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Floating photovoltaic (FPV) systems in coastal and nearshore regions are subjected to complex wave loads that
significantly influence their hydrodynamic performance. In the future, industrial scale FPV projects can consist of
numerous floating bodies that are too large to be modeled using existing modelling methods such as Compu-
tational Fluid Dynamics. Therefore, there is a need to develop data-driven rapid prediction approaches. This
study presents a data-driven framework to predict the heave and pitch response amplitude operators (RAOs) of
FPV arrays under different wave conditions. A verified simulation model is developed, generating a dataset that
incorporates the key influencing factors, including incident wave angle, wavelength-to-floater-dimension ratio,
and mooring type. Random Forest (RF) and Multilayer Perceptron (MLP) models are trained and optimized
through grid search cross-validation, demonstrating that both models accurately capture the spatial distribution
and magnitude of RAOs, with the MLP model showing superior generalization capability. Interpretability
analysis further reveals that the wavelength-to-floater-width ratio is the dominant factor driving RAO responses,
while appropriate mooring strategies can effectively suppress motions under extreme conditions. Compared with
conventional hydrodynamic simulations, the proposed approach significantly reduces computational cost and
enables rapid evaluation of FPV dynamic responses, which provides a potentially workable approach to facilitate

Ocean waves
Computational simulation
Machine learning

various purposes of large-scale ocean solar projects, such as design, monitoring, and digital twins.

1. Introduction

Solar energy, an inexhaustible clean energy source, possesses enor-
mous potential and has attracted extensive attention (Kabir et al., 2018).
Approximately 5 x 10* EJ of solar energy per year is considered rela-
tively accessible for collection and utilization. In theory, with sufficient
technological development, harnessing these resources could alleviate
the global energy shortage (Blaschke et al., 2013). Currently, solar
panels are primarily installed on land, as well as on some freshwater
lakes and reservoirs. In regions with geographical constraints, such as
the coastal areas of Southeast Asia, coastal and offshore floating
photovoltaic (FPV) systems have emerged as an important approach for
utilizing marine space and enhancing energy production (Hooper et al.,
2021; Trapani and Reddn Santafé, 2014; Wei et al., 2025). However,
complex sea conditions pose significant challenges for the design of FPV
systems (Liu et al., 2018), necessitating further research to develop
structures capable of adapting to such conditions.

Traditional FPV systems utilize an integrated large-platform design;
however, such structures are costly and exhibit limited wave resistance,
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making them unsuitable for complex sea conditions (Li et al., 2023). In
recent years, the trend in FPV system development has shifted from
single large floaters to modular floaters. For instance, the “Hydrelio”
platform in France employs a polyethylene structure that is lightweight
and corrosion-resistant, assembled with plastic bolts (Cazzaniga et al.,
2018). Modular platforms offer strong scalability, ease of assembly, and
straightforward maintenance, yielding multiple advantages (Essak and
Ghosh, 2022). However, modular design introduces more nonlinear
hydrodynamic effects, complicating vibration responses (Cao et al.,
2021). Consequently, during the design stage, understanding these
nonlinear characteristics and accurately predicting design outcomes
becomes increasingly challenging, particularly when multiple excitation
sources and different mooring conditions are considered.

Potential flow theory has been widely applied in the field of fluid-
structure interactions, with its application tracing back to the 1970s.
Numerous studies have employed 2D or 3D potential flow methods
(Hong et al., 2005; Ikhennicheu et al., 2022; Li and Liu, 2022; Zhu et al.,
2008), and their results demonstrate good consistency with physical
model tests, confirming that potential flow theory is an effective tool for
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predicting hydrodynamic interactions of various structures. For photo-
voltaic arrays comprising dozens or even hundreds of floaters, con-
ducting direct numerical simulations of the entire array is
computationally prohibitive. Previous studies have suggested that
computational resources can be conserved by introducing a “cut-off
radius” to select only interacting modules (Zhang et al., 2022). Further
research using the “MHydro” program indicated that, for
hinge-connected floater arrays, small-scale tests with 5-7 units can
reproduce the array's hydrodynamic behavior. (Zhang et al., 2023a).
Song et al. (2023) utilized potential flow theory to develop a numerical
model in ANSYS-AQWA for examining dynamic responses under the
combined effects of wave, current, and wind loads. Their results indi-
cated that wave loads contributed up to 99 %, serving as the dominant
factor, while wave height did not affect the system's internal trans-
mission mechanism. Xu et al. (2024) investigated different FPV array
layouts under both normal and extreme sea states using ANSYS-AQWA
simulations. Their findings revealed that rectangular arrays exhibited
the highest stability, with reduced mooring line tension, smaller mo-
tions, relatively low sensitivity to wave direction, and consequently,
greater safety. Besides, Wei et al. (2024) examined FPV array motions
under different sea states and introduced the wavelength-to-
structure-length ratio for approximate predictions. These studies
demonstrated that 3D potential flow theory, in conjunction with specific
wave conditions and array layouts, can significantly enhance FPV sys-
tem design and address several challenges currently faced in both
theoretical and engineering practices.

Emerging machine learning approaches have become a research
focus in fluid mechanics, primarily aimed at improving the efficiency of
traditional fluid-mechanics analyses through data-driven methods. Un-
like conventional approaches, machine learning does not require a
comprehensive analysis of the complex physical mechanisms underlying
problems. Instead, it relies on training with large historical datasets to
extract latent patterns. Once trained, these models can rapidly and
accurately predict target outputs based on input variables. Currently,
machine learning is widely applied across various engineering domains,
demonstrating strong adaptability and playing a crucial role in fluid-
related state assessment, prediction, design optimization, and safety
control.

Brunton et al. (2020) proposed a predictive framework combining
fluid mechanics and machine learning, employing supervised methods
(e.g., LSTM) for temporal flow-field data and unsupervised methods (e.
g., PCA/POD) to extract flow features. This framework provides algo-
rithmic adaptation schemes for fluid-related prediction tasks and em-
phasizes incorporating physical constraints into data-driven models to
prevent violations of conservation laws. Yang et al. (2023), addressing
anchor-line tension prediction for offshore floaters, employed a reser-
voir computing (RC) model that decomposes tension into low- and
high-frequency components and integrates heave time-series for
modeling. This model serves as a tool for early warning of tension
overload and rupture. Alhousni et al. (2025), focusing on FPV hydro-
dynamics and  operational-state  prediction, developed a
machine-learning-based bidirectional feedback framework to predict
vortex-induced vibration risk and floater attitude changes, calibrating
models with CFD and field observations to maintain anchor-line rupture
prediction errors within 5 % and reduce operational uncertainty.
Mousavi et al. (2024) combined digital-twin technology with deep
convolutional LSTM (DCLSTMNN) to improve damage prediction and
localization for floating wind turbines. Evro et al. (2025) proposed a
multi-scale coupled modeling approach that uses LSTM to forecast
wind-wave conditions and adjust control angles, while utilizing
reduced-order models (ROM) to reduce traditional CFD runtimes from
about 24 h to a few hours, providing an efficient solution for design and
control optimization. Bae et al. (2024), addressing long design cycles
caused by expensive and slow CFD, used active learning combined with
Gaussian-process regression and neural networks to optimize CFD
invocation strategies. Their findings revealed that, in several cases, only
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a small number of samples are required to reach near full-simulation
accuracy, which suits iterative design workflows. Huang et al. (2022)
implemented an end-to-end optimization by coupling deep learning
with CFD, accelerating the screening of optimal designs. Saghi et al.
(2021) employed RF model to improve wave-impact prediction and
convolutional neural networks to enhance damage detection, thereby
improving the wave-resistance safety and economic efficiency of
mooring/breakwater systems. Lim (2024), addressing the difficulty of
early-warning for offshore floater failures, applied LSTM to improve
precursor detection and combined gradient-boosting decision trees to
refine failure-cause diagnosis and localization, offering an effective
approach for offshore structural safety inspection.

