<]
TUDelft

Delft University of Technology

Document Version
Final published version

Licence
CC BY-NC

Citation (APA)

Patryniak, K., Collu, M., Yeter, B., Minisi, S., Oneto, L., & Coraddu, A. (2026). Hybrid frequency-time domain surrogate-
augmented model of dynamics of floating offshore wind turbines. Ocean Engineering, 365(P1), Article 127227.
https://doi.org/10.1016/j.oceaneng.2026.127227

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright

In case the licence states “Dutch Copyright Act (Article 25fa)”, this publication was made available Green Open
Access via the TU Delft Institutional Repository pursuant to Dutch Copyright Act (Article 25fa, the Taverne
amendment). This provision does not affect copyright ownership.

Unless copyright is transferred by contract or statute, it remains with the copyright holder.

Sharing and reuse

Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without
the consent of the author(s) and/or copyright holder(s), unless the work is under an open content license such as
Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1016/j.oceaneng.2026.127227

Ocean Engineering 365 (2026) 127227

Contents lists available at ScienceDirect

ENGINEERING

Ocean Engineering

journal homepage: www.elsevier.com/locate/oceaneng

Research paper

Hybrid frequency-time domain surrogate-augmented model of dynamics of
floating offshore wind turbines

Katarzyna Patryniak ®-*, Maurizio Collu ", Baran Yeter ¥, Simone Minisi ¢, Luca Oneto “®“,
Andrea Coraddu ¢

a Department of Naval Architecture, Ocean and Marine Engineering, University of Strathclyde, Glasgow, UK

b Department of Energy, Aalborg University, Esbjerg, Denmark

¢ DITEN, University of Genoa, Genoa, Italy

d Faculty of Mechanical, Maritime and Materials Engineering, Delft University of Technology, Delft, Netherlands

ARTICLE INFO ABSTRACT

Keywords:

Floating offshore wind turbine
Fatigue analysis

Design optimisation

Mooring design

Offshore engineering
Surrogate model

Machine learning

Floating offshore wind turbines can harness the more consistent and powerful winds in deep-water offshore
areas. However, they face challenges due to complex loading mechanisms across various load cases. Fully
coupled nonlinear time-domain response and load analyses are computationally expensive, making them
unsuitable for highly iterative design optimisation under all limit states’ constraints. This research presents
a hybrid domain (frequency and time) and hybrid paradigm (physics-based, surrogate-augmented) approach
that strikes a balance between accuracy and computational efficiency. The motion response is obtained in
the frequency domain, while structural loads are computed from the inverse fast Fourier transform of the
motion spectra. This approach combines the efficiency of the frequency-domain approach with the ability to
model some load nonlinearities in the time domain. To further enhance efficiency, two dedicated surrogate
models have been developed and embedded into the workflow. The first surrogate predicts hydrodynamic
potential coefficients over the relevant range of wave frequencies, thereby replacing the need for repeated
potential-flow computations in the design loop. The second surrogate emulates the time-domain mooring line
loads as a function of mooring design and fairlead motion, acting as a fast proxy for more computationally
demanding dynamic mooring analyses. The mooring surrogate is agnostic to platform design and environmental
conditions, offering broader applicability than existing approaches. Both surrogates are constructed as data-
driven, multi-output regression models trained on large datasets generated from higher-fidelity numerical
simulations, tailored to provide accurate predictions in milliseconds. This novel approach provides accurate
design trend predictions while significantly reducing solution time. It enables fast and comprehensive FOWT
design optimisation, accelerating early-stage development and allowing greater complexity from the outset.

1. Introduction and previous work large rigid-body motions and structural loads due to the wind, wave,
and current loads, with strong interdependence between the inertial,

Floating offshore wind turbines (FOWTs) have the potential to wind, and wave-driven responses (Bachynski and Moan, 2012; Wang

harness the abundant wind resources in deep-water offshore conditions,
where bottom-fixed structures are no longer feasible. With taller towers
and larger rotors, they can access stronger wind at higher altitudes, thus
operating at higher capacity factors (Johnston et al., 2020). Moreover,
FOWTs benefit from more uniform and consistent wind, with minimal
terrain roughness. Installed further away from the coast, they minimise
interference with other coastal activities as well as audio-visual, so-
cietal, and environmental impacts (IRENA, 2019). However, they are
also exposed to a harsher, unsheltered marine environment. Due to the
lack of rigid connection to the seabed, these structures may experience
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et al.,, 2023). Therefore, integrated design methods are essential for
balancing performance and cost across all components of the complex,
coupled FOWT system. Efficient and accurate numerical modelling is
critical for design optimisation, as high computational demand can
make this highly iterative process too time-consuming to be practical,
while insufficient accuracy risks over-engineered or unrealistic design
solutions.

