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Abstract: This study focuses on the development of a machine learning (ML) model to
elaborate on predictions of structural damage in submerged structures due to ocean states
and subsequently compares it to a real-life case of a 6-month experiment with a benthic
lander bearing a multitude of sensors. The ML model uses wave parameters such as
height, period and direction as input layers, which describe the ocean conditions, and
strains in selected points of the lander structure as output layers. To streamline the dataset
generation, a simplified approach was adopted, integrating analytical formulations based
on Morison equations and numerical simulations through the Finite Element Method (FEM)
of the designed lander. Subsequent validation involved Fluid-Structure Interaction (FSI)
simulations, using a 2D Computational Fluid Dynamics (CFD)-based numerical wave
tank of the entire ocean depth to access velocity profiles, and a restricted 3D CFD model
incorporating the lander structure. A case study was conducted to empirically validate the
simulated ML model, with the design and deployment of a benthic lander at 30 m depth.
The lander was monitored using electrical and optical strain gauges. The strains measured
during the testing period will provide empirical validation and may be used for extensive
training of a more reliable model.

Keywords: fluid-structure interaction; benthic lander; structural health monitoring;
machine learning models

1. Introduction

Offshore structures play an important role in exploring and producing valuable energy
resources from marine environments. The reliability and safety of these structures are of ut-
most importance and rely on the accurate prediction and assessment of potential structural
damage due to ocean conditions. To address these challenges, Structural Health Monitoring
(SHM) has emerged as a growing priority, combining sensor networks, advanced engineer-
ing materials, and computational knowledge systems, enabling engineers to evaluate the
condition and performance of structures over time or estimate their remaining in-service
life [1].

However, deploying sensor systems in submerged environments presents significant
challenges related to durability, accessibility, and data reliability. The harsh underwater
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conditions can lead to issues such as corrosion, biofouling, and physical damage to sensors,
compromising their longevity and performance. Additionally, the underwater environment
poses obstacles to reliable data transmission, further complicating effective monitoring [2].

To overcome these physical limitations, virtual sensors have emerged as a transfor-
mative approach. These computational models leverage real-time data from a limited
number of physical sensors, numerical simulation and machine learning techniques, to
infer structural responses and conditions in areas where direct measurements are imprac-
tical or impossible. These tools enable comprehensive monitoring of critical regions of a
structure while reducing the dependence on extensive physical sensor networks [3,4].

To support SHM efforts, empirical and numerical models have been used in coastal
engineering, including sea level rise, hydrodynamics, and wave propagation [5]. These
models incorporate complex, time-dependent interactions like wave-current and wave-
structure dynamics, making them essential for generating data to develop SHM models.
However, their computational intensity and inherent simplifications often limit their ap-
plication for real-time monitoring. Recent advancements in machine learning (ML) are
opening new developments in SHM applications to overcome these limitations, enabling
more effective predictive maintenance and real-time damage detection. Although the
amount of available data is increasing, the lack of sufficient and high-quality data is still
a challenge, impacting the effectiveness and reliability of SHM systems. For instance, a
recent study has applied deep learning techniques, such as a BRANN-based deterministic
model for fragility assessment of deepwater drilling risers under storm conditions [6].

The SHM process consists of four key stages: load events sensing and determination
of whether damage was imparted to the structure, identification of the precise loading
location, evaluation of the extent and severity of the damage and, finally, prediction of the
remaining life of the structure, taking the evaluated damage into account. This methodology
is particularly useful for high-profile mechanical systems such as marine structures where
performance is critical and on-site damage detection is challenging or even impossible [7].

To address these challenges and bridge the research gap in SHM for submerged
structures and real-time monitoring, this study presents a methodology for predicting
structural damage caused by ocean waves and currents. By combining wave parameters
collected from an oceanic buoy with structural responses, the approach employs an ML
model to deliver timely and reliable damage assessments. Acting as a virtual sensor, this
model offers a new tool to improve real-time SHM in submerged environments.

This research is part of the Marewind Project, which aims to advance innovative
solutions for offshore structures. Within this framework, and to address the challenges
previously mentioned, a benthic lander was designed and manufactured to achieve three
distinct objectives. The first two are related to testing materials: testing of antifouling
coatings and testing new formulations for a concrete ballast system. The last goal, and
the one that this paper is focused on, is the development of ML algorithms for predicting
structural damage in submerged structures due to the inherent effects of ocean waves and
currents. The data to train the Machine Learning models were initially generated using
analytical and numerical methods. This process utilised historical data from a metocean
buoy, provided by the Hydrographic Institute of Portugal, to model various sea states,
characterised by wave parameters such as wave height, wave period and wave direction.

The subsequent sections detail the design of the benthic lander, the experimental
apparatus and the methods developed to generate the data for training the machine
learning models. A flowchart of the methodology is shown in Figure 1.
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Figure 1. Schematic representation of the workflow.

2. Benthic Lander Design and Experimental Apparatus

The case study’s test site is located near the Portuguese coastline, near Sines. A
dataset with historical data from an oceanic buoy that is operating near the test site was
acquired. This dataset comprises data about the ocean state, such as wave height and
wave period, containing data from January 2017 to February 2024, with approximately
82,000 sea state measurements. This oceanic buoy is part of the Portugal Hydrographic
Institute oceanic buoys network operating all over the Portuguese coastline. The historical
dataset was analysed using wave theories such as the Airy Wave theory and the Stokes
Wave theory [8]. The analysis supported the definition of the most critical scenario the
lander could encounter, and generation of data for the machine learning models.
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The selection of which wave theory to use was made according to the Le Méhauté
diagram [9], which indicates the region of validity of different wave theories for various

water depths and wave parameters.