Large modular FPV systems exhibit unique dynamic characteristics,
including strong multi-body coupling, wave shielding, and gap reso-
nance. These features introduce new challenges for modeling and pre-
diction due to the system's large scale and structural connectivity. In this
study, a machine-learning-based framework is developed to investigate
the dynamic responses and design optimization of FPV arrays under
various wave conditions and layouts. High-fidelity potential-flow sim-
ulations are combined with Random Forest (RF) and Multi-Layer Per-
ceptron (MLP) models to analyze the sensitivity and contribution of key
parameters such as wave incidence angle, wavelength-to-width ratio,
and mooring configuration. The trained models accurately predict the
heave and pitch response amplitudes across multiple scenarios using
dimensionless RAOs as unified indicators, which enhance generalization
and support engineering design and safety evaluation. Furthermore,
SHAP-based interpretability analysis is employed to elucidate the
physical influence of input features, providing explainable insights for
FPV design optimization and operational monitoring. Overall, this study
establishes a rapid surrogate modeling framework specifically tailored
for large-scale FPV arrays and extends the applicability and interpret-
ability of data-driven hydrodynamic modeling.

2. Hydrodynamic simulation and dataset construction

Heave and pitch motions are typically the two most critical degrees
of freedom in FPV systems. When the heave amplitude increases, the
relative distance between the modules and the water surface changes,
potentially inducing spray and splashing phenomena, which can affect
the long-term reliability and insulation performance of FPV modules.
Since heave is synchronized with waves, it readily excites high-
frequency dynamic tension in mooring lines, particularly under reso-
nance conditions where the mooring system is vulnerable to impact
loads. Pitch motion, on the other hand, directly alters the incident angle
of sunlight, causing fluctuations in power generation and potentially
leading to local hot-spot effects. Excessive pitch vibration not only ac-
celerates structural fatigue but can also result in repeated bending
damage of cables and connectors. When modules are linked by hinges or
flexible joints, excessive pitch further amplifies bending moments and
shear forces at connection points, increasing the risk of fatigue failure.

As demonstrated in the studies of Song et al. (2023) and Xu et al.
(2024), wave loads are the dominant forcing mechanism for the dy-
namic response of floating structures, primarily exciting heave and pitch
motions. This explains why this study selects heave and pitch RAOs as
the predictive targets. Regarding mooring configurations for FPV sys-
tems, existing research shows that multiple types of mooring lines (e.g.,
taut or catenary) can be employed; however, studies on how different
layouts of the same mooring type affect hydrodynamic behavior remain
limited. Therefore, while considering the dominant influence of wave
loads, this study also incorporates different configurations of taut
mooring lines into the analysis.

Due to the high cost of experiments, obtaining datasets for training
and testing machine learning models through laboratory tests is
impractical. To ensure the reliability of the data sources, this study relies
on FPV modules validated in Refs. (Wei et al., 2024; Chen et al., 2021;
Zou et al., 2024), and innovatively incorporates the effects of different
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mooring configurations into their structural framework. Numerical hy-
drodynamic modeling and simulations are then performed. Based on the
simulation results, a dataset comprising a training set for model fitting, a
validation set for hyperparameter tuning, and an independent test set for
evaluating the generalization capability of models is constructed.

2.1. Model of a floating solar farm

Since the simulations in this study involve a large number of floating
bodies, directly applying high-order CFD would be excessively costly
and impractical. Therefore, the ANSYS-AQWA software based on po-
tential flow theory is adopted to perform the simulations and obtain the
required dataset. The coordinate system used is illustrated in Fig. 1. The
global system is defined as O-XYZ, where the O-Z axis points upward, the
overall framework extends along the X-Y plane, and the plane at Z =
0 denotes the undisturbed free surface.

The array is composed of 7 x 11 individual floating bodies, as
illustrated in Fig. 2(a). Along the O-X direction, the floats are connected
by hinges, with the hinge joints oriented vertically and aligned with the
O-Y axis, restricting adjacent floats to pitch motion only. In the O-Y
direction, linear mooring ropes and fenders are employed as soft con-
nections to prevent local collisions. It is assumed that these mechanical
connections do not introduce additional mass, and only their dimen-
sionless geometric properties are considered. The incident wave direc-
tion @ is defined as the angle between the wave propagation direction
and the positive X-axis, where 6 = 0 corresponds to head waves along
the positive X-axis. Each floating body has a length of 1.6 m, a width of
1.1 m, and a fixed draft of 0.1 m. The modeling process focuses on the
floating structures at the free surface, excluding the specific supporting
components used to secure the photovoltaic panels.

The gap between adjacent floats is designed by considering the float
dimensions, the wave field induced by array effects, and potential
resonant responses (Li and Liu, 2022), and is set to 0.1 m. The FPV
system is moored using tensioned linear elastic steel cables, in which the
cable tension is directly proportional to its elongation, with the pro-
portionality constant representing the cable stiffness. Two mooring
schemes are adopted in this study. The first is the conventional
four-corner mooring (Wei et al., 2024; Zou et al., 2024; Yang et al.,
2024), where the projection of each cable on the X-Y plane forms an
angle of +45° with the X-axis. This configuration is widely regarded as a
reasonable and effective mooring scheme. The second scheme builds
upon the first by adding four additional tensioned cables at the mid-
points of the array along the O-X and O-Y directions, oriented perpen-
dicular to the respective coordinate axes. These cables are anchored to
fixed vertical piles on the seabed (Z = —5 m), as shown in Fig. 2(b). To
maintain the structural symmetry of the platform and avoid unnecessary
torsion and offset, the anchoring points in the second scheme are placed
at the center of the rectangle defined by the anchors of the first scheme.
To ensure the reliability of the simulations, and with reference to pre-
vious experimental and numerical studies (Wei et al., 2024; Zou et al.,
2024; Yang et al., 2024), the specific parameters of the mooring cables
and floats are summarized in Table 1.

