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Offshore floating photovoltaics (OFPVs) emerge as a promising solution to overcome land constraints associated
with inland renewable energy deployment. However, as OFPVs are still a developing technology, several
performance-related uncertainties persist. The reduction in energy yield caused by wave-induced losses (WIL)
is one such critical uncertainty that needs to be understood, quantified and minimised. To address this need,
this work introduces a physics-based modelling framework that couples validated hydrodynamic simulations
with opto-electrical analysis to accurately estimate WIL. An extensive sensitivity analysis is then carried out,
performing over 100 simulations by systematically varying both design and environmental parameters. The
results show that WIL ranges between 1%-30% on an hourly basis and exhibits a nonlinear dependence on
both parameter groups. The resulting dataset is then used to develop SWIFT 1.0 - a surrogate model capable
of predicting WIL across a wide range of design and operating conditions, achieving an average absolute RMSE
of 3% relative to the physics-based model. The insights from SWIFT 1.0 are finally used to provide practical
measures that minimise WIL at a system design level. Overall, this work provides a complete pathway to
model, quantify, predict, and minimise WIL, promoting confident and scalable OFPV deployment.

1. Introduction of OFPV systems is not only essential for technology development
and design optimisation, but also for large-scale deployment. Yet, our
ability to confidently quantify it remains limited, as most existing
installations are recent (within the last 2-3 years) making long-term
performance prediction all the more difficult. Unlike Ground mounted
PV, EY prediction for OFPVs is complicated due to several offshore-
specific factors such as dynamic motion (effect of waves), cooling
(effect of water temperature), optical changes (effect of shading and
soiling), and long-term degradation (effect of salinity and mechanical

COP28 held in 2023, had proposed a target to member countries
aimed at achieving a global renewable energy capacity of ~11 TW by
2030 [1-5]. With solar energy being one of the key drivers in energy
transition, achieving this target would require a 9 time increase in the
installed capacity compared to the installations in 2024 (~2.1 TW) in
the span of 5 years [1-4]. With growing population and increasing
competition from agricultural conservation, industrial development,
and socio-environmental constraints, there is a significant uncertainty

in the availability of land for renewable energy installations — both
now and in the future—highlighting the critical spatial bottleneck
that might affect the pace of the energy transition [6]. Therefore,
innovative technologies that can mitigate this uncertainty is both timely
and necessary. This is where new technologies such as offshore float-
ing photovoltaics (OFPV) could be a promising and reliable solution
[6-12].

However, as with any emerging technology, OFPVs face several
technological challenges — one of the most critical being the pre-
diction of the Energy Yield (EY). Understanding the long-term EY
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loads) [6]. These effects are highly site- and design-dependent, making
accurate prediction essential yet extremely challenging.

Among all influencing factors, the dynamic motion caused by waves,
wind, and currents is particularly unique to OFPVs and has a significant
impact on the EY, as it continuously alters the module orientation
(tilt, 6, and azimuth, a,) over time. For instance, in unit archetypes
(a unit archetype is defined as a single geometrical unit of the floater
design on which the PV modules are mounted) that can host multiple
PV modules on a single floater, all modules on one floater share the
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Abbreviations

COP28 28th UN Climate Change conference

EY Energy yield

LEP Large elevated platforms

LRP Large rigid pontoons

OFPV Offshore floating photovoltaics

RP Rigid pontoon

WIL Wave induced losses

a Random phase [deg]

Vi Discrete wave direction [deg]

x/0. Wave angle to global x-axis [deg]

y Peakedness Parameter [-]

u Standard deviation

w Wave frequency [rad/s]

c Mean

0, Tilt angle [deg]

A, sun Solar Azimuth [deg]

A, Azimuth angle [deg]

Cy/y)z Rotational damping [N m/(rad/s)]
I Diameter of LEP columns [m]

Draft Submerged distance [m]

R Solar Altitude [m]

H, Height of LEP columns [m]

H, Significant wave height [m]

Lypy Max power point current [A]

Tin/yy)zz) Moment of inertia [kg m?]

k Wave number [m]

Kpoor Mooring line stiffness [N/m]

Kixx/yy/z2) Radii of gyration [m]

Length of mooring lines [m]
L, Length of the floaters/deck [m]

M 1ater Mass of individual unit [kg]

M ¢ arm Mass of the entire farm [kg]

Npy Number of PV modules per floater [-]
N, Number of wave directions

N, Total number of floaters in the farm
Neomn Total number of connectors [-]
Noor Total number of mooring lines [-]
N, Number of wave frequencies

PT,00, Pretension in mooring lines [N]

R? Coefficient of determination

Ri/y/z) Rotational stiffness [Nm/rad]

t Time [s]

T, Thickness of the floaters/deck [m]
T, Peak wave period [s]

Viupp Max power point voltage [V]

w; Width of the floaters [m]

Xocorr Quantile corrected response [deg]

X Rrao Time series response of DoFs [deg]
X Corr Global variance corrected response [deg]
Xgs Vg CoG coordinate of each floater [m]
DHI Diffuse horizontal irradiance [W/m?]
DNI Direct normal irradiance [W/m?]
Gap Gaps between adjacent floaters [m]
GHI Global horizontal irradiance [W/m?]
SEI Spectral energy index [-]

same instantaneous orientation, resulting in stochastic cycles of time-
varying plane-of-array irradiance differences, as shown in Fig. 1(a).
Similarly, in unit archetypes where each floater accommodates only
one PV module, each module moves independently, causing stochastic
plane of array irradiance fluctuations across individual modules at
every instant, as illustrated in Fig. 1(b).

In both cases, there are conditions where a PV module (or a group
of modules) alternately faces towards and away from the sun, thereby
leading to a gain or loss in EY relative to a reference (initial) orien-
tation. This effect is termed as wave-induced plane of array irradiance
variation. When all PV modules in such systems are connected in series
to form a modular farm, these non-uniform plane of array irradiance
conditions create differences in the current generated by each module
(or group of modules). Since the overall string current is limited by the
lowest-performing module (or set of modules), this leads to additional

EY losses known as wave-induced mismatch losses. The combined effect
of these two phenomena constitutes to the total wave-induced losses
(WIL) [13]. Therefore, understanding WIL in detail forms the central
scope of this work.

2. Literature review, research gaps and contribution of this work

Literature synthesis: The estimation of WIL requires two types of
analysis: hydrodynamic analysis (to estimate floater motion) and EY
analysis (to translate motion into power output). As different studies
use different approaches to understand this effect, a structured com-
parison is needed to understand what has been done so far. Table
1 therefore summarises key WIL studies based on: the method used
(experimental or computational), the system archetype and farm con-
figuration examined, the hydrodynamic modelling approach (whether

Fig. 1. Effect of dynamic motion — concept of wave-induced losses. (a) For archetypes that host multiple PV modules on a single floater, all modules on that
floater share the same instantaneous orientation, resulting in stochastic cycles of time-varying plane-of-array irradiance differences. (b) For archetypes where
each floater accommodates only one PV module, each module moves independently, leading to stochastic plane-of-array irradiance fluctuations across individual
modules at every instant. Note: the blue mesh represents the waves and the red arrows represent the normal vector of the PV module.
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Table 1
Literature Review of relevant studies focusing on modelling, evaluating and quantifying wave induced losses.
Ref.  Year  Method Archetype® Config. Hydrodynamic analysis EY Tool Val.’ SA WIL (%)
Type® M-C* Geo-location Waves
[14] 2019 Sim. RP¢ String Not Not Oosterschelde, Not reported v Inhouse, X String length 3-9
reported reported North Sea PVLIB h/4 ratios
[15] 2020 Sim. RP Single 2D v North Sea JONSWAP v Matlab, X X +13¢
Simulink,
PVLIB
[16] 2021 Both RP Not 3D Not Marsaxlokk Not reported Irradiance Microsoft v Pitch, roll, yaw 0.38-2.52°
reported reported Excel
171 2022 Sim. RP/LRP Array Not Not Not Not v Matlab, X Interconnection 27-56"
reported reported reported reported Helioscope schemes
Shading patterns
[18] 2023 Sim. RP Array 3D v Sishiliwan Fifth order Stokes v Ansys AQWA, X Wave 6.5-15
Bay OrcaFlex, Steepness
Simulink
[191 2023 Sim. LRP Single 2D v East coast of China, Regular v Matlab, ~ Wave height, wave period, 0.2-3.4
West coast of India Simulink Wind speed, Pretilt angle
[20] 2023 Both BUY Single 3D Not Chinese sea Regular Irradiance Ansys AQWA, 4 Sea states 2-5¢%
reported Inhouse Pretilt angle
[211 2023 Sim. LRP Single 2D/3D Not Pagasitikos Gulf JONSWAP v Inhouse v Location, 8-9"
reported SE Evia Island h, T, v
[22] 2024 Sim. LRP Single 2D Not North Sea JONSWAP v Inhouse ~ Geometry 0.1-14.6
reported
[23] 2024 Sim. LRP String 2D Not North Sea JONSWAP v Inhouse, X Geometry 0.1-30
reported PVlib String length
Floater material
[241 2024 Exp. VPOT Single 3D v Not Regular 4 Not Not Wave amplitude 1.5-12.7
relevant relevant relevant Frequency
[25] 2025  Sim. RP String Not Not 2 locations: Pierson- 4 3DFloat, Irradiance  H,,T,, .0, 3.3-6.7
reported reported near equator, Moskowitz PVmismatch Validated String length
higher latitude
[26] 2025 Sim. LEP Array 3D v Fujian province JONSWAP v OrcaFlex, v Sun path, Pretilt angle 1-25
Inhouse
[271 2025 Both  HPIT String 3D v Not reported Regular v Inhouse v Wave height, wave period, ~12
Number of modules, Pretilt angle
[28] 2026 Both LEP Array 3D v Not reported JONSWAP v Matlab v Wave height, wave period, 2.5%
Wave direction, connector type
[29] 2026  Sim. LRP Single 3D 4 Mediterranean Sea ~ JONSWAP 4 Matlab 4 Pretilt angles 0.05-1.1
[30] 2026 Both Flexible String 3D v Not reported Regular v Inhouse v Plate thickness, connector length, +5
Module number
[311 2026 Both Catamaran  Single 3D v Not reported Regular v Matlab based v Light incidence angle, Not explicitly reported
digital twin model Wave amplitude, wave length
This - Sim. RP, String, 3D v North Sea, ERAS5 derived v Ansys AQWA v Multiple See Section
work LRP, Array Great Australian PVMDToolbox parameters 4.3
LEP Bight varied

2 Type indicates whether the hydrodynamic simulations were performed in 2D or 3D; M-C indicates whether interconnections between floaters and the mooring lines were included in the study; Val indicates whether the reference
study reported validation of their model; and SA indicates whether a sensitivity analysis was conducted and specifies which parameters were varied.

b RP — Rigid pontoon, LRP — Large rigid pontoon, LEP — Large elevated platform, BUY — Bouy floaters, VPOT — Vertical pontoon truss, HPIT — Horizontal pipe truss. The archetype nomenclature are inspired from the

classification made in [6].

Since the article mentions single-module High-Density Polyethylene floaters, an RP archetype is assumed.

a

This is the relative difference between output energy from two systems on land and at sea.

This represents the mismatch in insolation due to pitch, roll and yaw movements.

This is the relative difference between power output of the system with uniform and partial shading.

This is the difference in the irradiance received by the PV modules.

=

This is the relative difference between output energy from systems on inland and at sea.