The lander was deployed in the location illustrated in Figure 2. Simultaneously, a
spotter buoy was anchored to the seabed at the same location. The spotter buoy measured
the ocean states during the 6-month experiment, providing more accurate data regarding
ocean conditions, and thus improving the reliability of the ML model.

Figure 2. Lander deployment location. Adapted with permission from Ref. [10]. 2024, OpenStreetMap.

The lander is a welded structure of structural steel S275]JR (EN 1.0044) treated with hot-
dip galvanisation with a total mass of approximately 500 kg. The structure is tripod-shaped
and was designed to be deployed into the benthic zone of the seabed at a 30 m depth. This
design allows the assembly of steel plates on each leg, which increases the total weight of
the structure, and the assembly of the electronic equipment in a central container. The lower
centre of gravity and the high mass ensure the structure remains upright in challenging
underwater conditions, including extreme currents and waves, allowing excellent stability
on the ocean floor. The structure predominantly consists of circular tube profiles, except for
the plates where the strain gauges are located.

The lander is monitored using two independent systems: a primary system compris-
ing optical strain gauges, Fiber Bragg Grating (FBG) sensors and a secondary system of
conventional electrical strain gauges. These sensors were mounted on four specific plates at
the centre of the structure. Figure 3 shows the assembly process of the strain gauge sensors
as well as the final structure.

Figure 3. Final structure. (a) Overall lander structure; (b) specific plates mounted on the structure
where strain gauges are mounted; (c) primary system—optical strain gauges’ assembly; (d) secondary
system—electrical strain gauges’ assembly.
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Two critical scenarios were identified to guarantee the success of the experiment. The
first scenario addressed the stages of deploying the structure in the ocean and retrieving
it. In this phase, the primary considerations were the total weight of the structure along
with any mounted equipment, which together pose the most significant challenge for
the deployment operation. The second scenario focused on the impact of ocean currents
and waves on the structure, due to the pressures exerted by different sea states. For each
scenario, a Finite Element Model (FEM) of the lander was developed.

While the load calculation was straightforward in the first scenario, the second scenario
required a more detailed analysis with the calculation of the loads for each individual
component. Figure 4 illustrates the adopted sub-division.

Figure 4. Division of lander structure into subsections for load calculation.

As a widely used method for wave loading prediction, Morison’s Equation was
employed to calculate the loads suffered by each component of the lander. It comprises
two main components: the inertial force (Fy), and the drag force (Fp) [11].

F=Fp+F, 1)

F = 0.50Cp|v|[vAp + CypVyelV, @)

where p is the density, v is the fluid velocity, A;, is the projected area of the structure
perpendicular to the flow and V,, is the displaced volume.

The values of the drag (Cp) and inertia (Cyy) coefficients are typically determined
experimentally, being a function of the Reynolds number (Re), the Keulegan—Carpenter
number (KC) and the roughness (Ar). The recommended practical coefficient values for the
coefficients were assumed considering each part’s geometry and its Reynolds number [12].

The critical ocean condition identified on the historical dataset is outlined in Table 1.
However, to ensure the structural integrity of the entire experimental test, a safe approach
was adopted, and a 5 m/s velocity magnitude was considered for the numerical simulation.

Table 1. Wave parameters for the selected ocean state.

Wave Period Wave Height Wavelength Depth
9.39s 6.73 m 105 m 30m

Results and Discussion

Figure 5 shows the results obtained in the numerical simulation, validating the struc-
ture design.
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von Mises stress, in MPa
87.93
80.61
73.28
65.95
58.62
51.29
43.97
36.64
29.31
21.98
14.66
73.28
00.00

von Mises stress, in MPa
164.2
150.5
136.8
123.2
109.5
95.78
82.10
68.42
54.73

(a) (b)

Figure 5. FEA results; (a) first scenario: structure hanging—max von Mises stress 88 MPa located
on the leg base of the lander; (b) second scenario: structure deployment—max von Mises stress of
164 MPa located on the round tube at the centre of the lander.

The analysis showed that the highest calculated von Mises stress is located at the base
of the structure and the tube in the centre, for the first and second scenarios, respectively.
These results were compared with the material properties (yield stress of 275 MPa) to
ensure that the lander can withstand the demands in each scenario.

3. FSI Methodology

Physical modelling of a structure subjected to hydrodynamic loads is usually per-
formed via a two-stage procedure: a CFD simulation followed by an FEM analysis.

The approach for Fluid—-Structure Interaction (FSI) simulations combines the Finite
Volume Method (FVM) with the volume of fluid (VOF) method to create the CFD models.
For these analyses, the commercial software Ansys Fluent was used. In the CFD models,
pressure fields on the lander structure were calculated and then applied to a Finite Element
Method (FEM) model to assess structural responses to hydrodynamic wave loads. For the
FEM analysis, the commercial software Ansys Mechanical was used.

Considering the extension of the problem, the main challenge in designing the CFD
numerical model was to create an accurate simulation with reduced computational cost.
To meet these goals, the CFD model was split into two parts. This method lowered the
computing effort needed, avoiding an entire ocean-depth 3D CFD model of the test site.

The first part of the approach focused on a fully developed 2D domain, with a depth
corresponding to the full scale of the test site’s bathymetry and a length sufficient to
characterise the wavy flow while minimising undesirable numerical effects. For this
purpose, a numerical wave tank was developed. The primary objective was to generate
velocity profiles at each time step that accurately reflected the impact of surface waves at
the bottom of the domain.