(a) Heave (b)
Z Sway
Y
Yaw Pitch
,’\‘ X Surge
Roll
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2.2. Fluid solution

In this study, the fluid is assumed to be incompressible and inviscid,
and potential flow theory is employed to describe the hydrodynamic
problem (Peregrine, 2006). Under this assumption, the velocity poten-
tial can be expressed as a scalar function ¢(x,y, z,t), whose spatial dis-
tribution satisfies the Laplace equation:

V=0 (@)

The velocity potential can be further decomposed into incident,
diffraction, and radiation components:

o(%,Y,2,t) = ¢;(x,¥,2,t) + @p(X,¥,2,t) + pp(x,¥,2,t) 2

Here, ¢; denotes the incident wave potential, describing the wave en-
ergy propagating along the free surface; ¢, is the diffraction potential,
reflecting the disturbance induced by fixed structures; and ¢y is the
radiation potential, representing the wave energy radiated outward due
to forced motion of the structure. These three components are solved
jointly by applying free surface, solid boundary, and radiation condi-
tions.

For the incident waves, linear Airy wave theory is adopted, assuming
single-frequency, unidirectional regular waves. The incident velocity
potential can be expressed as:

_ig¢, cosh k(z + H)
' w cosh kH

exp| — ik(xcosd + ysind)]| 3

where &, is the wave amplitude; 0 is the wave propagation angle rela-
tive to the X-axis; H is the water depth; k is the wave number satisfying
the dispersion relation w = gktanh kH.

The diffraction potential ¢, satisfies the solid boundary condition on
the body surface Sg:
7

0
w _ %o
9, = 9, %€ S C))

where 0/0, denotes the derivative along the outward normal of the body
surface. By numerically solving this system while applying free surface
and Sommerfeld radiation conditions, the wave excitation force F®*(w)
and its amplitude and phase can be obtained.

For a unit-amplitude harmonic motion along the j-th degree of
freedom, the boundary condition on the body surface is:
9 i

[

= —iw(n-¢),x € Sp ®
n

where ¢; is the unit vector in the j-th degree of freedom; w is the wave

frequency; i is the imaginary unit. By solving this boundary value

problem using the boundary element method (BEM), the radiation po-

tential qog) can be obtained, and the frequency-domain hydrodynamic

coefficients, the added mass matrix A(w) = [a;(w)] and radiation

damping matrix B(w) = [bj(w)], can be calculated through pressure
integration.

Fig. 1. Coordinate systems of the FPV array (a) Global coordinate system (b) Row arrangement diagram.
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Fig. 2. FPV numerical models under two mooring types (a) Top view (b) Side view. Unit: mm.

Table 1

Physical properties of the selected floater and mechanical connections.
Floater Unit Value Mechanical connections Unit Value
Length (m) 1.6 Mooring stiffness (N/m) le7
Width (m) 1.1 Cable stiffness (N/m) 5e6
Height (m) 0.2 Fender stiffness (N/m) 5e6

The diffraction force, added mass, and radiation damping are
incorporated into the frequency-domain equation of motion (Qu and
Yao, 2022):

[ - @*(M + A(0)) + ioB(w) + C|&(w) = Fexc(®) (6)
where M is the structural mass matrix; C is the hydrostatic restoring
matrix; Fe.(w) is the frequency-domain wave excitation force vector.
The frequency-domain analysis is primarily performed to obtain the
hydrodynamic coefficients, including the frequency-dependent added
mass A(w), radiation damping B(w), and wave excitation force Fey ().
These coefficients are then used as inputs for the subsequent time-
domain simulations.

2.3. Structural solution

The motion prediction of multi-connected floating bodies must
simultaneously account for the wave excitation, connecting elements
between structures (hawsers and fenders), and external mooring system.
The time-domain dynamic equation is given by:

N
Z Mkjézj(t) = Fk,wave(t) + Fk.line(t) + Fk.maar(t) + kaender(t) (7)
=1

where Mj; is the mass matrix, &(t) is the displacement vector of the j-th
degree of freedom; the four terms on the right-hand side denote the
wave excitation force, hawser force, mooring force, and fender force,
respectively. Equation (7) omits the convolution term in Cummins's
equation, which represents the transient radiation or “memory” effect.
This simplification corresponds to an instantaneous steady-state
assumption, which is appropriate for regular-wave analyses but may
neglect short-duration transient components under irregular wave
excitations.

Adjacent floats are connected by hinges to allow relative motion in
specified degrees of freedom. In this study, a single-degree-of-freedom
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hinge constraint is applied in the O-Y direction, which can be written as:

E' E'Ria
Uk—{ U =0 ®
G

ET E'Ri
0 G’

Here, Uy = (ux, 6x) denotes the generalized displacement of the k-th
rigid body, comprising translational displacement u; and rotation 6y; E is
the Euler rotation matrix; R is the skew-symmetric matrix from centroid
to connection point, and G is the hinge matrix:

€1 €2 €3 0 2k Yk 0 Z41
E=|exn exn exn|,Rk=|-2 0 X |,Rep1=|—%n 0
€3 e e Y« —xx O Yerl  — Xkl

The connection-point position vectors are defined as:
e =Xp — Xgx = (X, Yk, %), Tkr1 = Xp — Xgkr1 = (Xkg1, Y1, 201)  (10)

with X, the position of the connection point in the global coordinate
system, and X, Xgx1 the centroids of adjacent rigid bodies.

The hawser force Fy ji,e and fender force Fy genger are modeled as linear
springs that activate only when stretched or compressed:

{ Kl(l*lo),l>lo { Kf(éféo).5>60
Fk.line = s L'k fender — an

0,1<1, 0,5 < 6o
where [ is the instantaneous length; I, the unstretched length, K; the
hawser stiffness; 6 the instantaneous gap; &y the initial clearance, and K
the fender stiffness. In this study, since K, ly, and &, are identical for the
hawser and fender, their behavior is effectively linear. The activation
form is retained only for generality and consistency with future
nonlinear cases.

The mooring system provides additional constraints and restoring
forces to keep floats within the operational region. This study considers
Tension Leg Platform (TLP), assuming mooring lines behave as exten-
sible elastic cables. The mooring force is expressed as:

7 - Km(Lm - Lm0)7Lm > LmO (12)
k.moor 07Lm < Lmo

where K, is the equivalent stiffness; L,, the instantaneous line length,
and Lpo the initial slack length. Line elongation not only provides
restoring forces but also introduces nonlinear effects that play an
important role in suppressing low-frequency drift.

Gap resonance commonly occurs in narrow regions between adjacent
floats in multi-float systems. When the incident wave frequency ap-
proaches the natural frequency of the gap water, surface oscillations are
significantly amplified, resulting in pronounced resonance responses
(Zhao et al., 2017). Studies indicate that the second-order harmonic
components of gap responses may even exceed the primary harmonic,
primarily due to nonlinear coupling between incident waves and
structures (Zhang et al., 2023b). If both the floats and the gap water
resonate simultaneously, the free-surface amplitude may be diminished,
particularly on the windward side, an effect influenced more by float
stiffness and water depth than by spacing.

