the training process, with an early stop‐
ping criterion set to trigger if the validation loss did not 
decrease for 100 consecutive epochs. Training was termi‐
nated either according to the early stopping criterion and 
in particular the model weights were reverted to those 
from the epoch that had the best validation loss within the 
last 100 epochs.

3  Results and discussion

The performance of the DNN over the training and test 
sets is shown in Figures 13 and 14, respectively. For the 
training set, two representative cases are shown, while for 
the test set, eight cases are displayed. In the interest of clar‐
ity, Figures 13 and 15 show the out-of-plane displacement 
over the plate’s horizontal cross-section. The results brought 
evidence that the network successfully learnt to compute 
the displacement accounting for FSI starting from the re‐
sults of uncoupled simulations. The training and validation 
MSE loss functions over the epochs are shown in Figure 14. 
The mean squared error computed over the test data was 
2 × 10−3, before denormalization.

All the predictions were smoothed out using a Savitzky-
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Golay filter (Luo et al., 2005), which works by fitting suc‐
cessive subsets of adjacent data points with a low-degree 
polynomial using linear least squares.

Additionally, to investigate the DNN capability of deal‐
ing with new mass-per-unit-area values, the DNN was 
trained on a reduced dataset including mass-per-unit-area 
values in the range [21.6 ÷ 54.0] and [125.6 ÷ 219.8]. The 
network was then tested against new scenarios character‐
ized by:

- Aluminum plate −LC1−s=26(mm )−ma =70.2(kg/m2 );

- Aluminum plate −LC2−s=35(mm )−ma =94.5(kg/m2 );

- Steel plate −LC1− s = 30 (mm )−ma = 235.5(kg/m2 ).

This choice was based on the findings reported by 
Lomazzi et al. (2024), where ma was identified as the driv‐
ing parameter of FSI for blast-loaded plates in air.

The results are shown in Figure 16. The DNN showed 
extremely satisfactory generalization performance on 

Figure 12　Schematic diagram of the DNN model of the present framework

Figure 13　Example of the DNN’s predictions for two representative cases of the training set
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Figure 14　Prediction of the out-of-plane displacement over the horizontal cross-section in some representative test scenarios
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unseen mass-per-unit-area values, for both aluminum and 
steel plates.

Neural networks are highly sensitive to the choice of train‐
ing, validation, and test splits, especially for very small 
datasets, where the risk of overfitting or underfitting due to 
improper data partitioning is significantly higher (Nguyen 
et al., 2019). Based on that, additional investigations were 
performed by the authors to demonstrate the independence 
of the results with respect to random splits of the dataset.

4  Conclusion and future work

This work introduces a data driven-based framework that 
can exploit the extreme speed of numerical simulations of 
UNDEX with a decoupled (or uncoupled) strategy preserv‐
ing the accuracy of coupled approaches.

Uncoupled simulations, despite their great advantage 
related to the limited computational cost, are not able to 
consider the fluid-structure interaction (FSI), a non-negli‐
gible aspect in cases of explosion in an underwater environ‐
ment. To overcome this, the framework calls on a machine 
learning strategy, i.e., a feed-forward Deep Neural Network 
(DNN), to learn the difference in terms of displacement 
field between coupled and uncoupled numerical simula‐
tions. After the training and validation phase, the neural 
network can take the results obtained from a decoupled 
analysis as input and return the displacement field that 
would have been obtained through a coupled analysis, 
avoiding making it run.

In particular, the DNN algorithm was employed to pre‐
dict the maximum out-of-plane displacement contour field 
of submerged plates exposed to UNDEX, considering vari‐
ous charge masses, materials of the plate and thicknesses, 
starting from some features extracted from the results of 
uncoupled simulations. The authors verified that these 
valuable features are the out-of-plane displacement of the 
mesh element at the instant of maximum deformation, the 
equivalent plastic strain at the plate mid-surface at the 
same instant, the type of explosion and the initial mass-per-
unit area of the plate.

The choice of submerged plates is due to their ability to 
serve as simplified models for critical structural components 
of ships, such as hulls, bulkheads, and decks. This simplifi‐
cation allows for a focused investigation of the effects of 
underwater explosions while maintaining relevance to real-
world naval and marine engineering applications.

The DNN model was trained using data obtained from a 
comprehensive finite element (FE) model developed with 
MSC Dytran software. A total of 112 numerical simula‐
tions have been generated, consisting of 56 coupled simu‐
lations and their 56 decoupled counterparts. The problem 
of scarcity of numerical data available for training has been 
addressed by introducing augmentation processes, while 
the issue related to the presence of a categorical explosion 
type input variable was resolved by applying an embedding 
strategy.

Figure 15　 Mean Squared Error registered during training and 
validation phases

Figure 16　 Predictions of the out-of-plane displacement over the 
horizontal cross-section in new unseen cases
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The prediction of the maximum out-of-plane displace‐
ment field for all cases is in perfect agreement with the 
numerical (coupled) one, the latter considered with high 
accuracy after some experimental validations presented in 
the first part of the paper. Also, it’s possible to highlight 
that since the difference between coupled and uncoupled 
simulations is the FSI effect, the good prediction of the 
deep neural network reflects an excellent ability to predict 
FSI, a non-trivial quantity in UNDEX, since it involves 
physical phenomena that are difficult to describe (e.g., cav‐
itation, reflection phenomena, absorption, etc.).

The results of the coupled and uncoupled analyses high‐
light that, unlike what is observed for blast-loaded plates 
in air, the FSI in UNDEX scenario is significantly more 
intense. In fact, the uncoupled results, in terms of displace‐
ment field, are up to 300% greater than the coupled ones. 
As shown for plates subjected to air blasts, in this case as 
well, the FSI tends to reduce the structural effects (dis‐
placement field).

Overall, the advancement made in this study lies in the 
proposal of a tool that leverages the low computational 
cost of uncoupled numerical analyses to achieve accurate 
results. This approach extends the framework previously 
proposed by the same authors, which was initially applied 
only to air blast scenarios against plates, to now include 
UNDEX and marine structures.

However, the proposed framework has some limitations 
that should be acknowledged. First, the accuracy of the 
DNN heavily depends on the quality and representative‐
ness of the numerical simulations used for training, which 
may limit its generalization to scenarios outside the train‐
ing dataset. Second, the study simplifies the structural rep‐
resentation by focusing on flat plates, while real naval 
structures often involve stiffened panels and more com‐
plex geometries. Third, although experimental validations 
of the coupled analyses are presented, further experimental 
studies would be beneficial to confirm the framework’s 
applicability to various conditions, including damage or 
failure scenarios.

Further developments of the present framework include 
the following aspects:

• Given that the internal behavior of the present DNN is 
not directly accessible without an explainability algorithm, 
an explainability code should be implemented in the future 
to elucidate the network and highlight the parameters that 
influence the DNN prediction process.

• Another improvement for the current framework 
involves applying it to scenarios where the structure exhib‐
its damage or failure. In such cases, it would be necessary 
to increase the number of input parameters and account for 
a variable mass-per-unit area.

• The framework should be extended to submerged stiff‐
ened panels, since they are indeed commonly used in naval 
structures. Also, more complex floating structures and 

scenarios may be considered, such as the response of a 
hull plate in contact with water on one side and air on the 
other side.

Overall, it is found that the DNN has the great advan‐
tage of being accurate and rapid when predicting the maxi‐
mum out-of-plane displacement of marine structures sub‐
jected to non-contact and contact UNDEX, starting from 
uncoupled results, considering the extremely complex 
fluid-structure coupling UNDEX effects, geometric and 
material nonlinearities.
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