The velocity profiles, generated in a 2D numerical wave tank, were applied as inlet
boundary conditions to a 3D model that incorporates the lander structure. This approach
significantly reduced computational cost, as the 3D domain could be limited in size and
considered fully submerged, eliminating the need for the computationally intensive VOF
multiphase model. The 3D CFD model, restricted to this configuration, produces pressure
fields that are subsequently used in the structural analysis of the lander within a one-way
FSI framework.
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3.1. Two-Dimensional Numerical Wave Tank: Velocity Profile Generation

The configuration of the numerical wave tank model is organised into three primary
stages: (1) the geometry setup, where the physical dimensions of the model domain are
defined; (2) the mesh generation, in which the computational grid is created and refined
near the still water level (SWL) to capture the free surface dynamics accurately; and (3) the
wave and physics setup, which involves specifying the type of analysis, domain properties,
wave generation and other parameters related to air-water interactions. The surface
tension at the air-water interface is considered negligible. The air temperature is set to
25 °C, corresponding to a density of 1.185 kg/m?. The fluid temperature is also set to 25 °C,
with a density of 1030 kg/m? to represent saltwater conditions.

3.1.1. Governing Equations

The solver in ANSYS Fluent 2023 is based on the finite volume method (ANSYS
Inc., Canonsburg, PA, USA, 2023). This method divides the computational domain into
a series of control volumes and discretises the governing equations, enabling iterative
solutions over each control volume. Through this process, approximate values of the flow
variables are computed at discrete points across the domain. The governing equations
are the continuity equation for constant density and the Navier—Stokes equations for an
incompressible, constant viscosity fluid, given by [13]:

V|- u =0, 3)

N
P
,l+i (4)

. 1 — -\ T
——fu-IquﬁV- [(u+Reth)<Vu+<Vu> )} > TR

where 3, P,p, 1, a and F; are the non-dimensional velocity, pressure, density, dynamic
viscosity and dynamic turbulent/eddy viscosity fields, gravitational acceleration and
Froude number, respectively.

The volume of fluid (VOF) method is employed to track the free surface position. This
method calculates the volume fraction of each fluid, present within each control volume.
The volume fraction is determined using the following equation:

aa% 4V (ﬁ) —0, (5)

-
where V represents the velocity vector, and « denotes the water volume fraction. The
mixture density is calculated based on the volume fraction using the following equation:

P =apy + (1—x)p,, (6)
where p, represents the water density and p, the air density.

3.1.2. Geometry and Boundary Conditions

The geometry domain and location of boundary conditions used in the 2D simulations
can be seen in Figure 6, where it is important to highlight the presence of refinement
zones near the water—air interface and inflation near the wall (bottom of the sea) to control
parameters related to the turbulence model (k-w SST) and keep y* close to unity.
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Figure 6. Numerical wave tank geometry and mesh refinement zones.

An inlet velocity method was applied to the model. A pressure outlet boundary
condition was implemented at the far field boundary for wave absorption. Similar to
the approaches used by Kim et al. [14], a damping zone featuring a numerical beach was
established near the far field boundary to dissipate wave energy and minimise reflections
within the simulation domain.

ANSYS Fluent code offers a static boundary method in the open channel flow and
open channel wave boundary condition volume of fluid sub-models. The generation of
incoming waves was achieved by defining a velocity inlet boundary condition coupled with
an open channel wave boundary condition. This boundary method enabled the generation
of the regular waves.

3.1.3. Simulation Parameters

Simulations were carried out using a transient approach. Within each time step, a
minimum residual of 10~ was imposed. Temporal discretisation is crucial for the quality
of the solution in computational simulations. Large time step intervals can lead to wave
damping, while small intervals significantly extend the computational time required to
reach a solution. Therefore, it is essential to select the time step interval carefully.

Multiple studies have proposed recommended values for the optimal time step in-
terval. Marques Machado et al. [15] concluded that the optimal time step is reached by
dividing the wave period by 50 intervals (T /50). This conclusion aligns with the recommen-
dation from another work [16] that suggests a maximum interval of T/40. However, other
researchers [17,18] have suggested using even smaller time step values, recommending
intervals equal to or less than T/100. A time step interval of T/100 was chosen for all the
sea states.

A summary of the numerical parameters used in the setup for the 2D numerical wave
tank can be found in Table 2.

Table 2. Simulation setup parameters for the numerical wave tank.

Parameter Value
Solver Pressure-based
Time Formulation Transient
Turbulence model kK —w SST
Scheme PISO
Multiphase model VOF
Time step (s) T/100
Number of time steps 10 Wave Period

Max. iterations per time step 100
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3.1.4. Computational Mesh

A multizone method was used to create a structured mesh, in which the domain is
divided into quadrilateral elements. A central zone with a finer mesh was established
to improve the resolution of steep gradients at the water—air interface (refer to Figure 6).
This refinement was accomplished using the edge sizing feature, allowing for increased
divisions within the targeted area.

The computational mesh was optimised taking into consideration both the highest
wavelength and wave height found in the metocean dataset. Various criteria have been
proposed to determine the appropriate mesh size for simulations. Among these, Havn [18]
suggests several criteria, which are summarized in Table 3.

Table 3. Grid size parameters for mesh refinement in the numerical wave tank.

Parameter Value
Cells per wavelength 2> 100
Cells per wave amplitude = >10
Aspect Ratio % <10

Three different meshes were created to evaluate the influence of mesh dimensions
on the study’s results, and they are described in Table 4. These meshes follow the recom-
mendations suggested by Haven [18]. Apart from differences in their dimensions, all the
constructed grids share qualitative features similar to those shown in Figure 6.