In potential-flow-based numerical simulations, neglecting fluid vis-
cosity often overestimates gap surface elevations, producing unrealistic
“shock-wave” solutions. To address this issue, artificial damping is
commonly introduced. Chen et al. (2024) proposed the damping-lid
method, which adds a velocity-proportional term to the hydrodynamic
equations, effectively introducing a damping term in the free-surface
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boundary condition, to suppress excessive surface elevation. This
study adopts the empirical parameter ¢ = 0.15. The modified Bernoulli
equation is given by:

p 9 1 _

p+g2+at+2(V(p)+e(u(p—O 13)
where o is the natural frequency of the array and ¢ is the artificial
damping coefficient. The modified free surface boundary conditions are
as follows:

—Yk+1 €12
X1 |[,G= | ex (C)]
0 (2]
0P op
-1 +ls)?q)n+a(p,3:0,z:0 14)

2.4. Verification and wave loading

Before conducting potential-flow analysis on the complete FPV sys-
tem, a hydrodynamic validation of multiple unconnected floats is per-
formed to ensure the accuracy of structural motion characteristics under
wave conditions, following the approach of Wei et al. (2024) and Zou
et al. (2024). It should be noted that the existing validation is only a
simplified model used in simulation to confirm the consistency of the
model in the overall trend. The validation, subsequent computations,
and dataset generation are all carried out in ANSYS-AQWA, using the 3D
potential-flow method described earlier. The configuration of the vali-
dation model is consistent with the experiments of Chen et al. (2021)
and Chen et al. (2023). The model consisted of several laterally arranged
floats, as shown in Fig. 3, with specific parameters listed in Table 2. The
floats are symmetrically arranged, with their centers of gravity located
at the geometric centers and their mass uniformly distributed.

To verify the accuracy of the numerical computations, the heave and
pitch RAOs of three configuration models are compared with the results
of Chen et al. (2023), as shown in Fig. 4(a) and (b). The hydrodynamic
coefficients are first obtained from the frequency-domain potential-flow
analysis, and then used in the time-domain simulations to compute the
motion responses under regular waves. The steady-state responses are
analyzed to extract the corresponding RAOs for comparison. To clearly
reveal the hydrodynamic coupling effects among multiple floats,
different curve styles and symbols are used to illustrate the influence of
float number on the response amplitude. In the low-frequency range

(a) s

(b) '[ X Incident waves

—> —

Incident waves
—_—

(C) T_)\ Incident waves

—_—

Fig. 3. Plan view of three configurations (a) 1 module (b) 2 modules (c)
3 modules.
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Table 2

Geometrical parameters of a single floater.
Module characteristics Unit Value
Length m 100
Width m 50
Depth m 5
Centre of gravity above base, KG m 2.5
Draught m 2
Moment of inertia, I m* 14.5
Moment of inertia, I, m* 28.9
Moment of inertia, I, m* 32.3

(f < 0.5rad /s), the heave RAOs of all three configurations remain at
high levels, with good agreement between the reference (ref) and vali-
dation (val) curves, and only minor differences among different float
numbers. As the frequency increased to 0.5 — 1.5 rad/s, the heave RAO
exhibits a rapid decline, with almost no difference across configurations.
In the validation model, the number of floats has a significant effect on
the pitch peak: the single-float case shows the highest peak, followed by
decreasing peaks for the two-float and three-float cases. It should be
noted that potential-flow theory assumes an inviscid, ideal fluid;
therefore, an additional damping factor is introduced, as discussed
earlier. The empirical damping coefficient ¢ is introduced by adding a
velocity-proportional term into the linearized Bernoulli equation and
modifying the free-surface boundary condition. This damping is re-
flected in the potential-flow solution through the altered free-surface
boundary (Zou et al., 2024), and the frequency-domain added mass
and radiation damping obtained from the potential-flow analysis
therefore include this free-surface damping effect. The specific response
errors between the present model and the experimental results are listed
in Table 3. The pitch response exhibits a resonance peak near the rota-
tional natural frequency, whereas the heave response attains its
maximum at a longer wave period. This behavior agrees with the ex-
pected physical trend that pitch motion is more sensitive to damping
effects. The present conclusions may vary with different damping levels.

The numerical simulations are extended to a 7 x 11 FPV array under
different wave conditions and mooring configurations. The results are
expressed as dimensionless Response Amplitude Operators (RAOs),
which are independent of specific scales and thus possess stronger
generality, allowing extrapolation to various system sizes. For the inci-
dent wave, the wave height is set to H = 0.1 m, and the ratio of wave-
length 4 to the wave-facing dimension W in the O-X direction is defined
as the dimensionless parameter R = 1/W. The RAOs for heave and pitch
are defined as (Huang and Thomas, 2019):

RAOheave = % (15)
RAOjq, = L= 16)
'pitch — H

where A = H/2 is the incident wave amplitude; k = 27/4 is the wave

Heave_ref_one
©  Heave_val_one
Heave_ref two
Heave_val_two
Heave_ref three

Heave_val_three

0.6

Heave RAOs

®
=

0.2

00

0.0

T (rads/s)
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number, and A; and g, denote the amplitudes of heave and pitch,
respectively.

The simulation setup is illustrated in Fig. 2. Under Quadrilateral
mooring with R = 5, Fig. 5(a)-(b) show the contour map of RAOSpeqye
and the heat map of RAOsp;, at # = 0°. Similar to the findings of Ou
et al. (Wei et al., 2024), the heave response is generally larger than the
pitch response, though both exhibited consistent spatial distributions.
The strongest response occurs in the directly wave-facing modules, fol-
lowed by a rapid decay along the propagation direction, with two sec-
ondary peak regions emerging inside the array. This results from the
interference of scattered, incident, and radiated waves during wave
propagation within the array, forming standing-wave patterns and
producing secondary peaks at the center. Toward the rear of the array,
phase superposition of scattered and reflected waves causes RAOs to rise
again. In multi-float systems, the internal floats exhibit both energy
attenuation and potential local energy concentration.

For nearshore FPV systems, wave incidence is typically between 0°
and 60°. To save computational resources and reflect realistic condi-
tions, the maximum incident angle 6 is set to 60°. Fig. 5(c)—(d) present
the RAOSpeqye contour map and RAOsy;, heat map for Quadrilateral
mooring with R = 5 at & = 60°. Consistent with Zou et al. (2024), larger
incident angles significantly alter the heave and pitch responses, and the
spatial uniformity disappears.

The heave response becomes concentrated in the lower-right region,
with high-response areas becoming more localized, while the pitch
response is concentrated in the upper-right region with a peak exceeding
that of the head-on wave case. Notably, although oblique waves inten-
sify local pitch responses, the overall number of high-response modules
decreases. Oblique incidence concentrates energy along the diagonal
channel of the array, resulting in asymmetric distributions. Further-
more, due to asymmetric wave pressure, the lower-right floats experi-
ence greater longitudinal rotational excitation, shifting the pitch peak
toward the upper right. These local floats absorb most of the rotational
energy, which may significantly increase fatigue loads at specific
positions.