2D or 3D simulations were performed, whether mooring lines and
interconnectors were included, the geolocation considered, and the
wave conditions applied), and whether EY was evaluated. The table
also indicates whether a sensitivity analysis was conducted (including
the parameters that were varied) which is critical for understanding
what factors (design or environmental) govern WIL. Finally, the re-
ported WIL ranges are summarised. We use this structured overview
to identify where the literature is strong, where it is inconsistent, and
what is missing across the hydrodynamic, EY, and sensitivity-analysis
parts of the WIL estimation chain. These observations define the critical
research gaps discussed next.

Research Gaps: Table 1 shows that existing literature has made sub-
stantial progress in recent years, specifically in the modelling domain,
to understand the concept of WIL. The magnitude of reported WIL
values also clearly demonstrate that WIL is an important phenomenon
that cannot be neglected in EY predictions of OFPV systems. However,
the same reported WIL values also indicate a wide and inconsistent
spread (0.1% to 56%), which leads us to identify four critical research
gaps.

(1) Modelling inconsistencies: While foundational modelling techniques
have been proposed in studies such as [15,16,19,21-23,25,26,29], a
complete modelling framework capable of resolving the full hydro-
opto—electrical coupling still remains missing. This is largely due to
the inherent complexity of modelling this problem, where studies opt
to make certain assumptions and simplifications to make the process
viable. For instance, on the hydrodynamic side, some models are re-
stricted to 2D sectional analysis or limit the floating structure’s motion
to only one or two axes, such as pitch or roll, which fails to capture
the full stochastic motion (roll, pitch, and yaw) of an OFPV system
in offshore conditions [15,19,21]. Additionally, some frameworks use
simple sinusoidal wave inputs that do not represent the irregular na-
ture of actual offshore waves, while others assume that the floater
simply follows the wave, ignoring the wave-structure interaction [16,
22,25]. Some studies also use linear approximations in resolving the
wave-structure interaction that do not include non-linear effects in
multi-interconnected systems [29]. On the electrical side, some stud-
ies use linear power-conversion formulas or rely on commercial PV
modelling tools typically designed for ground-mounted systems. These
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Fig. 2. Overview of the numerical modelling framework used in this work, beginning with (a) the hydrodynamic modelling, where the fluid-structure interaction
is solved and the resulting motion time series are obtained and used as input to (b) the orientation modelling, in which the hydrodynamic response is converted
into time-series tilt and azimuth angles. These orientation time series then serve as input to (c) the opto-electrical modelling, where the corresponding WIL is

computed.

tools do not specifically incorporate OFPV effects and may therefore
not provide the actual realistic performance of an OFPV system. While
some studies attempt to calculate the dynamic plane-of-array irradiance
to quantify the WIL, they often make varying simplifications in this re-
gard [16,17,26,29]. These combined simplifications in both modelling
areas ultimately lead to inconsistent in reported WIL.

(2) Incomplete quantification: The second gap relates to how effec-
tively WIL is quantified in terms of its dependence on design and
environmental parameters. While a few recent studies have used sensi-
tivity analysis as a means to quantify WIL, the parameters they vary
are often limited. For instance, the majority of research focuses on
varying wave properties, as shown in Table 1 [14,16,18,20,21,24,25],
while only a few studies vary design-based parameters [17,22,23,25,27,
28,30]. Consequently, the majority of studies varying wave properties
typically do not vary geometrical properties, and vice versa. Further-
more, most research focuses on only one type of archetype design with
either single floaters or string-connected systems [15,20-25,27,29-31],
with only a few examining array-level systems [17,18,28]. Because
of this partial quantification, only limited insights can be drawn into
how design and environmental factors govern WIL, thereby leading
to highly scattered WIL values (see Table 1). Hence, a systematic
sensitivity analysis that quantifies WIL by varying both design-based
factors (such as unit archetype and farm-level properties) alongside
environmental factors (such as wave and solar properties) for both
string- and array-level systems is missing.

(3) Lack of data-driven models: The third gap relates to the dis-
connect between physics-based models and long-term WIL projections.
Currently, the field is constrained by an inherent accuracy-duration
trade-off. While studies either propose physics-based models or perform
experiments to estimate WIL, the sheer complexity of the problem
limits their scope. As a result, some studies are restricted to reporting
only short-term projections, spanning from minutes to days [19,20,
24,26-28,30,31]. However, short-duration reporting does not neces-
sarily indicate high model complexity, as some simplified frameworks
are also applied at these scales. In contrast, studies reporting long-
term projections, such as monthly or annual values, may still employ
physics-based formulations but often rely on modelling simplifications
or temporal data averages [15-17,21-23,25,29] to report performance
metrics. This is not surprising, as performing long-term experiments is
not practically feasible, and the numerical evaluation of physics-based
models for such temporally resolved, multi-scale problems requires
prohibitively high computational effort. This gap is therefore not due
to a lack of research effort but is an inherent computational limitation
within the field. Recent studies such as [31] have begun exploring data-
driven modelling approaches as alternatives, but these remain quite

rudimentary in their current state. As a result, a robust data-driven
model that can bridge this computational bottleneck is still largely
missing.

(4) Lack of design guidance: The fourth gap pertains to the diffi-
culty of deriving actionable recommendations to minimise WIL at the
system design level. Because of the limitations mentioned above, such
recommendations are currently challenging to develop and are largely
missing from the literature.

Objective: To address these four critical research gaps, this work
formulates four corresponding research questions: RQ1l. How to de-
velop a physics-based integrated modelling framework that accurately
couples 3-D wave-structure hydrodynamics with opto-electrical perfor-
mance? RQ2. How to comprehensively quantify WIL through a multi-
parameter (geometrical + environmental) sensitivity analysis across
diverse OFPV archetypes? RQ3. How to formulate a computationally
efficient, data-driven surrogate model to predict long-term WIL for
different designs and operating conditions? RQ4. How to derive action-
able, configuration-based design recommendations to minimise WIL in
OFPV systems?

Novelty and Scientific contribution: As shown in Table 1, the
majority of studies address the WIL estimation chain in parts rather
than as a single, end-to-end problem. Hydro-opto-electrical modelling,
sensitivity-based quantification, and long-term prediction are typically
treated separately, which contributes to the wide and inconsistent
spread in reported WIL values and hinders confident global-scale de-
ployment decisions. The novelty of this work is that it integrates
all these elements into one consistent workflow, enabling WIL to be
modelled, quantified, and predicted across diverse designs and condi-
tions, thereby providing design-actionable insights. The scientific con-
tributions of this work are: (1) End-to-end physics-based modelling
framework: We provide a complete modelling framework that cou-
ples 3-D multibody wave-structure hydrodynamics with orientation-
resolved opto-electrical modelling, applicable to different designs and
operating conditions. This directly addresses the modelling inconsisten-
cies identified in the literature. (2) Systematic multi-parameter quan-
tification: We perform a comprehensive sensitivity analysis in which
design-, connector-, mooring-, and environment-based parameters are
jointly varied to comprehensively characterise how WIL depends on
both design and environmental factors across diverse OFPV archetypes.
(3) Computationally efficient data-driven surrogate model: We de-
velop and propose a surrogate model which, to the authors’ knowledge,
is a first-of-its-kind for OFPV WIL prediction. This enables long-term,
temporally resolved WIL forecasting across a wide range of configura-
tions without relying on computationally expensive physics-based sim-
ulations, enabling the realisation of global-scale WIL projections. (4)
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FP

w
gap
t
Parameter RP LRP LEP FP Parameter RP LRP LEP FP
1. Geometrical properties 3. Wave properties
Length (m) 1.88 45 10 300 (18.35) Wave theory JONSWAP Regular Regular Regular
Breadth (m) 1.88 45 10 60 Amplitude or Hy (m) 1.01 - 1.76 1
Thickness (m)  0.14 15 0.2+40.437 2 w (rad/s) 1525  0.415-1.04 - 0.415-1.014
Radius (m) - - 0.75 - Gamma (7) 4 - - -
Height (m) - - 2 - Direction (deg) 180 180 0 0
7. 4 4 4
Draft (m) 0.1 9 0.91 0.5 Water depth (m) 36 35 18 58:5
4. Mooring line properties
) - . Type Linear Linear Catenary Linear
Gap (m) 0-15 ° ! 04 Unstretched length (m) 12.95 161 58.556 161
‘ L o Stiffness (kN/m) 2.01 64.19 ® 64.19
2. Mass and inertial properties Pretension (k) 1.71 2337.4 ® 2337.4
Diameter (mm) - - 35 -
Taa <
Mass (ton) 0.346  18291.9 6.601 9225 Submerged weight (N/m) B ) 299.07 B
. * Maximum Tension ®(kN) - - 1125.48 -
+
CoG (m) 0.1 872 176 ! Axial Stiffness (MN) ; ; 123.72 :
Kqo (m) 0.48 16.8 31 17.33" 5. Connector properties
Type Ball socket Hinge Hinge Hinge
* R, 1.7 5.73 x 101* 573 x 10°  2.64 x 10'°
. :
Kyy (m) 0-48 168 3.06 544 Stiffness (Nm/rad) R, 1.4 - - -
- * R. 84 - - -
K. (m) 0-62 18.375 4.22 18.15 Damping (Nm/(rad/s)) 0 0 5.73 x 106 -

+ Measured from the keel.

* These parameters are either derived through calculations or determined through trial testing, as they are not explicitly

reported in the reference study.
© Tension capacity limit of the mooring line segment.

© These parameters are internally calculated within AQWA and are not user inputs. Hence, these fields are left blank.

Fig. 3. Design, geometric, mass, inertial, wave, connector, and mooring-line input properties for the validation cases. Note: All parameters shown in the figure
correspond to the conditions used in the reference article, unless explicitly stated otherwise in the main text.

Actionable design recommendations: Based on the sensitivity analy-
sis and surrogate results, we provide a practical set of configuration-
based design guidelines to minimise WIL, offering system designers
concrete recommendations to optimise their designs.

Collectively, these contributions reduce the overall uncertainty sur-
rounding WIL and provides a complete, physics-informed understand-
ing of this phenomenon.

3. Numerical modelling framework and validation

We begin this work by first providing a detailed overview of the
modelling framework, aimed at addressing RQ1 on How to develop a
physics-based integrated modelling framework that accurately couples 3-
D wave-structure hydrodynamics with opto-electrical performance? In this
study, a three-step approach is adopted to model WIL, as illustrated
in Fig. 2. The steps are as follows: (1) Hydrodynamic modelling: first,
the wave-structure interaction is simulated to obtain the six degrees
of freedom (DoF) response (surge, sway, heave, roll, pitch, yaw) of the
OFPV system under a given wave condition. (2) Orientation modelling:
next, the resulting system response is translated into solar orientation
parameters (6, and A,) suitable for use in the opto-electrical modelling.
(3) Opto-electrical modelling: finally, the time-varying module orienta-
tions are used to compute the dynamic plane of array irradiance, which
is then used to estimate the system’s electrical performance by quantify-
ing the EY to thereby calculate the WIL. The following sections provide
a detailed explanation of each modelling step, including validations
where appropriate.