Table 4. Grid parameters for different mesh configurations in the numerical wave tank.

Number of A Number of Division a
Mesh ID Divisions Ax[m] Bx Interface z Az[m] Az
1 525 0.952 131.3 25 0.4 8.41
2 800 0.625 200.08 31 0.322 10.45
3 1200 0.417 299.89 50 0.2 16.825

Number of Divisions represents the total number of grid cells along the x-direction. Ax [m] is the grid spacing in
the x-direction, and A/Ax indicates the ratio of wavelength to grid spacing, reflecting the resolution for capturing
wave propagation. Number of Division Interface z refers to the number of grid cells along the z-direction at the
water—air interface. Az [m] is the grid spacing in the z-direction, and a/Az denotes the ratio of wave amplitude to
grid spacing, which determines the accuracy of wave height representation.

The numerical results are validated by comparing the surface elevation of the waves,
generated within the numerical wave tank, against the theoretical profiles derived from
Stokes’ second-order wave theory. The analysis focuses on specific locations within the
tank, namely at x = A and x = 2A, where A represents the wavelength.

The results from three different mesh resolutions are compared in Figures 7 and 8,
revealing that the surface elevations across all meshes are similar. The discrepancies
observed between the numerically simulated and theoretically predicted surface elevations
can be attributed to some factors inherent to the numerical modelling of wave dynamics.
One notable factor is the interaction of waves with the tank boundaries, particularly given
the significant ratio of the wavelength to the tank length of the wave simulated.
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Figure 8. Free surface elevation comparison between numerical and theoretical wave at x =2 A.

3.2. Three-Dimensional Hydrodynamic Model: Pressure Distribution and FSI

The velocity profiles obtained in the previous numerical wave tank are used to set the
velocity inlet for the 3D restricted domain. This restricted domain reduced the computa-
tional cost. The 3D domain has a limited dimension and is totally submerged, without the
need for the high-demanding VOF multiphase model.

3.2.1. Computational Domain and Boundary Conditions

A computational domain with the shape of a cube that encloses the lander structure
was created. The dimensions of the domain are 5 x 5 x 5m (in width x depth X height).
An inlet boundary condition was applied to two faces and a pressure outlet was applied to
the other two faces of the domain. A symmetry boundary condition was applied on top,
and a wall boundary condition was applied to the bottom. The boundary conditions and
the spatial arrangement of the lander structure within the 3D computational domain are
represented in Figure 9.
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Figure 9. Three-dimensional computational domain layout. (a) Applied boundary conditions,
(b) lander structure placed at the centre of the domain.

3.2.2. Grid Generation and Grid Independence Study

Grids for the CFD domain were created using the Poly-Hexcore Mosaic meshing
technology developed by ANSYS. Mosaic meshing in Ansys Fluent improves CFD simula-
tions by combining various mesh types to optimise both mesh quality and computational
efficiency. It integrates poly-hexcore meshes in the bulk region with high-quality layered
poly-prism meshes near boundaries, thereby reducing cell count and increasing solver
speed [19-21].

In Figure 10, the implementation of Mosaic technology in the 3D mesh generation of
the domain near the lander structure is shown, demonstrating the use of octree hexahedral
elements within the bulk region (a), isotropic poly-prisms in the boundary layer (b) and
mosaic polyhedral elements facilitating the transition between these zones (c).

(a) (b) (c)

Figure 10. Mesh refinement in the vicinity of the interfaces. (a) Octree hexahedral elements used for
bulk meshing; (b) isotropic poly-prism elements applied near wall boundaries for accurate boundary
layer resolution; (c) mosaic polyhedral elements employed for efficient and smooth transition between
regions, optimising both accuracy and computational cost in the simulation.

The complexity of the geometry posed a challenge to the generation of a fully struc-
tured mesh. Local size controls were applied within bodies of influence to achieve a finer
mesh around the lander structure. Figure 11 demonstrates how the body of influence
enables a seamless transition from the coarser mesh in the outer domain to the finer mesh
near the lander structure.
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Figure 11. Application of a body of influence for mesh refinement.

The resultant pressure and velocity values from the CFD simulations serve as input
parameters of the structural study, which implies that the CFD results are required to be
accurate. With this in mind, a study regarding grid convergence was performed. The
parameter used for the analysis was the drag force on the direction of the flow.

Five meshes with different degrees of refinement were created. Table 5 shows the
drag force versus the number of elements for each created different mesh. The variation

Pcomserfpfiner

parameter regarding the most refined mesh ¢; = was calculated and is shown

p finest
in Table 5. The drag force was measured after 12 s of simulation.

Table 5. Different meshes created and results of mesh independence study.

Mesh ID Number of Cells Drag Force [N] & (%)
1 2,104,970 112.4 —9.36
2 4,436,569 125.2 —8.05
3 5,207,808 136.2 —0.29
4 5,511,176 136.6 —0.07
5 8,424,436 136.7 -

A relative difference in drag force of 0.29% between mesh number 3 and mesh number
4 and 0.07% between mesh number 4 and mesh number 5 was detected. Therefore, mesh
number 4, comprising 5,511,176 cells, was chosen, supporting the flow dynamics simulation
around the lander without the excessive computational demand of mesh number 5.

Mesh number 4 incorporates a body of influence with a target mesh size of 17 mm.
Local sizing at the lander surface was adjusted to a maximum face size of 4 mm, and a
boundary layer with 10 layers and a growth rate of 1.2 was added to capture detailed
flow characteristics. A maximum skewness of 0.85 and an average skewness of 0.03 were
obtained, as well as a minimum orthogonal quality of 0.15 and an average of 0.96.