2.5. Dataset generation

Considering the nearshore deployment conditions of the tension-leg
FPV system, the incident wave angle is set to 0°-60°, covering typical
oblique wave directions in such environments. The wavelength ratio

Table 3
Uncertainty evaluations on structural motions.

Different combinations Uncertainty level (%)

Mean heave RAOs Mean pitch RAOs

One floater 1.4 % 9.5 %
Two floaters 5.2 % 9.5 %
Three floaters 6.74 % 14.4 %

Pitch_ref_one
Pitch_val_one
Pitch_ref _two
Pitch_val_two
Pitch_ref_three
Pitch_val_three

Pitch RAOs

L5
f (rads/s)

Fig. 4. RAOs of the multi-floaters under various wave conditions (a) Heave (b) Pitch.
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Fig. 6. Dataset construction (a) Latin hypercube sampling (b) Datasets for training and validation of deep learning models.

R =2 — 10 is chosen following Refs. (Zou et al., 2024; Yang et al., 2024),
representing short-to-long wave conditions commonly observed near-
shore. Meanwhile, to facilitate subsequent machine learning modeling,
the two mooring types, Quadrilateral Mooring and Cross-Quadrilateral
Mooring, are encoded using One-Hot representation as 0 and 1,
respectively. Using Latin hypercube sampling, 400 combinations are

selected within the three-parameter input space. As displayed in Fig. 6,

the 400 samples are divided into 80 % for training the machine learning
model, 10 % for validation to tune hyperparameters, and 10 % for
testing to evaluate the final accuracy and generalization capability.
Subsequently, numerical simulations are conducted in ANSYS-AQWA
for all 400 cases, yielding the RAOSpeqy. and RAOsyc, of 77 modules in
each case to construct the complete dataset.
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3. Machine learning framework
3.1. Random forests model

A decision tree serves as the base learner of the RF, with its training
comprising the construction of a tree structure. The algorithm recur-
sively partitions the training set by identifying the optimal feature and
split point, aiming to minimize the mean squared error (MSE) of sample
labels within each node, until the predefined stopping criterion is
satisfied (De'ath and Fabricius, 2000).

If the training set is ultimately divided into N leaf nodes, denoted as
LeafNode;_1,...,LeafNode;_y, then for a new input x, its prediction can be
expressed as

N
flx) = Z avgil(x € LeafNode;) a7)

Here, avg; represents the average of the sample labels within LeafNode;;
and I is an indicator function that equals 1 if x belongs to the corre-
sponding LeafNode;, and O otherwise.

The RF is an ensemble learning method built upon the Bagging
framework (Breiman, 1996). Its core lies in training a large number of
mutually independent decision trees and aggregating their predictions
to determine the final output, thereby achieving good generalization
performance and strong resistance to overfitting. The training mecha-
nism consists of two key components: (1) bootstrap sampling draws
samples with replacement from the original training set, generating
unique training subsets for each tree and forming base learners with
distinct structures; (2) feature randomness (Breiman, 2001) is intro-
duced by selecting a subset of features at each node split to determine
the optimal split point, which significantly enhances model diversity
even when trained on identical sample subsets.

As exhibited in Fig. 7, if the random forest contains B decision trees,
with the prediction of the j-th tree denoted as f;(x), then for a new input
X, its prediction is expressed as:
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Input 0, R, Moring type

Hidden
layer

Output
layer

Coefl 1, Coef 2, ..., Coel K

Fig. 8. Structural diagram of the multilayer perceptron model.

essentially a typical feedforward neural network. It consists of an input
layer, one or more hidden layers, and an output layer, with neurons in
each layer are connected through weighted links to achieve information
transmission and nonlinear transformation. The key concept is that
nonlinear activation functions in the hidden layers (e.g., Tanh, ReLU)
map input features into a higher-dimensional representation space,
theoretically allowing the approximation of any continuous function
and thereby enabling complex nonlinear modeling capabilities (Hornik
et al., 1989).

For an L-layer MLP model, the propagation function can be expressed

as:
18 h® = 19
gx) =5 D fix) 8) x 1
=1
hY — a(W“)h(H) +b(”) 1=1,2,...L -1 (20
3.2. Multilayer perceptron

Lyer percep y:y(W(L)h(L—1)+b(L)) @1

Fig. 8 illustrates the structural composition of a MLP, which is

1 &

90 =5 ) f() (18)
j=1

Training set

Bootstrap Sampling

DecisionTree;

filx) fa(x)

|

5
1
gx) = BZ’!"‘)

DecisionTree;_,

DecisionTree;_,

8 e fua(x)

Fig. 7. Structural diagram of the random forest model.
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Here, x denotes the input vector, y the output vector; W® and b
represent the weight matrix and bias vector of the I-th layer, respec-
tively; « is the nonlinear activation function in hidden layers, while y is
the activation function of the output layer.

The training process of the MLP is based on the backpropagation (BP)
algorithm, combined with gradient descent or advanced optimizers to
iteratively update parameters and minimize the error between predicted
outputs and ground truth values (Erwin, 1986). During back-
propagation, gradients are computed layer by layer using the chain rule.
For instance, the gradient of the weight matrix in the I-th layer can be
written as:

20 = w4 p? (22)

0o 07 onY az0

ow® ~ on0 920 oW @3

where 2 represents the weighted summation at the I-th layer. Through
repeated iterative training, the network progressively adjusts its weights
and biases, improving both its fitting capability and generalization
performance.

3.3. Data preprocessing

Although a complete dataset has been obtained through numerical
simulations, input features must still be standardized prior to ML model
training. The purpose of standardization is to map features with
different dimensions and ranges onto a unified numerical scale, thereby
preventing certain features with larger magnitudes from dominating the
training process, and enabling the optimizer to achieve faster and more
stable convergence during gradient descent. The standardization for-
mula is as follows:

Xi—pu
o

X, = (24)
where X; denotes the raw feature, while x and o represent the mean and
standard deviation of the training features, respectively. The standard-
ized feature X; thus has zero mean and unit variance.

For each set of input features, the corresponding output target Y is a
154-dimensional high-dimensional vector sequence, representing the
RAOSspeqve and RAOsy;ch, of 77 floaters. Directly predicting the entire Y
may introduce redundant information and noise, impairing training
effectiveness. Conversely, training each floater independently neglects
the potential coupling effects between adjacent floaters. To address this
issue, principal component analysis (PCA) is applied to Y, mapping the
high-dimensional data into a lower-dimensional subspace while
retaining the dominant variance information.

Specifically, Y is first mean-centered column-wise, and the principal
directions are extracted through eigenvalue decomposition of the
covariance matrix. The projection matrix Vj is constructed from the
eigenvectors corresponding to the top k largest eigenvalues. The
dimensionality reduction process is expressed as:

Yeca = (Y -Y)Vi (25)

where Y is the column-wise mean vector, and Ypcy4 is the reduced low-
dimensional representation. This procedure retains as much of the key
variance as possible, eliminates redundant dimensions, and improves
stability under limited-sample conditions.