FOWT modelling is challenging due to the interactions between
the multivariate environmental loading and the system’s interaction
with the environment. As shown in multiple references including (Liu
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et al., 2017; Lienard et al., 2019; Huang and Wan, 2020), wave-induced
rigid motion of the platform substantially affects the tower-top motion,
hence influencing the magnitude and variance of the rotor thrust and
torque, which in turn lead to fluctuating structural loads on the system’s
components (Veldman, 2020; Zhu et al., 2024). The structural loads are
further augmented by the gravitational and inertial loads related to the
angular displacements and accelerations of the rigid body (Robertson
et al.,, 2017). Moreover, large mean displacements of the platform
due to aerodynamic loads lead to a nonlinear force-displacement re-
lationship of the mooring lines (Brown, 2005; Liu et al., 2017; Tracy,
2007), which, together with the variable displacements of the platform,
leads to significant variability of the mooring tension (Robertson et al.,
2017).

The mean and fluctuating wind and wave loads contribute to
distinct structural failure mechanisms. Therefore, conducting analysis
across various scenarios throughout the lifespan of FOWTs is crucial to
mitigate risks associated with extreme environmental forces (ultimate
limit states), operational conditions (serviceability limit states), and
progressive structural degradation over time (fatigue limit states).
In the context of design optimisation, fatigue assessment presents a
significant challenge, as it requires the evaluation of internal structural
loads under a variety of environmental loading conditions (at least
20, according to DNV-RP-C203 (DNVGL, 2016)). The applicability
and accuracy of spectral-based fatigue assessment methods are limited
by the broad-band loading in offshore conditions, and time-domain
approaches may be required, further increasing computational effort.

A full stochastic analysis of wind- and wave-induced loading on
FOWTs over a 25-30-year lifetime using state-of-the-art, fully cou-
pled nonlinear time-domain solvers requires substantial computational
resources, even for a single analysis (Butterfield et al., 2005). Long
simulation windows are necessary to reduce statistical uncertainty, and
the computational burden is further amplified by the iterative nature of
design optimisation (Moan et al., 2020). As fully coupled simulations
are therefore impractical for optimisation — particularly in early-stage
concept design — numerous alternative modelling approaches have
been proposed for predicting motions, loads, and fatigue, including
both physics-based and data-driven methods.

1.1. Efficient physics-based models

The following sections introduce the key challenges associated with
modelling motions and loads, as well as assessing fatigue damage.

1.1.1. Motion and load response

Simplified dynamic models have long been used to capture the
essential coupled dynamics of FOWT systems (Moan et al., 2020), and
linearised formulations in particular offer clear advantages for iterative
optimisation. A comprehensive review of such methods is given in
Patryniak et al. (2022). In what follows, we draw on a small number
of representative models to frame the context of existing frequency-
domain approaches, noting that this discussion is not intended to be
exhaustive or systematic.

Early frequency-domain (FD) approaches primarily treated wind-
and wave-induced responses separately. For example, Bachynski (2014)
modelled wave-driven motions by multiplying the hydrodynamic re-
sponse amplitude operators (RAOs) with the incident wave spectrum,
and obtained wind-driven motions by combining wind RAOs with a
thrust spectrum precomputed in the time domain. More integrated
FD formulations have since been developed. Hegseth et al. (2020)
assembled a closed-loop aero-hydro—servo-elastic model by expressing
structural and control components in state-space form. Hydrodynamic
excitation was obtained from MacCamy-Fuchs theory, damping from
linearised Morison’s equation, and added mass from analytical 2D
formulations. Aerodynamic loads were computed using a linearised
quasi-steady blade element momentum method, and mooring forces
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were represented using the simplified FD model of Larsen and Sand-
vik (1990). While the aerodynamic predictions compared well with a
nonlinear reference, full-system verification was not demonstrated. Re-
cent frameworks incorporate more accurate disciplinary models while
retaining computational efficiency. RAFT (Hall et al., 2022), for exam-
ple, couples potential-flow and strip-theory hydrodynamics with BEM
aerodynamics, quasi-static moorings, and linear turbine control within
a unified FD solver. Verification showed generally good agreement
with OpenFAST for global motions, though noticeable discrepancies
remained in predicted tower-base loads. Overall, FD models have pro-
gressed from highly simplified spectral formulations to more compre-
hensive multi-physics frameworks, improving accuracy while main-
taining tractability for design-space exploration. Nevertheless, most
published models still lack systematic verification or show notable
inaccuracies in load prediction.