3.2.3. Simulation Parameters

The turbulence model was the ¥ — w method, with enhanced wall function. A mesh of
about five million elements was used in all simulations. The time step used in the 3D model
had to match the one selected in the numerical wave tank simulation for the corresponding
wave under analysis. A summary of the numerical parameters used in the setup for the 3D
simulations can be found in Table 6.
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Table 6. Simulation setup parameters for the 3D domain simulations.

Parameter Value
Solver Pressure-based
Time Formulation Transient
Turbulence model K —w SST
Scheme SIMPLE
Time Step (s) T/100
Number of Time Steps 10 Wave Period
Max. Iterations per Time Step 100

The hydrodynamic analysis conducted via CFD produced pressure fields as the pri-
mary outputs. These pressure fields were subsequently applied to the structural model
in a one-way FSI framework, serving as boundary conditions for the FEM simulation to
evaluate the structural response to hydrodynamic loads. Figure 12 illustrates the pres-
sure field imported from the CFD analysis, which is applied to the structural model for
further analysis.

Imported Pressure § )

Figure 12. Imported pressure from the CFD analysis.

4. Preliminary Dataset Generation

To address the limitations posed by time-consuming FSI simulations, an alternative
approach and a preliminary dataset of strains were created to generate enough data to
develop and select the ML models. One major issue is ensuring data quality, as poor-quality
data can lead to inaccurate or misleading model predictions [22].

The adopted approach uses a Finite Element Model of the structure to calculate the
strains. Similar to the design validation, the loads to apply on the FEM model were
calculated with the Morison equations. Figure 13 displays the locations where strain
measurements were taken, highlighting the four dedicated plates and the specific points
selected for strain calculations.

The approach computes the load for each sea state in the historical wave dataset
using wave theories and the Morison equation. Water particle velocities were calculated
at a height of one meter, corresponding to the strain gauge installation height. A steady
current velocity of 0.5 m/s was included to account for ocean currents. The loads on each
plate were computed using the Morison equation, with drag and added mass coefficients
obtained from DNV-RP-C205 (Appendices E and D, respectively), which are suitable for
thin plates perpendicular to the flow.
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Figure 13. Strain gauges’ position on the lander structure; (a) general strain gauge position overview

and plate identification; (b) detailed view of the strain gauges’ positions for plate No 4.

Strain computations were then performed using a Finite Element Model (FEM) of the
structure. Figure 14 illustrates the application of the loads on the dedicated plates, as well
as the discretisation of the plates into finite elements for the structural analysis.

(b)

Figure 14. Lander structure load and mesh details; (a) representation of the loads applied to the FEM
model; (b) a general overview of the mesh used in the FEM simulations of a dedicated plate.

The resulting dataset includes strain values calculated at 15 points across four plates,
corresponding to the locations where strain gauges were installed on the lander structure
in the experimental study. Figure 15 shows the strains calculated at location 2 on plate 1 as
a representative example.

Strain Response at Location No. 2 for Various Ocean Conditions
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Figure 15. Strain response for all ocean conditions at location no. 2 on plate no. 1.
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Strains were calculated for cases involving only the current effect and for the selected
sea state, as shown in Tables 7 and 8. These results were compared with those derived from
preliminary datasets using the FEM results. While the magnitudes differed, a correlation
in strain behaviour was observed across both approaches. Specifically, both methods
consistently identified high- and low-strain areas across the plates. Moreover, agreement
was found in detecting compressive and tensile states along the vertical plates. However,
this correlation did not extend to the horizontal plate, where the analytical and FEM
methods failed to capture the expected strain behaviour.

Table 7. Strain comparison resulting from current effect.

. Prelimina
Plate Number Location ID Dataset Resfl};ts FSI Results
STRAIN 1 —4.1188 —4.9787
STRAIN 2 6.1024 7.1612
Plate 1 STRAIN 3 —5.7090 —7.2144
STRAIN 4 1.5425 2.1410
STRAIN 5 2.0614 3.1670
STRAIN 6 —3.0528 —4.6700
Plate 2 STRAIN 7 2.8567 4.7764
STRAIN 8 —0.7763 —1.2090
STRAIN 9 2.0603 2.7780
STRAIN 10 —3.0485 —4.1100
Plate 3 STRAIN 11 2.8517 4.2820
STRAIN 12 —0.7830 —1.1960
STRAIN 13 —0.0156 0.1867
Plate 4 STRAIN 14 —0.0084 —0.5300
STRAIN 15 —0.0027 0.2605
Table 8. Strain comparison resulting from the selected ocean state.
. Prelimina
Plate Number Location ID Dataset Res?;ts FSI Results
STRAIN 1 —13.6271 —52.478
STRAIN 2 20.1919 75.074
Plate 1 STRAIN 3 —18.8938 —77.058
STRAIN 4 5.1253 24.583
STRAIN 5 25.3005 71.284
STRAIN 6 —37.5133 —103.94
Plate 2 STRAIN 7 35.0922 103.57
STRAIN 8 —9.4765 —28.712
STRAIN 9 —11.6953 —47.745
STRAIN 10 17.3130 70.118
Plate 3 STRAIN 11 —16.1931 —71.221
STRAIN 12 4.4529 17.861
STRAIN 13 0.0983 1.821
Plate 4 STRAIN 14 0.0195 —~1.020
STRAIN 15 0.0314 1.403

5. Al Predictive Models

The machine learning algorithms developed for the prediction of forces to which the
lander is subjected to are presented in this chapter.