3.1. Hydrodynamic modelling

The first step in modelling WIL is to compute the dynamic motion re-
sponse of the OFPV system when subjected to environmental loads (see
Fig. 2). To achieve this, a hydrodynamic analysis is required to char-
acterise the wave-structure interaction. In this work, ANSYS AQWA
is used for this purpose [32] (the rationale behind selecting AQWA
is discussed in detail in Section S2 in the supporting information).
The hydrodynamic analysis is based on potential-flow theory, which
assumes the fluid is inviscid, incompressible, and irrotational. The
solver solves the Laplace equation subject to linearised free-surface and
impermeable seabed boundary conditions, with a radiation condition
imposed at the far field to ensure scattered waves decay at infinity [32].
To ensure the reliability and versatility of this hydrodynamic tool for
OFPV applications, validating the model is extremely crucial. Hence, in
this work, a detailed validation study is performed across four different
archetypes—rigid pontoon (RP), large rigid platform (LRP), flexible
pontoon (FP) and large elevated platform (LEP) —which represent
some of the most commonly adopted practical OFPV designs (more
about these archetypes will be discussed in the upcoming sections).
Therefore, the objective of this validation is twofold: to verify the
accuracy and applicability of the hydrodynamic model using AQWA
for OFPV applications, and to provide a concrete, benchmark refer-
ence model for different archetypes that can be used by the research
community for future OFPV simulations.

The validation procedure for all archetypes follows a few general steps,
beginning with the definition of a set of input parameters—such as the
geometrical dimensions, mass and inertial properties, external environ-
mental factors, mooring line parameters, and inter-floater connector
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Fig. 4. Hydrodynamic validation results of each archetype as displayed in Fig. 3: (a) rigid pontoon (RP) archetype, (b) large rigid pontoon (LRP) archetype, (c)
large elevated platform (LEP) archetype, and (d) flexible pontoon (FP) archetype. Note: (a—c) are the RAOs for individual floaters as mentioned in the respective
plot and in (d) each point represents the heave response at the centre of gravity of each floater.

properties—which are either derived from or directly extracted from
the reference studies (the detailed values of the input parameters used
for each validation study are summarised in Fig. 3). In particular, the
mass corresponds to the total mass of the system, while the inertial
properties are characterised by the radii of gyration (K,,, K,,, K;,) of
each unit floater about its centre of gravity. The resulting simulation
outputs, i.e., the Response Amplitude Operators, RAOs (see Section S1
in the Supporting Information for the definition.) in this case, are then
compared against the corresponding reference studies through selected
degrees of freedom as reported in the respective reference study. By
following the above steps, a complete hydrodynamic simulation can
be performed in ANSYS AQWA whose outputs are the input to next
modelling step as highlighted in Fig. 2. The results of each validation
study are discussed in detail below.

+ Rigid Pontoon (RP): The hydrodynamic model for the RP archetype
was validated against a reference wave tank experiment [33,34]
involving a modular FPV system consisting of 15 interconnected
floaters, where each floater hosted a single PV module along with cer-
tain marine growth (accumulation of biological material that makes
the floater heavier than usual) as reported in [33,34]. The geometrical
properties of the system were extracted from the reference study, as
shown in Fig. 3, and modelled accordingly in ANSYS AQWA. For the
connections between adjacent floaters, a total of 44 ball-and-socket
joints (a ball-and-socket joint permits rotation about all three axes
while constraining translational motion) were used, with the stiffness
about each rotational axis extracted from the reference article, as also
indicated in Fig. 3. The array was moored to the basin sidewalls using

two linear mooring lines, replicating the experimental configuration.
The hydrodynamic simulation was performed under irregular, long-
crested wave conditions using a JONSWAP wave spectrum. This
spectrum was constructed using the spectral information (H|, o, y)
provided in the reference studies [33,34] (see Fig. 3). The wave
heading was set to 180°, directed towards the origin from the x-
axis, as illustrated in Fig. 3. Using these inputs, both Hydrodynamic
diffraction (frequency domain) and hydrodynamic response (time
domain) analyses were conducted (more details in Section S2 of
the supporting information), and the pitch, surge, and heave RAOs
were extracted from the frequency statistical analysis (more details
in Section S2 of the supporting information) for five representative
central floaters (see Fig. 3) and compared with the experimental
data, as shown in Fig. 4(a). From this comparison, it can be seen
that the simulated results from AQWA show strong agreement with
the experiments, with RMSE values ranging between 1.1-3.8 deg/m
for pitch, 0.02-0.15 m/m for surge, and 0.02-0.04 m/m for heave.
Additionally, although the pitch RAO in the plot appears to increase
indefinitely, this is not the case. The pitch response decreases at
higher wave frequencies (beyond 4 rad/s), but these frequencies
were excluded from the plot to match the frequency range reported
in the reference study. The full pitch RAO profile, including the
higher-frequency decay, is provided in Section 2 of the supporting
information. Overall, this validation confirms that the coupled hydro-
dynamic model accurately captures the multi-body interaction and
dynamic response of the modular RP array using ANSYS AQWA.

Large Rigid Pontoon (LRP): In this case, both a wave tank ex-
periment and a numerical simulation were used as references to
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validate a modular large rigid platform-type archetype consisting of
two floaters, as shown in Fig. 3. Although the reference study pri-
marily focused on analysing the hydrodynamics of articulated floating
structures serving as building blocks for artificial islands [35,36], this
configuration can be considered a good representative of an LRP-
type archetype, where each floater can support multiple PV modules
(even though the scale of a floating island is much larger than that
of a typical unit LRP archetype). In this study, a full-scale system
was modelled, where the two floaters were connected using a single
hinge connector (a hinge connector allows rotation only about one
axis and restricts translational motion). The entire system was moored
to the basin sidewalls using four linear mooring lines, replicating the
reference configuration. To validate the model, a frequency statistical
analysis was performed in ANSYS AQWA. Because this approach
requires an irregular wave spectrum as an input, the experimental
regular waves (five frequencies ranging from 0.415 to 1.04 rad/s)
were represented using an equivalent theoretical JONSWAP spec-
trum. To ensure numerical equivalence with the frequencies used in
the experimental study, the peak frequency (w,) was set to 0.48 rad/s,
the significant wave height (H,) to 1 m, and a peak enhancement
factor of y = 3.3 was used. This specific spectral configuration ensured
that sufficient energy density was maintained across all frequencies
of interest, providing a high signal-to-noise ratio for stable RAO ex-
traction, even at the spectral tails. The pitch, surge, and heave RAOs
for both floaters were then extracted at the same discrete frequencies
corresponding to each experimental and numerical reference data, as
shown in Fig. 4(b). From the plot, it can be seen that the simulated
results show strong agreement with the reference study, with RMSE
values ranging between 0.13-0.46 deg/m for pitch, 0.17-0.18 m/m
for surge, and 0.11-0.18 m/m for heave confirming the accuracy and
reliability of the hydrodynamic model for the LRP archetype.

Large Elevated Platform (LEP): In this case, a numerical simulation
was used as the reference to validate a large elevated platform-type
archetype consisting of a single floater [37]. No connectors were
used in this setup, as only a unit archetype was modelled, and the
system was moored to the seabed using non-linear catenary mooring
lines, as shown in Fig. 3. Unlike the previous three archetypes, only
the hydrodynamic diffraction analysis (more details in Section S2 of
the supporting information) was performed in this case to validate
the RAOs against the reference study. The pitch, surge, and heave
RAOs for the floater were extracted and are shown in Fig. 4(c)'.
As seen in the plot, the simulation results show good agreement
with the numerical reference data, with RMSE values of 4 deg/m for
pitch, 0.25 m/m for surge, and 0.2 m/m for heave—confirming the
reliability of the hydrodynamic model for this archetype.

Flexible Pontoon (FP): In this case, multiple reference studies em-
ploying both wave tank experiments and numerical simulations were
used to validate a flexible pontoon-type (FP) archetype [38-41].
The reference works primarily focused on analysing the hydroelastic
behaviour of very large flexible floating structures. However, since
hydroelastic effects cannot be directly modelled using ANSYS AQWA,
an established multi-body discretisation simplification was adopted.
This approach involves connecting multiple rigid-bodies via connec-
tor joints with calibrated stiffness to approximate global structural
flexibility. This is a commonly used simplification in offshore engi-
neering for simulating flexible structures using potential-flow solvers
like ANSYS AQWA [39,42]. Therefore using this technique for the
FP archetype, a full-scale system with a total length of 300 m was
discretised into 16 rigid bodies, each 18.35 m long, with 0.4 m gaps
between adjacent floaters (see Fig. 3). These bodies were connected
using hinge joints and four linear mooring lines were included in
the setup, using similar properties to those in the LRP case due
to the absence of specific mooring details in the reference studies.
However, in this configuration, the mooring lines primarily serve
to restrict drift and do not significantly affect the heave response
of the system. A frequency statistical analysis was then performed
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for all five wavelengths reported in the reference studies. The heave
RAO:s for all floaters were then obtained at their respective centres of
gravity, representing different locations along the full length of the
structure for each of the five wavelengths, as shown in Fig. 4(d). As
seen in the figure, the simulation results show good agreement with
both the experimental and numerical reference data, with an overall
RMSE range of 0.01-0.1 (m/m) across all five wavelengths and all
reference studies. This confirms that the discretised configuration
approach where the flexible structure is divided into several inter-
connected rigid bodies effectively replicates the dynamic behaviour
of an FP-type archetype.

Additionally, to further quantify the deviation between the
frequency-statistical analysis and the time-domain RAQOs, a comparison
was carried out for selected frequency points using the RP and LRP
archetypes. The resulting overall RMSE values lie between 0.026-2.5
deg/m for pitch, 0.78-1.8 m/m for surge, and 0.011-0.25 m/m for
heave. These RMSEs indicate that, in practice, the RAOs estimated
from the time-domain simulations are reasonably consistent with those
predicted by the frequency-statistical analysis (which were validated
against the reference studies, as shown in Fig. 4). As the FP archetype
follows the same hydrodynamic formulation as RP and LRP, and owing
to the high computational time needed to reach steady state, the heave
RMSE range obtained from RP and LRP can be used as a representative
indication of the expected level of agreement for FP as well. For
the LEP archetype, on the other hand, such a comparison was not
performed because its validation is based solely on the RAOs obtained
from hydrodynamic diffraction analysis in AQWA, consistent with the
reference study; comparing these against time-domain RAOs would
not represent the same physical configuration and would lead to an
inconsistent assessment.

In summary, through this validation exercise, both unit archetypes
and modular interconnected archetypes were verified against experi-
mental and computational reference studies under both regular and
irregular wave conditions, establishing strong confidence in the model’s
accuracy using ANSYS AQWA for OFPV applications. With the RAOs
now validated from both frequency domain and time domain analysis,
the hydrodynamic response package in AQWA is used to compute the
actual time-series response across all six degrees of freedom, which
forms the required hydrodynamic inputs for the subsequent steps in
the modelling framework as shown in Fig. 2.

3.2. Orientation modelling

The second step in modelling the WIL involves translating the output
of the hydrodynamic model i.e., the 6 DoF time-series response into
tilt (6,) and azimuth (A,) angles for use in the opto-electrical analysis
as shown in Fig. 2. This step is essential for accurately determining
the dynamic plane of array irradiance on each PV module based on its
instantaneous orientation. As described in Section 3.1, the time-series
response of a floating body is characterised by six degrees of freedom—
three translational and three rotational. For calculating the module
orientation, only the rotational degrees of freedom — roll (r,), pitch
(r,), and yaw (r,) are relevant, as they directly influence the plane of
array irradiance, as illustrated in Fig. 5(a). The translational degrees of
freedom, in contrast, are assumed to have negligible influence on plane
of array irradiance due to the relatively small horizontal and vertical
displacements involved. To estimate the plane of array irradiance, a
hemispherical coordinate system is used in combination with the unit
normal vector method. Every possible orientation of a PV module
within this hemisphere can be represented by a unit outward normal
vector, whose position can be fully defined by two angles: tilt (¢,) and
azimuth (A,). Hence, to determine the (6,, A,) of a module at each time
step, it is first necessary to compute the coordinates of its corresponding
unit normal vectors. However, extracting these coordinates directly is
not straightforward, as the outputs from the hydrodynamic simulation
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Fig. 5. Orientation modelling framework. (a) Results of the hydrodynamic time response analysis - 3 rotational degrees of freedom: pitch, roll and yaw are fed
in (b) Euler’s rotational transformation on the raw pitch, roll and yaw values, (c) obtaining the final normal vector of the floater and hence, (d) Variation of tilt
and azimuth where the radial axis represents the tilt angle, while the angular axis denotes the azimuth angle, measured clockwise from South (0°). Each point

is colour-coded by the time of day.

are the rotational degrees of freedom, which indicate how much the
system has rotated (in degrees) about each coordinate axis. Therefore,
an alternative approach is required to compute the coordinates of the
normal vector corresponding to each orientation of the OFPV system.