1.1.2. Fatigue assessment

The simplest spectral-based approaches for fatigue analysis are
based on the assumption of a narrow-band stress process. The wind
and wave-driven loads exhibit distinct statistical properties, as they act
in different (although not completely disjoint) frequency regimes. De-
pending on the location, the first-order wave loads are concentrated in
a specific, higher frequency band of the order of 0.1 Hz (or 10 s period),
while the difference frequency second-order wave loads and turbulent
wind loads typically act over a wider range of frequencies at the lower
end of the spectrum of the order of 0.001 to 0.01 Hz (or a period of
100 to 1000 s). While each load source can be considered narrow-
band, the total load follows a more complex distribution. Consequently,
narrow-band spectral methods are not suitable when both wind and
wave loads are applied simultaneously (Martinez-Puente et al., 2024),
and, as shown in Mao et al. (2025), require corrections and calibration
factors.

Dual-narrow-band or wide-band frequency-domain methods are
more often applied, as they can account for the complex nature of
the combined wind-wave loading. Several studies highlighted the im-
portance of incorporating wind and wave-induced loading in fatigue
and reliability analyses of FOWTs. The work of Sgrensen and Sgrensen
(2010), Burton et al. (2011) and Song et al. (2021) showed that
the variable aerodynamic loads can significantly contribute to fatigue
damage of FOWT. Xu et al. (2019) and Wang et al. (2023) showed
that while wind-induced loading is often the primary contributor to
fatigue during operational conditions, high sea states with large wave
heights can also lead to substantial fatigue damage. In agreement with
this, Zhu et al. (2024) showed that while the relative contributions
of the wind and waves to fatigue damage depend on the control
strategy, wind-induced fatigue tends to dominate in lower wind speed
operational conditions, and wave-induced fatigue becomes relatively
more important in harsh sea states in the high wind speed (reduced
thrust) regime.

Simply summing the fatigue damage from low- and high-frequency
responses can lead to underestimation when both sources contribute
significantly (DNVGL, 2016; Kai-Tung Ma et al., 2019). Kai-Tung Ma
et al. (2019) propose two practical solutions: the combined-spectrum
method, which computes total damage from the root-sum-of-squares
stress standard deviation; and the dual-narrow-band method, which
applies a correction factor reflecting the relative contributions of the
two frequency bands. Appendix D of DNV-RP-C203 (DNVGL, 2016) also
provides a simplified combination rule based on mean zero-upcrossing
periods. Beyond these, wide-band spectral methods such as the Dir-
lik (1985) and Tovo and Benasciutti (2004) formulations are widely
regarded as the state-of-the-art in frequency-domain fatigue estima-
tion. A comprehensive overview was given in Dirlik and Benasciutti
(2021), which highlighted that these methods were initially derived
using Monte Carlo sampling of stress processes, followed by inverse
FFT reconstruction of synthetic time series from which empirical cycle
distributions were obtained. Their parameters are therefore tuned to
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reproduce rainflow statistics, but they remain approximations of the
underlying time-domain process. Accordingly, DNV-E301 recommends
using the dual narrow-band method and checking a few cases with a
more accurate rainflow counting method.