In this study, various machine learning algorithms were evaluated to identify the
most effective models for predicting structural damage based on wave parameters and
strain data. Among the models tested, particular emphasis was placed on the Artificial
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Neural Network Multilayer Perceptron (ANN MLP) and random forest algorithms due
to their demonstrated proficiency in handling the complex and nonlinear data patterns of
the strains and wave dataset. The ANN MLP is renowned for its ability to model intricate
relationships through multiple layers of interconnected neurons, while the random forest
algorithm excels in ensemble learning by constructing a multitude of decision trees for
robust predictions [23,24].

The methodologies employed for data preprocessing, model training, validation and
evaluation are detailed in the subsequent sections, providing a comprehensive overview of
our analytical approach.

5.1. Dataset Description

The dataset consists of 81,724 samples. Each sample is composed of three inputs, namely
Wave Height (WS_30) [m], Wave Period (THS_30) [s] and Direction (WAVE_THTP) [°]; and
fifteen outputs corresponding to the fifteen different strains calculated along the lander. This
way, an 81,724 x 18 matrix has been imported for machine learning development.

A Pearson correlation analysis was conducted, resulting in the correlation matrix
shown in Figure 16. This matrix provides insight into the linear relationship between pairs
of variables. Each value represents the degree of correlation between two variables, ranging
from —1 to 1. A value of —1 indicates a perfect inverse correlation, 1 indicates a perfect
direct correlation, and 0 signifies no linear relationship. Along the diagonal, where each
variable is compared to itself, the correlation is always 1.

Dataset Correlation Matrix

ro.so. [ o=« oo I IO O
w50 o [ oo Yt R e N N o1

WAVE_THTP 0.02 0.00 -0.10 0.10 -0.10 0.10 0.03 -0.03 0.03 -0.03 0.05 -0.05 0.05 -0.05 -0.05 -

e oot O O O O O i i o
s o o S s e o
s o« R O s o s i oo
s v s s v 0
s e e
s e B i i - o

-0.00
s i o o B - o
v 08 o a0 i

--0.25
s G o o
s G 2 EEEE
v o o7 O O A R - 7
. G o O O O -~ o7 |
e o v 5 <

-1.00

°
&

STRAIN14 -0 2 -0.16 0.16 -0.16 0.16 0.23 -0.23 0.23 -0.23 -0.27 0.27 -0.27 0.27 -0.02

Smmlmmlllﬂllllllll

B P T ITFTITEFI TSI LEE
S S8 W /\Q‘ /\Q? /@? /\Qy /\Qy /\Q‘ /@y /\QY,&‘? /\Q?\ ,\QY\ ,&V\ ,@Y\ &

'
”iﬁ

Figure 16. Pearson’s correlation matrix.

Variables with an inverse correlation are marked in blue, while those with a direct
correlation are shown in red. The analysis reveals that 9 out of 15 outputs exhibit full
relation with other variables. For instance, strain 1 is inversely correlated with strain 2 and
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strain 4 but directly correlated with strain 3. Similarly, strain 5 and strain 9 are inversely
correlated with strain 6 and strain 8, and strain 10 and strain 12, respectively, while being
directly correlated with strain 7 and strain 11. These correlations have a physical basis,
as illustrated in Figure 16. Each correlation group corresponds to one of the three plates
depicted in Figure 13.

To analyse data distribution, the mean, standard deviation, minimum and maximum
values, number of zeros and 25, 50, and 75 percentiles of all the variables have been com-
puted. The data, shown in Table 9, indicate that for all variables, most of the measurements
are close to the mean value of that variable while standard deviation and min/max values
are considerably far away from that mean. That suggests that the sample behaves as a
normal distribution, which has the majority of the samples next to the mean value and
then the frequency of the data is reduced as it goes further from this value. This is coherent
as the pattern of the inputs is replicated in the outputs. It can also be observed that the
number of zeros in the outputs is null

Table 9. Statistical analysis of the strain and wave dataset.

Validation Wave Wave Wave Strain 1 Strain 2
Set Height Period Direction
Mean 1.6695 6.7941 299.3296 —4.6397 6.8742
Std 0.8126 1.8251 22.9865 1.1155 1.6532
Min 0.2600 2.8000 1.0000 —87.9362 —7.6519
25% 1.0600 5.4000 293.0000 —4.6710 6.1025
50% 1.5200 6.6000 304.0000 —4.1736 6.1835
75% 2.1000 8.0000 311.0000 —4.1190 6.9199
Max 14.1500 18.6800 359.0000 5.1527 130.3429

5.2. Data Pre-Treatment

The dataset was divided into training (70%), validation (15%) and test (15%) sets using a
binning process to ensure that each subset accurately represented the overall data distribution.
This stratified division is essential for maintaining the statistical properties across all subsets,
thereby improving the models’ ability to generalise to new, unseen data. A visual representa-
tion of this dataset division is provided in Figure 17, while the statistical parameters for the

training, testing and validation datasets are detailed in Tables 1012, respectively.
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Figure 17. Histograms of the data splits for machine learning model development. (a) Training
dataset, (b) testing dataset and (c) validation dataset.
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Table 10. Statistical parameters for the training dataset.
Train Set Wave Height (m) Wave Period (s) Wave Direction (°)
Mean 1.669 6.794 299.384
Std 0.811 1.823 28.862
Min 0.260 2.800 1.000
25% 1.060 5.400 293.000
50% 1.520 6.600 304.000
75% 2.100 8.000 311.000
Max 12.970 18.680 359.000
Count 57,206
Table 11. Statistical parameters for the testing dataset.
Test Set Wave Height (m) Wave Period (s) Wave Direction (°)
Mean 1.669 6.798 299.228
Std 0.817 1.833 22.149
Min 0.290 3.000 1.000
25% 1.060 5.400 293.000
50% 1.520 6.600 302.000
75% 2.100 8.000 311.000
Max 14.150 18.680 359.000
Count 12,259
Table 12. Statistical parameters for the validation dataset.
Validation Set Wave Height (m) Wave Period (s) Wave Direction (°)
Mean 1.669 6.798 299.227
Std 0.817 1.833 22.149
Min 0.290 3.000 1.000
25% 1.060 5.400 293.000
50% 1.520 6.600 302.000
75% 2.100 8.000 311.000
Max 14.150 13.000 359.000
Count 12,259