To do this, we begin with a flat, horizontally positioned PV module
represented by a unit normal vector of [0, 0, 1], which serves as the
reference, as shown in Fig. 5(b). Then, the three-dimensional Euler
rotation matrix is constructed based on the 3 DoF outputs from the
hydrodynamic analysis as shown in Fig. 5(b). Finally, this rotation ma-
trix is multiplied by the reference normal vector, as defined in Eq. (1),
to obtain the resultant coordinates of the normal vector, as illustrated
in Fig. 5(c). By performing this operation, the 3 DoF hydrodynamic
responses are effectively translated into the coordinates of the normal
vectors at each time step.

Rrot
—N—
e my oml=[0 0 1]-(R.-R,-R,)
——
Nref
[1 0 0
where: R, =|0 cos(r,) —sin(r,)
[0 sin(r,)  cos(ry) | (@D)]
_cos(ry) 0 sin(ry)_
R, = 0 1 0
_—sin(ry) 0 cos(ry) |
_cos(rz) —sin(r,) 0]
R, =(sin(r,) cos(r;)) O
0 0 1

Once the coordinates of the rotated normal vector at each time step is
obtained, the corresponding 6,, A, angles are calculated using Eq. (2),
following the reference convention [S = 0°, W = 90°, N = 180°,E =
270°].

» \/n2+nk
6, = tan — ), A,

n “" )tan™! <:%> + 180, otherwise

¥y

0 or 360, if n, = n, =0,

4

(2)

Hence, with this approach, the dynamic outputs from the hydro-
dynamic simulations can be effectively translated into correspond-
ing time-varying 6,, A, values, which can then be used for the
opto-electrical analysis—thereby bridging the hydrodynamic and opto-
electrical simulation frameworks. Now that the dynamic values of
0,, A, are obtained, we can proceed to the next modelling step.

3.3. Opto-electrical modelling
The final step in calculating the WIL is to perform the opto-electrical

analysis as shown in Fig. 2. For this purpose, the in-house developed
modelling framework — the PVMDtoolbox is used. By default, the

PVMDtoolbox supports cell-level to system-level modelling to predict
the EY for Ground mounted PV systems [43,44]. In this work, its
capability is further extended to model the EY of OFPV systems, with
the methodology illustrated in Fig. 6. This flowchart outlines the overall
opto-electrical modelling workflow, where the existing models are
shown in blue, the intermediate outputs in green, the required inputs in
black, and the additional models introduced in this work for simulating
OFPV systems are shown in red. The working of this extended toolbox
can be broadly explained in four stages which are as follows:

Stage 1: Optical Analysis (Steps 1-2): The simulation begins with
an optical analysis, where ray-tracing is performed on the cell-layer
stack to compute the absorption/generation profile. This generation
profile is then used as input to an advanced semiconductor analy-
sis model, which calculates the IV curves of the cell under varying
irradiance and temperature conditions.

Stage 2: Hydrodynamic-Orientation Coupling (Step 3): The next
step is the coupling of the hydrodynamic model with the PVMDtoolbox
via the orientation model, as explained in Section 3.2. This coupling
represents the first key addition introduced in this work. The output
of this coupling is twofold: (a) the exact, time-resolved instantaneous
orientation angles (6;, A,);ime.>» and (b) a discrete grid of orientations
(0, A)qnge defined by the maximum and minimum angles as seen in
(6,, A,)ime- This grid serves as a set of static snapshots representing
the extremes and intermediate orientations (sampled at a specified
step interval) within which all possible instantaneous responses of the
system lie.

Stage 3: Plane of Array (POA) Irradiance (Steps 4-8): The next
step is to calculate the plane of array irradiance and this is done by
first decoupling the spatial and temporal effects. First, to account for
spatial effects, the (6;, A,),4,4., together with the absorption profile, PV
module dimensions, and surrounding environmental conditions (shad-
ing and albedo), are used to generate a sensitivity map (SM)>. The SM
quantifies how sensitive the module is to receiving irradiance from a
particular part of the sky based on its orientation and surroundings.
In a conventional approach, the SM would need to be recomputed for
every instantaneous (6,, A,),;,,. orientation during the dynamic response
of the system, leading to computationally expensive frame-by-frame
ray-tracing simulations. To overcome this limitation, the second key
addition introduced in this work is the pre-generation of multiple SMs
for all possible combinations of 6,, A, within the (6,,4.),4,, into a
reference lookup matrix (steps 4-5, Fig. 6).

Next, to account for temporal effects, site-specific weather data (typ-
ically available at hourly or 10-minute resolutions) is used to compute
the irradiance distribution across the sky dome via the Perez model
to create a skymap®. A skymap defines how irradiance reaches the
module over time as a function of the solar position. The third addition
introduced in this work is the pre-generation of skymaps for every
possible combination of (6, A,),,,. to form a skymap lookup matrix
(steps 6-7, Fig. 6). These two lookup matrices (the sensitivity map and
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the skymap) are then multiplied to estimate the POA irradiance lookup
for every (6,, A,),4ng cOmbination.

Finally, the fourth addition involves estimating the dynamic POA
irradiance. To achieve this, a two-dimensional linear interpolation
(using MATLAB’s interp2 function) is applied to every instantaneous
(0,, A;),ime Orientation, using the precomputed static POA lookup tables
as references. This step effectively transforms the static tables into a
continuous, time-dependent POA irradiance signal (Irr,) that evolves
alongside the system’s motion (step 8, Fig. 6). This approach pre-
serves the accuracy of the POA outputs compared to the conventional
workflow of the PVMDtoolbox, while saving orders of magnitude in
computational time.

Stage 4: Electrical Conversion and WIL (Steps 9-12): Now by
using (Irr,), the module temperature (7)) is estimated*. Then, a
lumped-element electrical model based on the one-diode equivalent
circuit is used to compute the IV curves of the PV modules. The final
output from this step is the DC power output at each time step, thereby
accounting for the dynamic motion of the OFPV system (steps 9-11,
Fig. 6). Finally, in the last addition, the WIL is computed using the DC
power outputs obtained from step 11 through Eq. (3).

Pideal(t) - Pactual(t)
Pideal(t )
N,

N, anels anels
[ i:pl : Impp.i ®- Vmpp,i(t)] - [Impp,min(’)' ,-:pl ! Vmpp,i(f)]
= x 100

Npanels
T Tpp (1) - Vinpp i (1)

WIL (%) =

3)

An additional algorithm is incorporated to account for the effects of by-
pass diodes, ensuring that the practical mismatch behaviour of the PV
modules within the system is represented (step 12, Fig. 6). Therefore,
up to this point, we have discussed how to model the hydrodynamic
behaviour of different archetypes and validated their responses, fol-
lowed by the conversion of the hydrodynamic outputs into (6;, A,);ine-
Finally, we outlined the extensions made to the PVMDtoolbox, enabling

it to account for wave-induced effects on EY. With these additions, the
toolbox now stands as one of the few modelling frameworks capable of
calculate WIL for OFPV systems.

While the proposed approach is robust and performs well under
different operating conditions, a couple of inherent modelling chal-
lenges still remain that need to be addressed to further strengthen
the modelling framework. The first challenge pertains to the long-
term response prediction. To estimate WIL over weeks, months or
years, the hydrodynamic motions of the system must be known over
the same duration. However, directly simulating such long time-series
in AQWA is computationally infeasible. To address this, a long-term
response reconstruction method is proposed, where a short (10 min)
AQWA simulation is statistically extended to longer durations while
still preserving the essential motion characteristics and WIL accuracy.
To ensure the reliability of this strategy, the method was rigorously
validated through a series of stress-tests designed to validate its perfor-
mance under certain worst-case scenarios as detailed in Section S3.1
of the supporting information. The results demonstrate that the differ-
ence in WIL obtained using direct AQWA responses compared to the
response derived using the proposed method is less than 0.2% over a
24-hour simulation period. This confirms that the proposed method can
reliably and accurately represent long-term system behaviour for the
purpose of estimating WIL while significantly reducing computational
demand (further details can be found in Section S3.1 of the Supporting
Information).

The second challenge concerns the choice of an appropriate time-
step resolution for the reconstructed long-term response. By default,
AQWA outputs motion time-series at a fine temporal resolution (AT =
0.1 s), which makes the subsequent opto—electrical modelling for long-
term periods highly computationally demanding. To address this, a
time-step sensitivity analysis was conducted (details in Section S3.2 of
the supporting information) to compare how different time-step resolu-
tions (ranging from 0.1 s to 10 min) affect the WIL. The results showed
that a resolution of AT = 60 s provides an optimal balance between
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accuracy and computational efficiency. At this resolution, the RMSE of
the WIL is less than 0.35% compared to the results using the default fine
resolution of 0.1 s. While the optimal resolution (AT = 60 s) may not
track every individual oscillation of the system, it does not significantly
impact the WIL results as shown in Section S3.2 of the supporting
information. This is because, from a practical standpoint, sub-second
or sub-minute WIL profile is rarely used in real-world applications,
which typically rely on hourly, monthly, or yearly profiles. Since this
work aims to estimate hourly WIL which is an integrated metric, the
finer level oscillations missed by the 60 s time step effectively average
out over the hour maintaining reliable WIL projections comparable to
those obtained with much finer resolutions. Therefore as a result of this
sensitivity analysis, a time step of 60 s is used consistently throughout
the remainder of this work.

With these two challenges now resolved, the modelling framework
is now capable of generating long-term, physically consistent WIL
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estimates with practical computational effort thereby answering the
first research question RQ1.

4. Sensitivity analysis

Up to this point, the modelling framework and the associated chal-
lenges were addressed for calculating the WIL. The next step is to
quantify the WIL and to investigate how different geometrical and envi-
ronmental based parameters influence WIL thereby addressing RQ2. on
How to comprehensively quantify WIL through a multi-parameter (geomet-
rical + environmental) sensitivity analysis across diverse OFPV archetypes?
To address this, a comprehensive sensitivity analysis is conducted by
systematically varying both design- and environmental-based quanti-
ties. In this section, the methodology of the sensitivity study is first
introduced, followed by the design of the simulations and lastly the
resulting WIL profiles from each case study are presented to highlight
the key parameter dependence patterns.

(" N\
Rigid Pontoon (RP)

Large Rigid
Pontoon (LRP)

Large Elevated
Platform (LEP)

Fig. 7. Unit archetype designs and farm-level variations forming the geometrical design of the simulation cases. The nomenclature here aims to define the base
cases used in study which follows the structure “base design” (RP/LRP/LEP) followed by “Cx”, where “Cx” denotes the case number within that specific floater
design category. Note: The designs formulated in this study are inspired by practical deployments but are not intended to represent or correspond to any specific

organisation’s proprietary design; they serve only as generic representations.
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4.1. Methodology for design of simulations

The objective of the sensitivity analysis is to quantify how wave-
induced losses (WIL) depend on both design choices and environmental
conditions. To define a robust parameter set, we use the modelling
chain introduced in Section 3 as a reference to identify which in-
puts directly affect the WIL. Accordingly, the category of parameters
selected for variation are — unit archetype geometry, farm layout,
connector and mooring properties, sea-state characteristics, and solar
conditions. These particular categories were chosen because they are
the primary levers that govern platform motions and, through the
orientation—irradiance coupling, the magnitude and variability of WIL.