Although computationally efficient, particularly valuable in high-
resolution multibody or FEA structural assessments, the spectral meth-
ods are generally conservative (Dirlik and Benasciutti, 2021; Kai-Tung
Ma et al., 2019) and lead to over-engineered structures. In contrast,
the rainflow counting method operates directly on the stress time
series. It does not require assumptions about the underlying spectral
shape, making it the most accurate engineering approach for fatigue
assessment (Kai-Tung Ma et al., 2019). When dynamic responses can be
efficiently obtained for selected structural details/locations under the
relevant metocean and operational conditions, time-domain rainflow
counting offers a balance between accuracy and computational cost,
making it highly suitable for fatigue evaluation during early-stage
design.

1.2. Data-driven models

Alternatively, data-driven surrogate models offer accuracy com-
parable to fully nonlinear dynamic models, but at a fraction of the
computational cost (Queipo et al., 2005; Forrester et al., 2008). In a
typical supervised-learning setting, a surrogate is trained offline on a
database of input—output pairs generated using higher-fidelity numer-
ical simulations or experiments, thereby learning an approximation of
the underlying input-response mapping. Once trained, the surrogate
can be evaluated in milliseconds, enabling its use within gradient-
based or gradient-free optimisation, uncertainty quantification, and
reliability analyses that require thousands to millions of model eval-
uations (Forrester et al., 2008; Rasmussen and Williams, 2006). In this
way, the computational burden is shifted from the optimisation loop to
an upfront pre-computation phase devoted to dataset generation and
model training.

From a methodological standpoint, surrogate modelling encom-
passes a broad family of regression techniques. Classical approaches
include low- and high-order polynomial response surfaces, Gaussian
process/Kriging models, and radial-basis-function networks, which pro-
vide smooth global approximations and, in the case of Gaussian pro-
cesses, principled uncertainty quantification (Queipo et al., 2005; Ras-
mussen and Williams, 2006). More recently, machine-learning models
such as support vector regression, random forests, gradient-boosting
ensembles, and deep neural networks have gained prominence due to
their ability to handle high-dimensional, nonlinear mappings (Bishop
and Bishop, 2023; Oneto, 2020). Their practical scalability to very large
datasets and to coupled multi-output problems, however, varies consid-
erably across methods and implementations. Each of these techniques
offers different trade-offs between expressiveness, data efficiency, ro-
bustness to noise, and interpretability, and their selection is typically
guided by problem dimensionality, available data, and computational
budget (Oneto, 2020).

In the maritime and offshore domain, data-driven surrogates have
already been successfully deployed for ship performance prediction and
fouling assessment via digital twins (Coraddu et al., 2019; Oneto et al.,
2016), for the estimation of ultimate strength reduction in stiffened
panels under welding residual stresses (Li et al., 2022; Coraddu et al.,
2023), and for hybrid physical/data-driven modelling of marine en-
gines (Coraddu et al., 2022). These studies show that, when coupled
with rigorous model selection, regularisation, and error-estimation pro-
cedures (Oneto, 2020), surrogate models can achieve high predictive
accuracy while maintaining a controlled generalisation error. In partic-
ular, recent works have combined advanced learning pipelines (feature
engineering, hyperparameter optimisation, cross-validation, and uncer-
tainty quantification) with physically informed inputs and constraints,
yielding surrogates that are not only accurate but also robust and phys-
ically plausible within their domain of applicability (Coraddu et al.,
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2019, 2023, 2022). This line of research emphasises the importance of
aligning model complexity with the quantity and quality of data, as
well as systematically validating surrogates before incorporating them
into design or operational decision-making frameworks.

A typical example directly relevant to FOWTs is the construction of
a surrogate model that emulates a high-fidelity aero-hydro-servo—elastic
simulator. In this setting, the inputs consist of both design variables
(e.g. platform geometry, mooring-system properties, and controller
parameters) and environmental descriptors (e.g. wave spectrum, wind
speed, and directionality), while the outputs are key performance
indicators such as platform motions, tower-base bending moments, and
mooring-line tensions. The training dataset is generated by sampling
the joint design-environmental space and running the high-fidelity
simulator for each sample, typically at a computational cost on the
order of an hour per case. This database is then used to train a data-
driven surrogate model — such as a Gaussian process or a shallow
neural network — that learns the mapping from inputs to system
responses. Once trained and carefully validated, the surrogate can be
evaluated within its domain of applicability in milliseconds, acting
as an efficient emulator of the full nonlinear time-domain model.
This enables extensive design-space exploration, sensitivity analysis,
and scenario screening that would otherwise be computationally pro-
hibitive, particularly in early-stage FOWT design where thousands
of evaluations are required before committing resources to a limited
number of detailed simulations.