Prior to executing the predictive algorithms, data normalisation was performed to
reduce disparities in scale among the features. Normalisation is crucial because it adjusts
the scales of input features, preventing variables with larger magnitudes from unduly
influencing the model outcomes. This is especially important for algorithms like ANNs
which are sensitive to the scale of input data due to the optimisation processes they
employ [25].

Standard scaling was applied to the training dataset wave height and period, and
the obtained scaling mechanism was then used on the test and validation sets. Standard
scaling transforms features to have a mean of zero and a standard deviation of one. This
transformation is beneficial for algorithms that assume data are normally distributed,
helping improve model performance and stability [26]. The wave direction was split
into sine and cosine components, ensuring their values range from —1 to 1, which helps
maintain directional continuity and improves model input consistency.
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5.3. Models
5.3.1. Random Forest Regressor

The Random forest algorithm (RFR) is an ensemble learning method that constructs
multiple decision trees during training and outputs their aggregated prediction for regres-
sion tasks. This model enhances predictive accuracy and controls overfitting by leveraging
the diversity of individual trees.

To optimise the performance of the RFR model, four hyperparameters were tuned:

e  Number of Estimators: This parameter determines the number of decision trees in the
forest. Increasing the number of estimators generally improves model performance by
reducing variance but also increases computational cost.

e  Maximum Tree Depth: Controlling the depth of the individual trees helps prevent
overfitting by limiting the complexity of the model. Shallower trees reduce the risk of
capturing noise in the data.

e  Maximum Features: This parameter sets the number of features to consider when
looking for the best split at each node. Introducing randomness in feature selection
enhances model generalisation by reducing correlation among trees.

e  Minimum Number of Samples Required to Split an Internal Node: This hyperpa-
rameter specifies the minimum number of samples needed to split an internal node.
Increasing this value can prevent the model from capturing noise, thereby reducing
overfitting and decreasing computational effort.

A grid search combined with cross-validation was employed to identify the optimal
hyperparameter values.

The hyperparameter tuning process identified the optimal values, which are presented
in Table 13.

Table 13. Hyperparameters” best-fit value for random forest regressor algorithm.

Hyperparameter Best-Fit Value
Number of estimators 1000
Minimum samples split 2
Maximum features 1.0

The performance of the RFR model was evaluated on the test dataset. The following
evaluation metrics were used [27]:

e  Mean Squared Error (MSE): measures the average squared difference between the
predicted and actual strain values.

1& 2
MSE =~} (vi — $:) 7)
i=1
e  Root Mean Squared Error (RMSE): provides the error magnitude in the same units as
the output variable.

18 R
RMSE = HZ(Yi - Yi)2
i=1

(®)

e Coefficient of Determination (R?): indicates the proportion of variance in the strain
measurements explained by the model.

SSR
2 _
R =1 S )
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where SSR and SST are the sum of squares regression and the sum of squares total, respec-
tively, and are given by:

SSR = ) (§; —¥)* (10)
=1

SST=Y (v;—¥) (11)
i=1

where y; is the actual value (true value) of the dependent variable for the i-th observation,
7 is the predicted value of the dependent variable for the i-th observation, generated by
the model, # is the total number of observations (data points) in the dataset and ¥ is the
mean of the actual values

Figure 18 compares the predicted strain values with the actual strains from the test set
for the strain gauge position number 2.

Random Forest Predicted Strain vs. Actual Strain
Values Across Different Ocean States
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Figure 18. Comparison of the random forest regressor’s predicted and actual strain values across
various ocean states for strain gauge position number 2.

The model achieved an average R? score of 0.96 across all 15 strain outputs, demonstrat-
ing high predictive accuracy. The MSE and RMSE values were acceptably low, indicating
that the model effectively captured the nonlinear relationships between the oceanographic
parameters and the structural strains. The performance metrics of the decision tree regressor
algorithm, with averaged results across all strain variables, are provided in Table 14.

Table 14. Performance metrics for decision tree regressor algorithm. Averaged results considering all

strain variables.

Metric Value
Global MSE 0.012
Global R? 0.96

Computational Time 5.4 min

5.3.2. Artificial Neural Network: Multilayer Perceptron

Various architectures are typically developed for specific data types and tasks in
artificial neural networks. Convolutional Neural Networks (CNNs) handle spatial data,
making them ideal for image and video analyses. Recurrent Neural Networks (RNNs) excel
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in processing sequential data, such as time series or natural language. However, when it
comes to generic regression problems, Multilayer Perceptrons (MLPs) often emerge as a
superior choice. MLPs, with their layered structure and fully connected nodes, are good
at modelling complex nonlinear relationships without the specialised data preprocessing
required by CNNs or RNNs. This simplicity, coupled with their capability to approximate
virtually any continuous function, makes MLPs particularly valuable for straightforward
regression tasks where interpretability and computational efficiency are key [6]. An ANN
is accurate if its predictions are equal to or extremely close to the actual outputs associated
with a specific event. Predictions are evaluated using loss functions, and the algorithm
optimises network weights and biases to minimise the loss function.