Next, to construct the sensitivity-analysis sample space, a full fac-
torial approach is typically employed. However, in this case, it is
impractical because there are large number of tunable parameters
which would lead to a prohibitively large number of simulation runs
and, consequently, infeasible computational cost. We therefore em-
ploy Latin Hypercube Sampling (LHS) approach using the MATLAB
lhsdesign function [45]. LHS stratifies each parameter range into
equiprobable intervals and draws one sample from each interval, pro-
viding near-uniform coverage of the multidimensional design space
while avoiding redundant combinations. This approach therefore yields
a well-distributed set of simulations with a manageable number of runs,
enabling the subsequent sensitivity analysis and quantification of WIL
at acceptable computational cost.

Finally, before performing the sensitivity analysis, a set of modelling
assumptions is intentionally enforced across all cases: PV module tem-
perature is held constant at 25 °C, shading effects are neglected, only
rigid-body archetypes are considered, waves are assumed long-crested,
and the wave spectrum is treated as stationary over each simulation du-
ration. These assumptions ensure that variations in WIL are attributed
solely to changes in the design and environmental parameters under
investigation, rather than to confounding thermal or shading effects.

4.2. Design of simulations

The first step in the sensitivity analysis is to define the design of the
simulations. This involves specifying the geometry, connector, mooring,
and environmental properties, which are detailed in the following
subsections.

4.2.1. Unit archetype and farm parameters

The geometrical configuration is determined by varying the system de-
sign parameters, which are grouped into two categories: unit-archetype
design parameters and farm-level design parameters.

(1) Unit archetype design parameters: For this sensitivity study,
three different types of archetypes are considered as shown in Fig. 7 —
the rigid pontoon (RP), where each pontoon supports one PV module;
the large rigid pontoon (LRP), where each pontoon supports multiple
PV modules; and the large elevated platform (LEP), which consists of
multiple cylindrical legs and a deck capable of supporting multiple PV
modules, as shown in Fig. 7. Each unit archetype can be defined by a
set of geometrical parameters such as the length of the pontoon or deck
(L), width of the floater or deck Wy, thickness of the pontoon or
deck (Tf), height of the cylindrical leg (H f), diameter of the cylindrical
leg (D), and number of sides for the deck (n,,,). These geometri-
cal parameters are determined based on the number of PV modules
(Npy ) that each floater needs to accommodate. Once the geometrical
dimensions are defined, the mass of each unit archetype is computed
using the mass of each PV module (mp;,) and the floater material
density (more details in Section S4 of the Supporting information) via
the density (p)-volume (vol) relationship (p = mass/vol) in MATLAB.
The corresponding draft (depth of the floater below the waterline) of
the system is then calculated using the Archimedes’ principle, and the
moments of inertia (and radii of gyration) about the global axes are
determined using SolidWorks [46].
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(2) Farm design parameters: With the unit archetype design fully
defined, the next step involves varying the farm-level parameters. To
construct the farm, the unit archetypes are arranged in a modular
grid pattern governed by three main factors: the gap between adjacent
floaters (gap), the total number of floaters in the farm (N,), and the
number of rows and columns in the configuration (M,,,, N,,). The
number of floaters and the overall farm layouts are determined through
iterative trials to ensure computational feasibility and hydrodynamic
stability of the system. The gap between floaters on the other hand is
systematically varied by taking the RP validation study (which used
a 0.15 m gap) as reference for all other archetypes, with proportional
increases or decreases applied based on their respective dimensions and
design scales.

All in all, the overall geometrical parameters varied in this study
are : L,, W, Ty, H;, Dy, gap, Ny, and M,,,, N.,. As a result of
these variations, the total mass of the unit archetype (M,,,), draft, and
radius of gyrations (k,,, k,,, k.;) also change accordingly. Using the
LHS method, a total of 20 different base cases (where each base case
corresponds to a different floater assembly) are formulated by varying
the above parameters, consisting of 5 unique RP, 5 unique LRP, and
10 unique LEP designs as shown in Fig. 7. The complete geometrical
design of simulations is summarised in Section S4 of the supporting
information.

4.2.2. Connectors and mooring line parameters

The next step is to determine the parameters related to the inter-
connectors and mooring lines. In this study, a ball-and-socket type
interconnectors and linear mooring lines are used for all cases. Both
connectors and mooring lines have specific parameters that need to
be varied for each base case. For the connectors, these include the
rotational stiffness across the three axes (R, R,, R}) and the rotational
damping across the three axes (C,, C,, C,). For the mooring lines, the
key parameters are the length of the mooring lines (L,,,,), stiffness of
each line (K,,,,,) and the pretension in the lines (PT,,,,) (definition in
Section S1 of the supporting information). As the purpose of this study
is not to design the connectors or mooring systems in detail, but rather
to understand how their variations influence WIL, a simple scaling—
based approach is adopted instead of assigning arbitrary or fixed values
to these parameters for each case. This approach, detailed in Section
S5 in the supporting information, provides a physically consistent and
repeatable framework that links each case to its corresponding vali-
dated reference configuration. As a result, the connector and mooring
properties evolve logically with changes in system geometry and layout,
ensuring consistent and logical variation of the above mentioned pa-
rameters across all simulations. The connector and mooring properties
used for each base case are summarised in Section S5 in the supporting
information.

4.2.3. Environmental parameters

Now that the different unit archetype, farm-level, interconnector, and
mooring line properties have been defined and varied, the next step is
to determine the environmental properties. To vary the environmental
conditions, the following properties need to be determined: (1) wave
properties and (2) solar properties.

(1) Wave properties: To define the wave conditions, two locations
are considered in this work: one near the North Sea and one near the
Great Australian Bight, as shown in Fig. 8(a, e). For both locations, the
hourly wave properties are extracted using the ERAS5 global reanalysis
dataset [47]. Parameters such as water depth (26 m in the North Sea
and 1000 m in the Great Australian Bight), significant wave height
(H,), and peak wave period (Tp) for the entire year of 2024 are
extracted, as shown in Fig. 8(b, f). These plots show the probabil-
ity of different H~T, combinations throughout the year, offering an
overview of the sea state characteristics and their relative occurrence.
From these plots, it can be noticed that for instants when the waves are
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tall (high H,), the wave is usually a long (medium to low Tp) and vice
versa.

To use this real-world data in the hydrodynamic simulations, it
must first be converted into a wave spectrum that defines the energy
that the waves carry for different frequencies. In order to calculate
that, first the extracted hourly H, are categorised according to the
Douglas sea state classification (for example, sea state 2 is termed
as ‘smooth’ when the H; lies between 0-0.1 m and sea state 6 is
termed as ’very rough’ when H| lies between of 4-6 m) [48], and
the probability of occurrence for each sea state is plotted for both
locations, as shown in Fig. 8(c, g). From both the plots, it can be
observed that the most commonly occurring Douglas sea states are:
2, 3, and 4 in the North Sea and 4, 5, and 6 in the Great Australian
Bight. Together, these six sea states represent approximately 95% of
the wave conditions at both the locations for the period of 2024. Now
that we know the most probable sea state at each location, the next step
is to determine the corresponding (H,, T,) pair for each sea state. To do
this, the representative H; is first computed by taking the mean of all
hourly H| values that fall within the H, range defined by the Douglas
classification for that sea state (for example, when H, lies between
4-6 m, it belongs to sea state 6, and the representative mean H, for
sea state 6 is obtained by averaging all hourly H, values within 4-6 m).
Once this mean representative H; is obtained, the corresponding T, at
this mean H, is extracted from the same hourly ERA5 dataset. This
procedure yields the representative (H,, T,) pair for each of the six sea
states as shown in Fig. 8(d, h).
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Next, the 2D wave spectrum (S(w;,0;)) at each of the (H,,T,)
combination for all the six sea states are extracted from ERA5 which
provides the wave energy (S) as a function of frequency (w;) and
directional spread (6;). In this study, a long-crested wave assumption
is made, meaning that the entire energy of the wave propagates from a
single dominant direction. Hence, this 2D spectrum which also includes
the directional spread needs to be converted to a 1D spectrum which
only varies as a function of frequency (w;). To obtain this 1D spectrum,
the 2D spectrum is integrated over all directions using Eq. (4). This
process is repeated for all six sea states to derive their respective 1D
spectra, as shown in Fig. 8(d, h).

ng
Siplw;) = /
j=1

(2) Solar properties: With the wave properties now defined, next we
need to estimate the solar properties at the selected two locations. Both
these locations are chosen deliberately as they allow for variation in
solar path characteristics across different hemispheres — one site in the
northern hemisphere and one in the southern. For both locations, solar
irradiance data are extracted using Meteonorm 7.2 [49], as shown in
Fig. 8(i,j). Meteonorm naturally does not host solar property databases
for offshore locations, however it interpolates between multiple nearby
ground weather stations and satellite weather data to estimate the solar
properties at each of the selected offshore sites making the resulting
dataset is sufficiently reliable for the purpose of this sensitivity analysis.

In summary, the environmental parameters varied in this study
include significant wave height (H,), peak wave period/ wavelength

Sy p(@;.0;) dO “4)
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Fig. 9. The hourly WIL profile for the 109 simulations (C1, ...,

C109) formulated as part of the sensitivity analysis. The nomenclature “Cy” refers to an individual

simulation case (within the 109 simulations), as defined in the main text. Further details on how each simulation corresponds to its respective base case and sea

state can be found in Section S6 of the supporting information.

(Tp, Lp), wave spectrum (S(w;)), wave direction (0,,,,,), solar azimuth
(A, ), solar altitude (hg,,), direct normal irradiance (DNI), diffuse
horizontal irradiance (DHI), and global horizontal irradiance (GHI).
With the 20 base cases (see Fig. 7) defined in the previous section, each
base case assembly is simulated under all six representative sea states,
resulting in a total of 120 simulations. Out of these 120 simulations,
AQWA terminated 11 simulations with the error message “the ratio of
distance change exceeded 75%”, indicating that the relative motions
became too large for the solver to maintain a consistent articula-
tion configuration due to an unstable response at that particular sea
state. Most of these unstable simulations occurred for the RP and LRP
archetypes under sea state 4 in the North Sea or sea states 5/6 in
the Australian Bight, which correspond to rough conditions according
to the Douglas classification. As a result, these 11 simulations were
removed from the final list of simulations thereby forming a total of
109 simulations for the sensitivity analysis.

4.3. Results

Now that the 109 simulations forming the sensitivity analysis have been
fully defined, for each of these simulations a one-month EY analysis is
performed at both the locations. A one-month simulation is performed
to keep the computational effort within practical limits. Additionally,
the choice of the selected months depend of the location where the
system is placed. When the system is located in the North Sea, the
selected month is July, while when the system is placed in the Great
Australian Bight, the selected month is December.

In both cases, a summer month with relatively higher irradiance is
selected to capture a wider range of plane-of-array irradiance variabil-
ity, as summer periods generally exhibit a broader spread of DHI and
DNI values than winter (aimed at having a larger spread for the surro-
gate model as explained in the next section). Although winter months
may feature larger floater motions due to higher H,, WIL is governed
not only by motion-induced orientation changes but also by the plane-
of-array irradiance. Importantly, the irradiance levels encountered in
winter naturally lie within the broader irradiance envelope observed
in summer; thus, selecting a summer period here does not necessarily
underestimate the WIL in the winter periods.