The potential of these models has been recognised in several recent
publications on FOWT design. For example, Zhang et al. (2022) con-
ducted a multi-objective optimisation of a semisubmersible platform
using a Standard Response Surface, which was constructed from a
database of results obtained from OpenFAST. In this study, the platform
parameters served as inputs, while the outputs were the motions and
natural frequencies, which also acted as design constraints. Trubat
et al. (2022) performed FOWT mooring optimisation using a Differ-
ential Evolution algorithm, with an Artificial Neural Network (ANN)
model predicting static and dynamic responses (line forces and plat-
form motions) based on input parameters related to line geometry. Ye
et al. (2024) optimised the FOWT mooring system using the NSGA-
I algorithm and a Kriging model, which was trained on results from
OpenFAST. As in the previous studies, the mooring system parameters
were input to the model, while platform motions (which also served
as design constraints) were the outputs. Wang et al. (2025) trained a
Deep Neural Network (DNN) using the geometric parameters of the
mooring system of a semisubmersible FOWT to predict optimisation
objectives — mooring tension and platform motions — for three design
load cases. A key innovation in the approach was the use of initial static
calculations to filter out infeasible samples from the dataset, which
were then excluded from the training of the surrogate model.

Unlike the other studies, a recent semisubmersible FOWT optimisa-
tion by Bessone et al. (2024) employed a surrogate model for potential
hydrodynamic coefficients (rather than directly modelling the design
constraints). In this case, a data-driven replacement of the boundary
element method code was utilised within a highly efficient frequency-
domain framework to compute system responses, which were then
considered as design constraints. The authors trained an XGBoost model
based on results from the HAMS (NREL, 2024b) hydrodynamic solver.
A similar approach was independently demonstrated by Coraddu et al.
(2020) and Rohrer and Bachynski-Polic (2024), though these studies
did not directly apply surrogate models to design optimisation.

Most of the studies discussed employed surrogate models to acceler-
ate design evaluations within stochastic optimisation frameworks. With
the exception of one study, these studies employed surrogate models
to predict design objectives and constraints, rather than replacing spe-
cific bottleneck models in the coupled solution process. Furthermore,
each study trained its models for specific environmental conditions,
mooring studies focused on particular platform designs, and platform
studies were based on specific mooring configurations, limiting their
applicability.
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Model C1 C2
Paradigm Domain Paradigm Domain
Mean motion PM
Potential coefficients FD DDM FD
Dynamic motions PM FD — TD FD — TD
PM

Tower loads

TD D
Mooring loads DDM
Section 3 4.1,4.2

Fig. 1. Dynamic models overview. PM—physical model; DDM—data-driven
model; FD—frequency domain; TD—time domain.

1.3. Paper outline

This paper presents an efficient approach to the design evaluation
of FOWTs for use in optimisation studies. It provides a method for
assessing the metrics across the ultimate, fatigue, and serviceability
limit states, as required by a holistic design approach at the concep-
tual design stage. In Section 3, we introduce a physics-based hybrid
frequency-time domain dynamic model and evaluate its accuracy and
efficiency. The limitations identified in this evaluation motivate the
development of a surrogate-augmented model, presented in Section 4,
in which surrogates for the potential-flow coefficients and mooring
loads address the remaining computational bottlenecks. A demonstra-
tion of design optimisation performed with each model is presented in
Section 5, with the article concluding in Section 6.

2. Methodology

The two models presented in this paper differ in their modelling
paradigm: physics-based (PM) or data-driven (DDM), and modelling
domain: frequency domain (FD) or time domain (TD), as summarised
in Fig. 1. Typical frequency-domain models rely on frequency-domain
solutions for both motion and load response, which limits their accu-
racy, particularly in the prediction of mooring tension and fatigue, and
tower base bending moment (Patryniak, 2026).