It should be further noted that during prediction, since the model
outputs reside in the reduced principal component space, they must be
mapped back to the original feature space. The inverse transformation is
given as:

?0"-8 = /Y\pCA VkT Jr Y (26)

Ocean Engineering 349 (2026) 124192

where Ypcs denotes the low-dimensional prediction, and ?m-g is the
reconstructed output in the original space. This inverse mapping ensures
that evaluation metrics are computed in the original space, thereby
enhancing the comparability and interpretability of the model.

The linear transformation of PCA may potentially filter out local
phenomena with low variance but high physical significance, particu-
larly those corresponding to extreme responses under engineering
design conditions. To quantitatively assess this possibility, several floats
with the top 5 % highest peak responses in the training dataset are
independently analyzed while retaining 98 % of the cumulative vari-
ance. For each selected float, the top 10 % of its largest peaks were used
to calculate reconstruction errors. As summarized in Table 4, although
the PCA-based dimensionality reduction is primarily governed by global
variance contributions, it still demonstrates satisfactory capability in
preserving the extreme responses of key structural components. How-
ever, it should be noted that in the most extreme cases, the reconstructed
peak magnitudes tend to be slightly lower than the original values.

4. Results and discussion

Different ML models are designed to address various practical
problems, employing distinct approaches to capture the complex
nonlinear relationships between input variables and predicted outputs.
In this study, RF and MLP models are trained using scikit-learn in Python
(Pedregosa et al., 2011) to predict the principal motion responses (heave
and pitch RAOs) of FPV systems under varying environmental loads and
mooring configurations.

The model development and overall workflow are demonstrated in
Fig. 9. Given the significant influence of hyperparameters on predictive
performance, Grid Search cross-validation (GridSearchCV) is employed
to optimize the model's hyperparameters (Adnan et al., 2022). The
optimal hyperparameter set for the RF model is identified as follows:
n_estimators = 200, max_depth = 12, min_samples_split = 2, min_sam-
ples_leaf = 1. For the MLP model the best hyperparameters are: acti-
vation = ‘tanh’, L2 regularization (alpha) = 0.01, hidden_layer sizes=
(100, 50), initial learning rate = 0.001, solver = 'lbfgs'. The MLP model
is ultimately selected for further and in-depth analysis of predictive
performance and results.

4.1. Qualitative analysis of prediction results

To intuitively evaluate the predictive accuracy of the two machine
learning models, two samples are randomly selected from the test set
and their predicted values are compared with the ground truth. Spe-
cifically, the 77 floating modules are sequentially numbered from left to
right and top to bottom as the x-axis, while their corresponding RAOpeqye
or RAOp, values are plotted along the y-axis. Two sets of input pa-
rameters are selected: & = 55, R = 3.98, moring type =1 and 6 = 38,
R = 9.31, moring type = 1, as described in Fig. 10.

Both machine learning models successfully captured the overall
trend of RAOs, though differences in predictive performance are
evident. In Fig. 10(a)-(b), the RF model yields consistently larger pre-
dictions than the MLP model, deviating more from the ground truth.
This can be attributed to the higher dynamic responses on the wave-
facing side, where extreme variations induced by wave loads are

Table 4
PCA reconstruction accuracy for the top 5 % of floats (with the top 10 % peaks
within each float).

Floater AbsErr mean AbsErr max RelErr mean (%) RelErr max (%)
21 0.0174 0.0468 1.8 4.94
(3,1) 0.0189 0.0525 1.77 4.78
4,1) 0.0202 0.0591 1.83 5.47
5,1) 0.0172 0.052 1.58 4.71
6,1) 0.0248 0.1011 2.36 9.35
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Five-fold cross-validation

Ocean Engineering 349 (2026) 124192

Grid search for hyperparameter tuning

Initial combination of hyperparameter

" Val Fold
| Iteration 1 ; I

I—) Training Fold
I

3
1
1
1

1

e

]
| Tteration 2 [ | I | |
| Iteration 3 [ I | | | |
| Iteration 4[ | | || ]

|
1 Iteration 5]

Training set (80%)
CFD
simulation Validation set (10%)
R — Test set (10%)

I
Fold1 Fold2 Fold3 Fold4 Fold5
’

l

Update the combination

1
|
|
1
!

1
1
|
1
1

RF and MLP model training :
1
|
1
1
1

b o ’
RF model with optimal MLP model with optimal
hyperparameter hyperparameter

Model explainability analysis

| Making predictions on the test set I

I |

MLP model RF model
prediction results prediction results

l |
1

Comp: g model
performance

Fig. 9. Development and analysis procedure for machine learning models.

difficult for RF to capture accurately. Although the RF model is robust to
non-smooth decision boundaries and outliers, its leaf-averaging mech-
anism tends to overestimate when only a few extreme samples are
present, pulling neighboring predictions upward. For example, the ex-
istence of an exceptionally large peak in Fig. 10(a) leads to overall
higher RF predictions, whereas such a phenomenon is absent in Fig. 10
(b).

In contrast, the results depicted in Fig. 10(c)-(d) demonstrate that,
although both models exhibit reasonable performance, the MLP model
generates predictions that more closely aligned with the true curves.
Since RAO fields driven by wave loads are continuous in the frequency
domain and are generally formed by the superposition of dominant
spatial modes (diffraction/interference modes), employing continuously
differentiable functions for fitting is more physically appropriate than
using piecewise-constant approximations. By utilizing joint training, the
MLP model is better equipped to maintain the relative amplitudes
among different modes, thereby yielding more consistent predictions at
extreme points.

Overall, both the MLP and RF reproduce the principal spatial vari-
ation patterns and do not exhibit non-physical phase reversals or abrupt
oscillations between adjacent floaters. Local discrepancies are observed
predominantly in regions with steep RAO gradients, where a floater may
be slightly under-predicted while its neighbor is slightly over-predicted.
These deviations are small in magnitude and do not appear to be sys-
tematic. For connector-level force estimation or fatigue assessment,
however, a dedicated analysis with higher-fidelity hydrodynamic/
structural coupling or expanded targeted measurements would be
required.

Both models are trained to minimize the Mean Squared Error (MSE).
However, the MLP utilizes gradient-based continuous approximation in
function space to distribute errors across the input domain, thereby
reducing the overall squared error. After PCA removes part of the noise,
this approach further enhances the preservation of the relative heights of
rare peaks. Except for the 67th module in Fig. 10(a), where the absolute
deviation between prediction and ground truth is relatively large, the
MLP achieved good fits across all other modules. In contrast, the RF

10

model, constrained by its piecewise constant leaf-averaging, is suscep-
tible to local averaging bias or staircase-like errors when extreme values
are rare in the training samples. Therefore, while individual case com-
parisons offer valuable insight, they are insufficient for a comprehensive
evaluation, necessitating further quantitative analysis of both models.