Now that we have all the input parameters needed, the overall
workflow is as follows: First, the unit archetype design is defined as per
Section 4.2.1. Then, a farm topology is created using this unit archetype
configuration, following Section 4.2.1 forming the 20 base cases. Next,
the connector and mooring line properties are varied for each base
case according to Section 4.2.2. Then, six hydrodynamic simulations
are performed for each base case (corresponding to the six sea states
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considered — three in the North Sea and three in the Australian Bight;
in total, 20 base cases x 6 sea states = 120 simulations, out of which
109 remain after filtering). From each simulation, the tilt and azimuth
responses of every floater are computed for the entire one-year duration
using a time step of 60 s, based on the statistical-correction RAO
approach described in Section S3 of the supporting information. For
each of these simulations, a one-month EY analysis is then performed
using the PVMDtoolbox as per Section 3.3. Since only a one-month
EY simulation is considered, the tilt and azimuth values corresponding
specifically to the selected months (July and December) are extracted
from the annual response. This ensures that the orientation response
and the irradiance inputs used for the EY calculations correspond to
the same months, thereby maintaining full temporal consistency when
computing WIL.

This process is then repeated for all 109 simulations, and the overall
results of the sensitivity analysis are presented in Fig. 9. This figure
shows the hourly variation of WIL as a function of the 109 simulation
cases, sorted in ascending order of wave steepness (H,/L,, calculated
from the sea-state conditions) for each archetype (further details on
how each simulation corresponds to its respective base case and sea
state can be found in Section S6 of the supporting information). Several
key observations can be drawn from this plot. (1) The individual
boxplots show that WIL distributions are widely spread with limited
clustering, reflecting strong temporal variability caused by wave and
irradiance fluctuations. The RP and LRP simulations show roughly
40%—-45% of cases with high spread, compared to only about 20%-25%
in the LEP archetype. This suggests that the LEP configuration generally
demonstrates more stable dynamic behaviour under varying environ-
mental conditions. However, this is just a general trend. Certain LEP
cases (e.g., C86 and C109) display a spread comparable to RP and
LRP cases. This indicates that the interaction between a specific system
configuration and local environmental conditions plays a vital role in
determining the most viable design for a particular location. Ultimately,
this also suggests there may be no single “winner” design that performs
consistently well under all operating conditions.

(2) When examining the dependency of WIL on H,/L,, a general
upward trend can be observed i.e. WIL increases as H, increases. This
is logical as steep waves forces the floaters to tilt more aggressively
to follow the surface profile, which lead to higher angular mismatch
between modules. However, this trend does not always hold, as several
outliers (e.g., C6, C30, C74) deviate from this behaviour. This indicates
that the dependency of WIL on H,/L, is nonlinear and is most likely
also influenced by other geometric and solar parameters and cannot
be simply explained by structural, wave, or solar characteristics in
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Fig. 10. The surrogate model development methodology.

isolation. (3) The plot also shows a mean of all hourly WIL values per
archetype (solid lines) and a mean interquartile area bounded by the
averaged 25th and 75th percentiles (Pys,,, = mean(Pssrp/LrP/LEP cases)
and Pys,,, = mean(Pys ppLRp/LEP cases)> Fespectively). On average, it can
be noted that the RP archetype exhibits hourly WIL between 3%-6%,
LRP between 2.2-5.5%, and LEP between 1.5%-4%, indicating that the
LEP archetype generally yields the lowest average hourly WIL. How-
ever, this does not necessarily say that the LEP is the best-performing
configuration under all operating conditions. This is because, when the
interquartile shaded areas are carefully examined (see Fig. 9), certain
areas of overlap can be observed across the three archetypes. From this,
it becomes clear that each archetype can technically outperform any
other under certain conditions. This further reaffirms that no single
design or environmental parameter solely dictates the overall WIL
behaviour.

Overall, the results of this sensitivity analysis provided a broad
quantitative characterisation of WIL across a wide range of geometries,
operating conditions, and sea states, thereby addressing the second
research question RQ2. However, the large spreads and cross-archetype
overlap demonstrate that WIL is not governed by a single driver but
instead emerges from a nonlinear interaction between multiple coupled
design-level and environmental parameters. These interactions cannot
be disentangled by direct inspection of individual simulations alone
(which could be a side-effect of using the LHS method), as the inter-
dependencies of WIL cannot be extracted in a straightforward manner.
Therefore, a model capable of capturing this nonlinear behaviour is
required to gain a deeper understanding of the physical mechanisms
driving WIL.

5. Surrogate modelling

In this section, we build on the findings of the sensitivity analysis,
which showed that WIL arises from coupled and highly nonlinear
interactions between multiple design and environmental parameters.
To better understand these dependencies and to generalise the be-
haviour beyond the analysed cases — a data-driven surrogate modelling
approach is adopted. The overall workflow used to develop, test, and
validate the surrogate model is shown in Fig. 10.

A surrogate model can be defined as a data-driven machine learning
method that learns the relationship between the input parameters
(geometrical, mechanical, and environmental) and the resulting WIL.
This approach is particularly well suited for this work, since the results
of the sensitivity analysis produced a large and diverse dataset of
simulated WIL values that can be used to train the model as shown in
Fig. 10. The trained surrogate model can therefore be used for two main
purposes: (1) to provide a predictive framework capable of forecasting
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WIL for new design configurations or operating conditions without per-
forming computationally expensive hydro—opto—electrical simulations
thereby addressing RQ3. on How to formulate a computationally efficient,
data-driven surrogate model to predict long-term WIL for different designs
and operating conditions?, and (2) to better understand the non-linear
behaviour and to quantify the key factors influencing WIL.

To develop a reliable surrogate model, we follow four main steps, as
outlined in Fig. 10 which are — assembling the input dataset, defining
the input—output predictors with an initial model screening, training
and testing potential candidate models, and validating the selected final
model. The process begins with the generation of a comprehensive
training dataset, which is derived directly from the physics-based sen-
sitivity analysis as shown in Fig. 10. In the following subsections, we
detail the subsequent three steps (highlighted in blue, red, and orange
in Fig. 10) required to construct and verify the surrogate model.

5.1. Data preparation and initial model screening

The first step in developing a surrogate model is the preparation of
the input-output dataset as shown in the first blue box of Fig. 10.
The predictive capability of any surrogate model is only as strong
as the data it is trained on. Since the goal here is for the model to
learn the non-linear dependencies and potentially forecast the WIL, it
is essential that the input predictors are carefully formulated based
on the governing physics of the problem. This is because a surrogate
model simply “sees” the input predictors as numbers that influence the
output (i.e., the WIL values), it has no inherent physical understanding
and treats the data purely from a mathematical standpoint. Therefore,
it is the responsibility of the user to supply predictors that truly
influence the WIL. Only then the surrogate model can learn the correct
dependencies rather than fitting spurious or coincidental correlations.

Therefore, in this study, a total of 32 input predictors are for-
mulated, as summarised in Section S7 in the supporting information.
These predictors form a balanced set covering unit archetype design
parameters, farm-level parameters, interconnection properties, mooring
properties, as well as environmental descriptors (wave and solar).
This comprehensive combination enables the model to capture the
complex nonlinear interactions observed in the simulations (see Fig.
9). To ensure that all predictors contribute uniformly during model
training, each input parameter is normalised using the min—-max scaling
method described in Eq. (5). This scaling confines all predictors within
a common range of [0, 1], preventing numerical bias towards variables
with larger magnitudes and reducing the likelihood of overfitting or
underfitting depending on the surrogate model type, thereby improving
the overall training process.

X _ Xtrue — Xmin
scaled —
Xmax = Xmin

)
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Fig. 11. Probability distribution of hourly WIL datapoint across all simulations and initial surrogate model screening. (a) true WIL distribution, (b) natural
logarithmic distribution, (c) initial screening and comparison of different surrogate models.

Now that the input dataset is prepared, the next step is to prepare
the output dataset for training, which is the WIL. The raw values of
WIL cannot be directly used for training as they exhibit a long-tailed
distribution with a few instances of high WIL values, as shown in
Fig. 11(a). Such a distribution with skewed data can bias the training
process, as the model may underemphasise these infrequent yet physi-
cally meaningful events. To mitigate this effect, the output variable is
transformed using the natural logarithm of (1 + WIL), as illustrated
in Fig. 11(b). This transformation smoothens the low-probability oc-
currences of extreme WIL values while still preserving their relative
differences. Doing this thereby improves the model’s overall sensitivity
to capture such rare events across the full WIL range. In addition to
this, data points corresponding to mean(POAy; fioaters)ime = 0 Where
POA is the plane of array irradiance are excluded from the dataset, as
they represent sunrise and sunset periods where WIL has no physical
meaning. This ensures that the model is trained only under conditions
where non-zero WIL can physically occur.

After processing the input and output data, the complete dataset
consisting of 53,962 WIL datapoints across all 109 simulations was used
to train different surrogate models from five main families available
within MATLAB’s Regression Learner as shown in the second
blue box of Fig. 10: Ensemble Tree methods, Linear Regression, Kernel-
based methods, Neural Networks, Support Vector Regression (SVR),
and Decision Trees (further details on these models can be found
in [50]). This initial screening step was performed to identify which
algorithms is/are most suitable for capturing the nonlinear behaviour
of WIL.

All the models from each family were trained on the full set of
53,962 datapoints using a five-fold random cross-validation method
(further details on this will be discussed in the upcoming section).
The prediction of each model was then compared against the true
In(1 + WIL) response, and their performances were evaluated using
the Root Mean Square Error (RMSE, more information on why RMSE
is chosen as the metric of comparison can be seen in Section S9 of
the supporting information), as shown in Fig. 11(c). From this plot,
several observations can be made: (1) linear regression models exhibit
high RMSE and are therefore unsuitable, which is not surprising and
simply reinforces the non-linear nature of WIL; (2) SVMs and kernel-
based methods also perform poorly, as indicated by their relatively
high RMSE values; (3) in contrast, Ensemble models, Neural Network
models, and Decision Trees perform noticeably better with lower RMSE,
suggesting their ability to capture the non-linear behaviour of WIL more
effectively; and (4) since no single model is an evident overall winner in
terms of predictive power, the best-performing models i.e., those with
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RMSE below the black dotted threshold in the plot — were shortlisted
for further testing as shown in the third blue box of Fig. 10.

5.2. Training and testing the model

Now that we have multiple models with a low RMSE in the initial
screening test, the next question that naturally arises is: which model
should be selected to predict WIL most reliably? The answer to that is,
while the initial screening (see Fig. 11(c)) provides a first indication of
the most promising surrogate model algorithm, it does not fully capture
the model’s robustness under different testing conditions. What this
means is that, in the initial model screening, the models were evaluated
using a random 5-fold cross-validation technique. In this approach, the
entire training dataset is first randomly divided into five equal subsets.
The model is then trained on four of these subsets and tested on the
remaining one. This process is repeated five times so that each subset
serves once as the validation fold. The final accuracy is then calculated
as the average performance across all five iterations. Although this
method provides a general measure of predictive accuracy, it can over-
estimate model performance when internal correlations exist within the
dataset.

What this means is for instance in this study, each of the 109
simulations contributes to roughly 500 hourly WIL values (excluding
periods when mean(POAy; fioarers)iime = 0)- As a result, data points from
the same configuration (base case-sea state-location combination) may
appear in both the training and testing sets, allowing the model to
encounter nearly identical samples during validation. Due to this, the
model tends over inflate the fit with the true data thereby showing
an over-optimistic RMSE. Therefore to avoid this hallucination, a more
comprehensive validation approach is required to assess how well each
model truly generalises the WIL.