In this work, Mean Squared Error (MSE) was the most suited loss function for the
problem. Mean Squared Error (MSE) is particularly effective as a loss function for regres-
sion because it emphasises larger errors more than smaller ones, which helps in reducing
variance and improving the model’s generalisation on unseen data. Additionally, minimis-
ing MSE during training directly correlates with maximising the R? score, as R? essentially
measures the proportion of variance in the dependent variable that is predictable from
the independent variables, and a lower MSE indicates a higher proportion of explained
variance, thereby increasing the R? value.

To optimise the network’s weights in such a way that the loss function is minimised,
backpropagation is employed, a method that ensures the network learns effectively from
its errors. As previously explained, a forward pass process happens when training MLPs
where input data are passed through the network, layer by layer, until they reach the output
layer where the final predictions are made. Then, the error is quantified through the loss
function, providing a starting point for adjustments to improve network accuracy.

MLPs are flexible neural networks with several parameters that can be adjusted. It
is essential to identify the optimal parameters for a specific dataset using the validation
dataset. Optuna was employed to optimise the hyperparameters of the neural network
model. The optimisation process considered variables such as the number of layers, units
per layer, activation functions, dropout rates, optimiser types, learning rates, epochs and
batch sizes. By dynamically adjusting these hyperparameters, Optuna determined the
optimal values that effectively minimised the validation loss on the validation dataset.
This automated approach facilitated efficient exploration of the hyperparameter space,
enhancing model performance without the need for manual tuning [28].

As detailed in Table 15, the best-performing MLP model included deeper layers, a
change in activation function and a different optimizer, resulting in significantly improved
performance metrics, including a lower RMSE and a better R? score.

Table 15. Hyperparameters and results from the GridSearch optimisation and the best-performing
MLP model.

Best MLP
N° Hidden Layers 2
First Hidden Layer 831
Second Hidden Layer 978
Epochs 227,204
Activation Function Leaky ReLU
Optimisation Algorithm Adam
Learning Rate 0.008480
Batch size 645
Global RMSE 0.00601

Global R? 0.99957
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Figure 19 compares the predicted strain values with the actual strains from the test set.

MLP Predicted Strain vs. Actual Strain Values Across
Different Ocean States
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Figure 19. Comparison of predicted and actual strain values from the MLP model across various
ocean states for strain gauge position number 2.

6. Discussion

This study aimed to develop a machine learning model for predicting structural
damage in submerged structures due to ocean waves and currents. By combining numerical
simulations and machine learning (ML) techniques, the effectiveness of these approaches for
Structural Health Monitoring (SHM) applications was assessed. The goal was to generate
reliable models that could predict critical structural responses, such as stress and strain,
under marine conditions and the process of generating reliable data for training purposes.

When comparing strain predictions between current-only scenarios and specific sea
states, the correlation between the analytical and FEM method and the FSI simulations
demonstrates general consistency in the high- and low-strain regions. This agreement
is crucial, as it indicates that the analytical and FEM method, despite their simplifica-
tions, capture key trends in the structural response. However, the discrepancies observed
on the horizontal plates highlight limitations in the analytical approach, mainly due to
assumptions made about load distribution.

The two proposed machine learning approaches presented very good results and are
detailed in Table 16. This table provides a direct comparison of the models, illustrating
their performance in terms of accuracy, computational efficiency and complexity.

The performance metrics of the evaluated machine learning models highlight trade-
offs between accuracy, computational efficiency and the ability to handle different data
patterns. Random forest regressors can capture complex patterns, offering high accuracy
with a low computation time. Finally, the MLP delivered the highest accuracy but required
significant computational resources (2 days) and an even higher development time. These
results underscore the importance of selecting models that align with the complexity
and patterns of the available data, ensuring that the chosen algorithms can capture the
underlying relationships while maintaining computational feasibility in AI development
for SHM.
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Table 16. Performance comparison of machine learning algorithms studied.
Trainin
: 2 8
Algorithm R RMSE Computational Time Hyperparameters
Number of
estimators, maximum
Random Forest ~ 0.960 0.012 5.4 min depth, minimum
samples split,
maximum features
Loss functions,
optimization
MLP 0995  0.011 2 days algorithms, learning

rate, number of layers
and neurons,
among others

The reliability of machine learning models is fundamentally dependent on the quality
and diversity of the data used during training. While empirical methods, such as real-scale
experiments, provide the most realistic and accurate data, their high cost and logistical chal-
lenges often limit their use in extensive studies. In this study, numerical methods, including
CFD and FEM simulations, were used to generate large volumes of training data efficiently.
These methods offer a viable alternative, allowing the modelling of complex systems that
reduce reliance on physical experiments. However, the importance of empirical validation
cannot be overstated.

Future work will focus on the analysis of the experimental data collected from the
benthic lander, which will be essential for validating the machine learning models originally
trained with numerical data. This validation is essential to confirm the models’ ability
to predict structural responses under real-world marine conditions. Subsequently, a new
machine learning model will be developed and trained using the experimental data in
order to enhance the model’s predictive accuracy. In parallel, further work is necessary to
optimise the computational domain for future Fluid-Structure Interaction (FSI) simulations,
balancing accuracy with computational efficiency.

While the framework proposed in this study was designed for a specific structure
within the Marewind project, improving the generalizability of SHM models remains an
important challenge. Future research is needed to develop methodologies to expand the
applicability of these models to diverse structures and operational conditions, ensuring
their robustness and adaptability.
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