4.2. Quantitative analysis of prediction results

In regression tasks, the coefficient of determination (R?) is one of the
key metrics used to evaluate model performance, as it quantifies the
extent to which the model explains the variance of the dependent var-
iable. By comparing prediction errors with those of a baseline model, R?
intuitively reflects the quality of the fit. Essentially, it measures the
proportion of variance explained by the model, where a higher pro-
portion indicates better performance. An R? value of 1 indicates perfect
prediction, which is virtually unattainable in practical machine learning
tasks. When R? < 0, it suggests that the model is mis-specified or the data
is highly noisy. Typically, an R? between 0.4 and 0.8 indicates that the
model captures part of the underlying pattern but still leaves much room
for improvement; an R? between 0.8 and 0.9 implies that the model
captures trends effectively; and an R? greater than 0.9 suggests excellent
predictive accuracy.

The test set, which is not seen during training, is used to evaluate the
model's generalization ability. Accurate predictions on the test set
indicate practical usability. Since hydrodynamic simulations are
computationally expensive, it is important to investigate the number of
simulations required for a machine learning model to achieve reliable
fitting. Fig. 11(a) presents the predictive performance of RF and MLP
models with varying training data sizes. Overall, R? increases with more
training samples, as the models learn trends more effectively. Remark-
ably, with only 10 % of the training data, both models achieved R?
values above 0.9, indicating that they have already captured the key
patterns, such as the spatial distribution and approximate magnitudes of
heave and pitch responses, despite remaining deviations from the
ground truth. When 60 % of the training data is used, the R? of the MLP
model plateaued at 0.99, while the RF model's R? increases slightly to
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0.98. Therefore, selecting the simulation scale based on practical needs
is reasonable, as a small fraction of simulations can already reveal
overall patterns, while using 60 % yields nearly the same predictive
accuracy as the full dataset. In practice, 1-2 % of variance remains
unexplained, which is normal and expected, as perfect fitting is nearly
impossible. Overall, the MLP model outperformed the RF model in terms
of training speed, stability, and final accuracy. Owing to the feedback-
based learning mechanism of neural networks, the MLP demonstrates
distinct advantages in predicting the motion responses of FPV systems.
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Root Mean Squared Error (RMSE) is another core metric in regres-
sion tasks, measuring the deviation between predicted and true values,
where smaller values indicate higher accuracy. Fig. 11(b) presents the
RMSE curves for the MLP model over 1000 epochs for both training and
validation sets. Both curves consistently decrease and plateau after
approximately 400 epochs, indicating that the model continues to learn
and eventually converges. No increase in validation error is observed,
confirming that overfitting does not occur. Although the training RMSE
is slightly lower than the validation RMSE, the difference is minimal,
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suggesting that the model does not merely memorize noise and gener-
alized well. Overall, the steadily decreasing and converging RMSE
curves validate the suitability of the chosen MLP model and hyper-
parameters, demonstrating that the approach is both well-suited and
robust for the related problem.

The extreme RAO peaks are among the most critical parameters in
engineering design. A model may achieve high overall accuracy for the
majority of low-response floaters while failing to capture the few floaters
experiencing the largest loads. Fig. 12 presents the comparison between
the predicted and true RAOs for all floaters in the test dataset, where
points closer to the 1:1 reference line indicate smaller prediction errors.
Yellow markers denote the top 10 % RAO values, blue markers represent
key floaters exhibiting the highest peak responses among all cases, and
red markers highlight the intersection of these two subsets. The results
demonstrate that both the MLP and RF models maintain strong consis-
tency with the reference data even for extreme responses, without clear
underestimation or overestimation of peaks. Overall, the MLP model
outperforms the RF model. Nevertheless, a slight degradation in pre-
dictive accuracy is observed for the largest RAO values. This is likely
because such extreme events occur infrequently in the dataset,
providing limited samples for model training.

4.3. Model explainability analysis

4.3.1. Importance analysis of input features

Feature importance analysis aims to reveal the extent to which each
input feature influences the model's predicted outputs and identifies
which features have decisive effects. In the prediction of dynamic
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responses for FPV systems, understanding the importance and contri-
bution of input features is crucial for system safety design and optimi-
zation. Metrics such as MSE quantify overall prediction error from a
global perspective. However, they do not indicate the contribution of
individual features or reveal how variations in features affect model
outputs. Therefore, this study employs the SHapley Additive exPlana-
tions (SHAP) method (Lundberg and Lee, 2017), based on the Shapley
value from cooperative game theory, to provide a deeper interpretation
of the MLP model. Since both MLP and RF models exhibit highly
consistent predictive trends, the SHAP-based feature importance is
analyzed only for the MLP model. The dominant factor R and the relative
contributions of mooring type and incident angle are verified to be
consistent across both models. Therefore, the MLP-based SHAP analysis
is considered representative of the overall feature-dependence
characteristics.

The relative importance of an input feature can be measured by
averaging its absolute Shapley values across all samples. The scale of the
Shapley value corresponds to that of the feature, and a larger value in-
dicates a greater contribution to the prediction. It should be noted that,
although PCA dimensionality reduction is applied during prediction, it
does not affect feature importance evaluation.

Fig. 13 presents the SHAP-based global and extreme-response feature
importance for both heave and pitch RAOs. Panels (a) and (c) show the
global SHAP summary plots computed over the entire test dataset,
illustrating the overall distribution of feature contributions. Panels (b)
and (d) correspond to the Top 20 % RAO subset, which includes the
highest 20 % of predicted response amplitudes in the test set, repre-
senting near-extreme conditions. Each point represents a test sample,
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and color denotes the normalized feature value (blue = low, red = high).
In the global SHAP distribution (Fig. 13(a)), the geometric ratio R is the
dominant predictor for heave RAOs, exhibiting the widest SHAP spread
and the largest mean magnitude. This indicates that vertical motion is
primarily governed by the wavelength-to-structure size relationship,
consistent with hydrodynamic scaling laws and potential-flow pre-
dictions. The incident angle ¢ and mooring type contribute less on
average, implying that directional and connection effects mainly redis-
tribute wave loads spatially rather than changing the overall heave
magnitude. However, when the analysis focuses on the Top 20 % high-
response subset (Fig. 13(b)), the SHAP contribution of mooring type
increases substantially, while that of § becomes slightly more dispersed.
This shift suggests that, under near-resonant conditions or strong multi-
body coupling, mooring stiffness and connection configuration signifi-
cantly affect the maximum vertical motion. Therefore, while R domi-
nates the mean hydrodynamic response, mooring effects become critical
in determining peak amplitudes relevant to design safety.

For pitch (Fig. 13(c)), the global SHAP summary shows that the
incident angle 0 is the most influential input variable, followed by R;
mooring type exhibits minimal contribution. This trend reflects that
pitch excitation is mainly driven by wave directionality, since oblique
waves induce asymmetric loading across the array. In contrast, the Top
20 % subset (Fig. 13(d)) reveals an enhanced influence of R, while 6
remains dominant. This implies that the largest pitch responses occur
when both a high aspect ratio (large R) and oblique incident waves
coexist, promoting stronger phase asymmetry and rotational excitation.
Mooring configuration still has limited impact on pitch, suggesting that
rotational dynamics are primarily governed by hydrodynamic rather
than structural constraints.