To achieve this, a comprehensive 13-stage validation framework
was developed in this work (outlined in Section S8 in the supporting
information) to further test the shortlisted models from the initial
screening as shown in the red box in Fig. 10. The motivation behind
this stage-wise validation is that each stage isolates a specific physical
aspect of the problem to assess how well the model can generalise vari-
ations in sea state, location/irradiance, and geometrical configuration.
This approach allows evaluation of the model’s ability to interpolate
within its training domain and, where possible, extrapolate beyond
it. This structured testing procedure quantifies not only the model’s
predictive accuracy but also the boundaries within which it can be
reliably used, thereby revealing the true predictive performance of each
selected model.
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Fig. 12. Stage testing validation results. (a) Comparison of different surrogate models based on RMSE calculated from hourly WIL data, and (b) comparison
between predicted and true WIL values (both in %) obtained using the boosted ensemble surrogate model for all the 13 validation stages. (Performance metrics
used in this work can be referred to Section S9 in the supporting information.)

Fig. 12(a) shows the results of the 13-stage validation, where the
performance of each selected model is quantified by comparing the
RMSE of the predicted values against the true WIL values (converted
to original units, %) for each stage. From the plot, the following
observations can be made: (1) models such as the default wide and
medium Neural Network models, although they exhibited a low RMSE
in the initial screening test, fail to maintain this accuracy across several
validation stages. This indicates that their earlier performance was
driven by over-optimistic cross-validation rather than true generalisa-
tion capability, deeming that the default neural network frameworks
are unsuitable for predicting WIL; (2) the Decision Tree models on the
other hand show a reasonably good predictive performance across all
stages, with a few high RMSEs in stages designed to test extrapolative
capability of the model, but their overall average RMSE across all stages
(see the top red box in Fig. 12(a)) is still comparatively higher than that
of the ensemble models ; and (3) among all the selected model families,
the ensemble models exhibit the strongest generalisation capability,
consistently yielding the lowest average RMSE. Although the bagged
ensemble achieved a slightly lower RMSE than the boosted ensemble in
the initial screening, results of the 13-stage validation shows that the
boosted ensemble performs more reliably across all validation stages
and achieves the lowest RMSE overall.
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The detailed performance of the Boosted Ensemble model used in
this study configured with a minimum leaf size of 5, 1200 learning
cycles, and a learning rate of 0.03 is shown in Fig. 12(b), where the
predicted and true WIL values in % (not /n(1+ W I L)) are compared for
each stage test. For most stages, the predictions align closely with the
x = y line, indicating a strong overall fit. Noticeable deviations occur
mainly in the extrapolation stages, particularly when geometric config-
urations lie outside the trained range (S11-S13, see Section S8 in the
supporting information) which represent some of the most challenging
tests for a surrogate model. Under these conditions, two visible clusters
appear in stages S11-S13 as seen in Fig. 12(b). These clusters do not
really represent two distinct physical behaviours. Rather, they arise
because most data-points in these stages correspond to a generally low
WIL values, thereby forming a dense cloud near the origin (indicating
that the model predicts the true response well in this region), while
only a small fraction of data-points exhibit higher WIL values, which
then appear as a separate, sparse cluster where the model prediction
becomes poorer. It can also be noted that very few points lie close to
the x = y line for these three stages. This is expected, as surrogate
models typically avoid making extreme predictions when extrapolating
beyond the trained domain and tend to predict more a conservative
value meaning that they predict values that remain closer to the bulk
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Fig. 13. Validation of SWIFT 1.0 using an independent test case consisting of 5 RP-type floaters in the North Sea, simulated under three different sea states —
calm, moderate, and rough — using the theoretical JONSWAP spectrum with a wave heading of 22.5°. (a) Comparison of real-time SWIFT 1.0 predictions with
the physics-based model for a calm sea state, (b) comparison for a moderate sea state, and (c) comparison for a rough sea state simulated on the 1st of June.

of the training data. Despite these effects, the overall RMSE values
across all the stages remain within acceptable limits (less than 5%), as
shown in Fig. 12(a), demonstrating that the model maintains a strong
interpolation and extrapolation performance even under challenging
conditions.

Therefore, based on this extensive evaluation, the boosted ensemble
model is identified as the most robust and generalisable surrogate
model for predicting WIL across varying geometrical and environ-
mental conditions. As a practical outcome of this work in addition
to answering RQ3, this model has been packaged into a MATLAB-
based application - Solar Wave-Induced Loss Forecasting Toolbox
(SWIFT 1.0) (see Section S10 of the supporting information for the
user interface) as shown in Fig. 10. SWIFT 1.0 enables rapid prediction
of WIL for new floating PV configurations under different operating
conditions without the need for time-consuming hydro—opto—electrical
simulations. It represents a physically grounded, data-driven extension
of the modelling framework developed in this study. The key strengths
of SWIFT 1.0 can be summarised as follows: (1) it is trained on over
50,000 WIL data points, enabling it to capture nonlinear dependencies
effectively; (2) it has been thoroughly validated through a structured
13-stage testing sequence; (3) it exhibits strong interpolation and ex-
trapolation capability; (4) it maintains an average absolute RMSE of
1%-5% relative to the physics-based model; and (5) it significantly
reduces computational cost, providing accurate WIL predictions within
minutes while maintaining physical interpretability.

5.3. Validation of the model

Now that SWIFT 1.0 has been developed and validated internally
through the stage testing, its performance is further evaluated using
an independent test case as shown in Fig. 13,Fig. 10 (via the workflow
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marked in orange). This case was intentionally excluded from the train-
ing dataset, making it ideal for an unbiased assessment. The selected
case represents a mixed scenario in which SWIFT 1.0 is tested for
both interpolation and extrapolation capabilities. Several parameters—
such as unit archetype geometry, connector properties, and irradiance
profile fall within the trained domain range (although not with the
exact values as in the training samples), while others—including the
height of the system above the water (H,,), connector stiffness to
damping ratio (R(y/y,z)/Cx,y.z)), mooring stiffness (kp,q), length of the
mooring lines (L,,,,,), wave steepness (H,/L,), and spectral shape fac-
tor (Q,) lie outside it. This configuration enables simultaneous testing
of both interpolation and extrapolation performance under realistic
conditions. Fig. 13(a-c) compares the hourly WIL predicted by the
PVMDtoolbox (hydro—opto—electrical) simulations with those obtained
from SWIFT 1.0 for three representative sea states—calm, moderate,
and rough. Some key observations can be drawn:

(1) Trend capture and numerical deviation: Across all sea states,
SWIFT 1.0 successfully reproduces the temporal variation of WIL, cap-
turing the key peaks and troughs with good agreement. The close
alignment of these features indicates that the model effectively cap-
tures both the amplitude and phase of the WIL response, reflecting
a strong physical understanding of the underlying dynamics. Slightly
larger deviations are observed under moderate-sea conditions (see Fig.
13(b)), which could be attributed to extrapolation of the particular
sea state beyond the trained parameter range. Despite this, SWIFT 1.0
generalises the overall behaviour well, with RMSE values across all
three sea states remaining within 0.4%. While this RMSE is already
small, it becomes even more reassuring considering that many true
WIL values are inherently low as seen in Fig. 13(a). This means that,
for instance, considering the calm-sea WIL profile as an example,
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Fig. 14. Partial dependency plot of all the predictors from the hourly surrogate model. Each plots depicts the variation of WIL as a function of one predictor

used in the surrogate model.

the model does not treat these low-amplitude variations as noise but
successfully reproduces the true physical trends across all operating
regimes, confirming its strong generalisation capability.

(2) Computational efficiency: In terms of computational cost,
SWIFT 1.0 provides a clear advantage. The total runtime per sea-state
simulation is reduced from approximately 24-72 h in the physics-based
workflow (to get a one-day WIL profile) to under one minute using
SWIFT 1.0, with minimal loss in predictive accuracy. This makes it a
practical, ready-to-use tool capable of delivering accurate WIL forecasts
with significantly reduced computational effort.

Overall, this independent validation confirms that SWIFT 1.0 ac-
curately reproduces both the magnitude and temporal characteristics
of WIL across a broad range of sea states and operating regimes. The
results demonstrate its robustness, generalisation capability, and suit-
ability as a fast and reliable WIL prediction tool for OFPV applications
thereby answering the third research question RQ3.

6. WIL mitigation strategies and practical guidelines

Now that we have a well-validated tool to predict WIL, the next step
is to evaluate its dependency on different parameters and derive a set
of practical recommendations to minimise it thereby addressing the
last research question RQ4. on How to derive actionable, configuration-
based design recommendations to minimise WIL in OFPV systems? Since the
sensitivity analysis was designed using the LHS method, understanding
the full interdependency between different parameters and WIL is quite
challenging. Therefore, we extract insights using the concept of partial
dependency via the partial dependency plots® (PDPs), as shown in
Fig. 14. From these plots, clear trends and directional dependencies
between individual parameters and WIL can be identified, enabling us
to formulate meaningful and generalisable design recommendations.
As known, the WIL depends on both geometrical and environmen-
tal parameters. However, since environmental factors such as wave
and solar properties are naturally governed and cannot be physically
controlled or optimised, the focus here is placed on the controllable
design-based parameters. Accordingly, the PDPs shown in Fig. 14 cor-
respond only to parameters that can be actively adjusted or opti-
mised during the design process, enabling the derivation of simple yet
practical guidelines to minimise WIL and to understand the overall
direction of dependency. These PDPs are grouped into four categories
based on the type of design parameter which are as follows: (1)
Unit-archetype design parameters: W, /L., Gap, H,y» Mfiogers (2)
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Farm-level design parameters: N i,u rarms Mrow/Neots L parm!/ Wrarms
(3) Mooring-line properties: N,,,,.. Koo (4) Interconnection proper-
ties: Negups Ry /Cy, R,/C,. R./C.. The following recommendations can
be extracted with respect to each design category.

1. Unit-archetype design recommendations

* W;/L,: WIL remains low and relatively stable for small to moder-
ate aspect ratios but increases sharply at higher ratios, i.e., when
W;/L; 2 3 (see Fig. 14(a)). This suggests that highly elongated
or asymmetric geometries are not ideal, as they tend to amplify
WIL. Therefore, a near-symmetric configuration with W, /L, ~ 1
is recommended, as it corresponds to the lowest WIL.

Gap: From Fig. 14(b), a clear trend for WIL with respect to the
inter-floater gap is not immediately obvious. However, it can
be noted that WIL increases sharply when the gap is between
0.8 and 0.85 m. Beyond this range, WIL gradually decreases as
the gap widens. This behaviour likely occurs because, at specific
narrow gaps, waves can become trapped and amplified between
floaters. This creates complex diffraction patterns that destabilise
the modules. As the gaps widen, these interactions diminish, and
the floaters begin to act more independently. Therefore, the PDP
suggests maintaining a spacing of either <0.7 m or >0.85 m to keep
WIL low.

H,,: WIL decreases as the vertical separation between the PV
modules and the water surface increases (see Fig. 14(c)). This
trend explains why elevated systems (e.g., LEP) generally ex-
hibit lower WIL. However, this does not imply that near-surface
archetypes (RP or LRP) are inherently penalised: RP/LRP designs
with small drafts relative to their total thickness can still maintain
low WIL. The PDP indicates that the dominant reduction in WIL
occurs within the first few metres of elevation above the water;
beyond approximately H,,, ~ 2.5 m, the benefit is marginal.