Fig. 14 illustrates the pairwise SHAP interaction plots for heave and
pitch responses. For the heave motion, the wavelength ratio R is clearly
the dominant factor, showing a nearly linear positive relationship with
the SHAP value, while 6 has a minor amplifying effect when R is large.
The mooring type does not exhibit a systematic influence on either 6 or
R, suggesting that the heave motion is primarily governed by wave-
-structure resonance rather than mooring stiffness. In contrast, for the
pitch motion, § becomes the dominant predictor, with SHAP values
increasing almost linearly with 6. The effect of R is secondary and shows
noticeable interaction with @ but remains insensitive to the mooring
configuration. Overall, the Cross-Quadrilateral mooring slightly
broadens the SHAP value distribution but does not fundamentally alter
the dominant physical dependence. These interaction plots confirm that
R mainly drives the heave response through wavelength-structure
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coupling, whereas 6 controls the pitch response via asymmetric excita-
tion moments. The mooring type acts only as a secondary modifier,
influencing extreme cases but not changing the overall feature
hierarchy.

4.3.2. Analysis under different loads

Based on the validated models and the dataset obtained from reliable
simulations, the machine learning models can efficiently and accurately
predict the primary motion responses of FPV systems under different
wave loads and mooring types. This allows for a more intuitive and
convenient analysis of how incident angle, mooring type, and the wave
length-to-floating body width ratio (R) affect the floating body re-
sponses. Fig. 15(a)-(b) present the RAOpqy. and RAOp;; for each
floating body under nine typical wave load and mooring scenarios, with
the incident wave direction consistent with that in Section 2.4. With the
trained predictive model, computations using a GTX4070 GPU take only
a few seconds, whereas running the corresponding simulation model
requires at least several hours from setup to computation.

From Fig. 15(a), it can be seen that RAOp.,. exhibits clear patterns
with respect to both R and 6. As R increases from 3 to 9, the overall heave
response significantly intensifies. In particular, the peak and secondary
peak distributions are more distinct on the wave-facing side and the
trailing edge of the array. This occurs because as R increases, the com-
bined effects of wave radiation and diffraction lead to local energy
accumulation. Differences due to incident angles are also evident: at § =
15°, the response distribution is relatively symmetric, similar to that
shown in Fig. 5. As the incident angle increases, the response distribu-
tion gradually shifts along the wave propagation direction, with
enhanced front-edge responses and weakened rear-edge responses. This
shift indicates that oblique waves induce stronger phase differences and
spatial interference within the array, leading to a more uneven energy
distribution.

The effect of mooring type is also significant: Cross-Quadrilateral
Mooring provides stronger constraint on the heave response than
Quadrilateral Mooring, leading to a slightly lower overall response,
particularly when R is large. Fig. 15(b) shows the variation of RAOych.
Compared to heave, pitch response is more sensitive to the incident
angle. When R = 3, different incident angles and mooring types have
minimal impact, and all floating bodies exhibit low pitch levels. As R
increases, the incident angle and mooring type begin to significantly
influence the pitch response.

Similar to heave, floating bodies on the wave-facing side show larger

responses, while the trailing edge exhibits weakened motion.
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Interestingly, under high incident angles and large array sizes, Cross-
Quadrilateral Mooring has a more pronounced pitch-constraining ef-
fect, suppressing peak pitch responses. Compared with the conventional
quadrilateral mooring, the cross-quadrilateral mooring introduces
additional restoring stiffness at the geometric center of the FPV array.
This configuration effectively constrains the excessive responses of the
internal modules, which are otherwise weakly restrained in the four-
corner scheme. By redistributing wave-induced loads more uniformly
across the array, the cross arrangement reduces the relative displace-
ments between adjacent modules and alleviates local resonance phe-
nomena. Moreover, the added symmetric constraints enhance the anti-
torsional capability of the system, particularly under oblique wave
incidence, thereby suppressing extreme pitch responses. As a result,
both the overall RAO level and the peak responses are reduced,
demonstrating that introducing central mooring lines can serve as an
efficient strategy to improve the hydrodynamic stability of modular FPV
systems.

5. Conclusions

Existing simulation approaches have high computational costs that
are not suitable for large-scale FPV projects that have numerous floaters
and wave conditions. For tasks that require extensive parameter anal-
ysis, Al-based rapid prediction approaches may be practical. This study
develops two machine learning models: a tree-based RF model and a
neural network-based MLP model, and evaluates their performance,
serving as an alternative to traditional simulation methods. These
models require only key input parameters, such as incident angle, wave
length-to-floating body width ratio (R), and mooring type, to predict the
primary motion responses (heave and pitch) of FPV systems under
various conditions. Based on the analysis, the main conclusions are as
follows:

e Machine learning models such as RF and MLP can accurately predict
the RAOpeqve and RAOyc, of FPV systems. In the presence of noise in
the simulation data, combining potential flow simulations with PCA-
based dimensionality reduction allows efficient dataset construction
without losing physical realism.

Machine learning models trained on datasets obtained from
potential-flow simulations can accurately predict most conditions
across the entire parameter space, providing rapid and reliable sur-
rogate predictions with substantially reduced computational cost
compared to direct simulations.

SHAP-based interpretability analysis reveals that R is the dominant
factor for heave motion, exhibiting a clear positive contribution
consistent with wave-structure resonance mechanisms. In contrast,
the pitch motion is primarily governed by 6, which controls the
spatial asymmetry and excitation moments of the array. The
parameter R acts as a secondary factor that modulates pitch re-
sponses through its interaction with 6.

Although mooring type is not a decisive factor, Cross-Quadrilateral
Mooring can effectively reduce peak motion responses when R is
large and overall system motion is high.

The study demonstrates that data-driven machine learning models
have great potential for predicting multi-body motion responses, which
is essential for accelerating FPV system optimization, structural design,
and condition monitoring. With more industrial FPV projects available
in the future, Al-based approaches should have more extensive appli-
cations based on their superior practicalities.

Although the proposed framework demonstrates strong predictive
performance and clear physical interpretability, several limitations
should be acknowledged. The time-domain formulation adopted in this
study neglects Cummins's memory function, and thus transient wave
radiation effects are not explicitly represented. In addition, while the
model successfully reproduces the overall spatial patterns and mean
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RAO responses, its accuracy in predicting the absolute maxima and fine-
scale spatial gradients across the floater array has not been indepen-
dently validated. The use of PCA introduces a linearity assumption and
potential information loss, which may slightly affect the reconstruction
of localized resonance peaks. Furthermore, all simulations were per-
formed under regular-wave conditions, which may omit some effects in
real-life projects. Finally, the present model was developed and cali-
brated for a single FPV geometry and mooring configuration, and its
general applicability to other layouts remains to be further evaluated.
These simplifications define the scope of the current work, and future
studies will extend the framework to irregular waves and other FPV
configurations to enhance generality and robustness.
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