M f1oaer: From Fig. 14(d), it can be seen that WIL decreases with
increasing floater mass up to a certain point, beyond which the
reduction effect saturates. This indicates that increasing floater
mass beyond a threshold provides limited additional benefit while
adding cost and structural complexity. Therefore, having mod-
erately heavy floaters is advantageous. The floater mass can be
adequately increased by placing multiple PV modules on a single
floater, which can also help reduce the overall system cost by
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lowering the total number of floaters required to meet the ca-
pacity target. However, this benefit must be balanced against the
associated cost and design trade-offs.

2. Farm-level design recommendations

* Nioar:farm: From Fig. 14(e), it can be seen that WIL generally
increases as the number of floaters increases and then begins
to stabilise once the farm size exceeds approximately 10 floaters
(based on the training range). This suggests that excessively long
floater arrays should be avoided, as they tend to amplify the

WIL. Keeping the number of floaters per row or column within a

moderate range (ideally less than 8, although this may not always

be practical) helps maintain lower WIL levels.

M.,/ N.,: From Fig. 14(f), it can be seen that WIL generally

decreases and reaches a minimum (saddle point) when the farm

layout approaches a near symmetric configuration, after which it
increases slightly as the layout becomes more unbalanced. This
clearly indicates that balanced or symmetric farm arrangements,
where (M,,,,/N., =~ 0.8 — 1) are preferred. Symmetric layouts
ensure that the restoring forces from the mooring lines and con-
nectors are distributed evenly, preventing localised “hotspots” of
high WIL. In contrast, an unbalanced farm (very long but narrow)
is more susceptible to “snaking” motions potentially increasing the

WIL.

* Lygm/Wyarm: From Fig. 14(g), it can be noted that the WIL in-
creases sharply up to the point where L, = 4- W/, and
then decreases only slightly as the farm length becomes larger
than the width. This trend is primarily due to the fact that most
farm arrangements in the training dataset were rectangular in
nature. Therefore, if the farm is arranged like a grid/array, then
it is recommended that the farm length and width are similar
(symmetric with L, = Wj,.,). However, if the farm is arranged
more like a string, then the farm length could be anywhere around
0.5-1.5 times the farm width to keep the WIL at a minimum.

3. Mooring-line design recommendations

* N,oor: Fig. 14(h) shows the variation of WIL with respect to
Noyoor a0d N f11rs. rarm- From the plot, it can be observed that
WIL increases when both the number of floaters and the number
of mooring lines are high, and decreases when the number of
mooring lines is high relative to a small number of floaters. This
behaviour can be intuitively consistent because when there are
many floaters, the interconnections already provide damping and
the system should not be over-constrained with excessive mooring
lines which make the response numerically unstable; whereas
when there are very few floaters (low water coverage), the wave
forcing could potentially dominate and more mooring lines are
needed to maintain stability. The PDP therefore suggests that
the mooring system should not simply be maximised/minimised
but optimised. Having too few lines for few floaters can lead to
dynamic instability, while too many lines for too many floaters
could add cost and can even disrupt the dynamic balance without
producing meaningful WIL reduction. Thus, the mooring density
should be selected based on a balanced trade-off between WIL
reduction, system stability, and cost.

St f finoor OF Kioor: From Fig. 14(j), the PDP suggests that the stift-
ness and number of mooring lines should be co-optimised rather
than varied independently, as the observed trend appears quite
arbitrary. However, some general observations can still be drawn
for the tested configuration which are follows: (a) The lowest WIL
values are observed within the region of moderate stiffness (ap-
proximately 2-5 N/m) combined with 5-10 mooring lines, (b) It
can also be noted that when the number of mooring lines increases,
softer (less stiff) moorings are preferable, whereas configurations
with fewer lines benefit from higher stiffness or tighter moorings.
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Therefore, the optimal strategy is to balance mooring stiffness, line

count, and system cost—providing sufficient restraint to maintain

stability without introducing unnecessary rigidity.
4. Interconnection design recommendations

* N_,u,: To understand the influence of number of connectors, it has

been evaluated as a function of N,y as shown in Fig. 14().
From this plot, a general observation is that the connector density
should scale with farm size. Within the training data, the WIL is
minimal when approximately 30-40 connectors are used for farms
with about 20-25 floaters, corresponding to roughly 2 connectors
per floater. Below this ratio, the system becomes dynamically
fragmented, while above it, further benefit is marginal. Hence,
connectors should be distributed to maintain collective motion
coherence without introducing excessive rigidity to keep WIL at
a minimum.
R, /C,, Ry/Cy, R,/C,: From Fig. 14(l-n), it can first be observed
that the rotational stiffness-to-damping ratio about the y-axis has
the most significant influence on WIL compared to the x- and z-
axes. The PDPs also show that damping fractions (> 10% - R))
lead to lower WIL values, whereas damping levels (< 10% - R,)
effectively increases the WIL. Therefore, connectors should be
designed with sufficient compliance and minimal overdamping in
the pitch direction to maintain synchronised motion under waves
to keep the WIL at a minimum.

Therefore, based on the above PDPs, the non-linear dependency of WIL
on the design parameters can be more clearly quantified, adding to the
answer for RQ2 on how to quantify the WIL. The recommendations
derived from these plots also provide a simple yet practical set of design
guidelines to minimise WIL in OFPV systems, thereby addressing the
final research question RQ4.

7. Limitations and scope for future work

This work establishes a robust foundation for quantifying WIL through
both a physics-based framework and the SWIFT 1.0 surrogate model.
However there are few limitations which also provides the scope for
future work which are as follows: (i) Currently, both the physics-based
and surrogate models treat the floaters and the PV modules as rigid
bodies. Future research could focus on incorporating hydroelasticity
to accommodate flexible platform designs and thin-film PV modules
for OFPV applications. (ii) In the sensitivity analysis, we used linear
mooring lines and determined the connector stiffness parameters us-
ing a scaling-based approach derived from reference studies. Future
work could focus on incorporating nonlinear mooring behaviour and
experimentally validated connector properties to further improve the
predictive accuracy of SWIFT 1.0 for a broader range of real-world
configurations. (iii) In the development of SWIFT 1.0, temperature
and shading effects were not considered to solely quantify the effect
of motion. Therefore, future versions of the tool could be updated to
integrate other aspects affecting the EY in OFPV systems—such as shad-
ing, cooling, and soiling effects—thereby transitioning SWIFT into a
comprehensive tool for energy-yield predictions. (iv) As WIL is only one
component of the broader aspects affecting OFPV performance, a full
economic assessment was deferred in this study. A future study, using
an updated version of SWIFT, can be used to perform a more informed
analysis of the economic viability of different systems across global off-
shore locations. (v) Although the present models are validated against
multiple experimental and numerical benchmark sources available in
open literature, the reliability of the current model can be strengthened
further through comparisons using in-situ field measurements in the
future. At present, such field measured datasets recording sea state,
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platform motion, irradiance, and string-level electrical response are
scarce and not yet widely available to the research community.

8. Conclusion

At the beginning of this work, we set out to answer four research
questions related to modelling, quantifying, predicting, and minimising
WIL for OFPV applications. The key findings with respect to each
question are summarised below.

RQ1. How to develop a physics-based integrated modelling framework that
accurately couples 3-D wave-structure hydrodynamics with opto-electrical
performance?

This work first presented a complete methodology for simulating
the hydrodynamic response of four different archetypes using ANSYS
AQWA, together with validation for each archetype against both
experimental and computational reference studies. The average RMSE
values from the validation ranged between 0.13-4 deg/m for pitch,
0.02-0.25 m/m for surge, and 0.01-0.2 m/m for heave encompassing
the result across all the archetype validations.

The validation further showed that potential-flow solvers are suffi-
ciently accurate for EY modelling of OFPV systems, and that computa-
tionally intensive CFD tools are not strictly necessary for the purpose
of “EY” estimation.

An orientation-modelling method was introduced to convert the 3 ro-
tational degrees of freedom from the hydrodynamic simulations into
0,, A, and the extension of the PVMDtoolbox was described to simu-
late the opto-electrical analysis of OFPV systems to thereby calculate
the WIL making it one of the few tools capable of simulating the EY
of OFPV systems including the effect of wave motion.

A method was proposed to estimate the long-term system response
using a statistically-corrected approach that relies only on 10 min
of AQWA simulations. This method resulted in an overall RMSE of
0.1-0.2% when compared against the reference AQWA-based WIL
estimation.

RQ2. How to comprehensively quantify WIL through a multi-parameter
(geometrical + environmental) sensitivity analysis across diverse OFPV
archetypes?

An extensive sensitivity analysis was carried out by varying 32 pa-
rameters (both design-based and environmental-based), resulting in a
total of 109 simulations with over 50,000 WIL data values. The results
of the sensitivity analysis showed that the RP archetype exhibits an
hourly average WIL between 3%-6%, the LRP between 2.2-5.5%,
and the LEP between 1.5%-4%, indicating that the LEP archetype
generally yields the lowest average hourly WIL.

The 25th-75th percentile bands also showed an overlap region across
the three archetypes, indicating that each archetype can technically
outperform the others under a certain combination of operating
conditions.

The sensitivity analysis further confirmed that WIL exhibits a non-
linear response behaviour, with a non-linear dependency on both
design-based and environmental based parameters.

RQ3. How to formulate a computationally efficient, data-driven surro-
gate model to predict long-term WIL for different designs and operating
conditions?.

+ A data-driven surrogate modelling approach was used to interpret
the non-linear WIL behaviour. Several surrogate models were tested
through a 13-stage validation procedure that examined both the
interpolation and extrapolation capability. From this, the boosted
ensemble method was selected as the best model, showing an average
absolute RMSE of about 3% relative to the true WIL values.

This model was then further used to develop a first-of-its-kind So-
lar Wave-Induced Loss Forecasting Tool - SWIFT 1.0 which can
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predict/forecast WIL for a wide range of designs and operating con-
ditions.

SWIFT 1.0 was trained on over 50,000 WIL data points spanning 32
varying design and environmental parameters, and further validated
using an independent test case, showing an overall RMSE in the
range of 0.1-0.4%. In addition, the computational time required
when using SWIFT 1.0 is orders of magnitude lower compared to the
full physics-based modelling framework, making it both accurate and
computationally efficient.

RQ4. How to derive actionable, configuration-based design recommenda-
tions to minimise WIL in OFPV systems?

« The partial dependence of WIL on different design-based parameters
was established, and a set of recommendations at the unit-archetype,
farm layout, connector, and mooring-line levels were provided to help
maintain WIL at a minimum.

In summary, this work delivers a complete framework that models,
quantifies, predicts, and provides design guidance to reduce WIL in
OFPV systems thereby addressing the key limitations in existing lit-
erature and enabling more reliable, design-informed deployment of
offshore floating PV.

Notes

! It is important to note that the simulated results matched well with
the reference data when the frequency was interpreted in Hz and the
RAOs were expressed in deg/m or m/m. However, the reference article
reported the units as rad/s for frequency and rad/m for the pitch RAO,
which could likely be a typographical error.

2 An SM can be interpreted as a 360° view from the PV module’s
perspective, indicating how the module perceives its surroundings.

3 A skymap is a directional irradiance field that represents the sun’s
position and the corresponding irradiance intensity at each time step.

4 The Fuentes thermal model is used by the toolbox to estimate
T4~ The model does not currently account for the effects of water
temperature, and incorporating this is beyond the scope of the present
work. Therefore, a constant module temperature of 25 °C is assumed
throughout this study in order to isolate and quantify solely the effect
of wave-induced motion on EY.

5 A PDP illustrates how the WIL varies with respect to one parameter
while keeping all other parameters fixed at their average values.
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