The hybrid-domain model developed in this paper (Section 3) re-
tains the efficient computation of the motion response in the frequency
domain, but transforms the resulting motion to the time domain, where
the structural loads are calculated directly. This allows some motion-
load nonlinearities to be captured, following an approach inspired
by the work of Pegalajar-Jurado et al. (2018). The second model
(Section 4) augments the hybrid-domain model with two surrogates:
one replacing the boundary element method for computation of the
hydrodynamic coefficients, and another for the computation of the
mooring loads.

2.1. Verification study setup

The models developed are tested on the example of the OC3 Hy-
wind spar floating platform (Jonkman, 2010) with the 5MW reference
rotor (Jonkman et al., 2009). The mooring system was sized to ensure
the mean offset below 10% of the water depth and no vertical load on
the anchors in the rated wind (maximum thrust) condition.! The system
is illustrated in Fig. 2 and detailed in Tables 1-2.

! This was achieved by modifying the original line diameter and anchor
radius, as one of the possible ways of achieving the desired response. Note
that this is not an optimal design in any sense.
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Table 1
Reference FOWT design characteristics. CG — centre of gravity; CB — centre
of buoyancy.

Property Unit Value
Platform, including ballast:
Draft m 120
Diameter m 6.5-9.7 (tapered)
Offset column diameter m -
Base column diameter m -
Mass kg 7.47 - 100
Vertical CG m —89.92
Pitch inertia about CG kgm? 4.23.10°
Hydrostatics:
Vertical CB m -61.17
Metacentric height m 28.7
Stiffness coefficient:
Heave Nm™! 3.33.10°
Pitch Nmrad™ —4.99 - 10°
Infinite-frequency added mass:
Surge-surge kg 7.569 - 10°
Heave-heave kg 2.35-10°
Pitch-pitch kgm? 3.7- 10"
Surge-pitch kgm —4.71- 108
Mooring system:
Fairlead height m =70
Fairlead radius m 5.2
Water depth (anchor position) m -320
Anchor radius m 845.2
Unstretched line length m 902.2
Chain diameter (nominal) m 0.07
Pretension kN 859.0
Natural frequency:
Surge Hz 0.007
Heave Hz 0.032
Pitch Hz 0.034
Table 2
NREL 5MW reference rotor and tower characteristics.
Property Unit Value
Rotor-Nacelle Assembly:
RNA mass kg 35-10°
Hub height m 90.0
Cut-in, rated, cut-out wind speed ms~! 3,114, 25
Rated wind speed thrust kN 805.11
Tower:
Elevation to tower base m 10.0
Elevation to tower top m 87.6
Tower mass kg 249 718
Tower vertical CG m 43.4

Each model is verified against a state-of-the-art time-domain cou-
pled model of dynamics OpenFAST (National Renewable Energy Lab-
oratory, 2020). The simulation setup includes only rigid degrees of
freedom, no controller (operational point set according to the control
look-up table), first-order wave loads (both potential and viscous)
integrated up to the mean waterline, no current, and turbulent wind
generated in accordance with IEC-recommended spectrum (IEC 61400-
1), aerodynamic loads computation with a blade element momentum
model without tower influence but with tip and hub loss corrections,
and a dynamic lumped-mass mooring model.

To verify the FOWT motions and loads, three series of verification
cases are performed: with only the wave load (cases 1.x), with only
the wind load (cases 2.x), and with both wind and wave loads (cases
3.x), to provide insight into the mechanisms driving the discrepancies.
The analyses rely on the metocean data from the Scottish sectoral
marine plan site “NE8” (Scottish Government, 2020). As summarised
in Table 3, the wave-only test cases are run at varying peak periods
and significant wave heights, to investigate the response in different
frequency and amplitude regimes. Wind-only and wind-wave cases are
run in below-rated, rated, and above-rated conditions. The significant
wave height H; and peak period 7, were selected based on the joint
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s

Fig. 2. Reference spar FOWT system illustration.
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Fig. 3. Representative wind speed, significant wave height and peak period selection based on conditional probabilities.

Table 3
Dynamic model verification cases.

Case Wave-only cases Wind-only cases Wind and wave cases

1.1 1.2 1.3 1.4 1.5 2.1 2.2 2.3 2.4 3.1 3.2 3.3
H; (m) 1.0 2.0 1.0 2.0 1.0 - - - - 1.44 1.87 2.68
T, (5) 8.0 8.0 16.0 16.0 32.0 - - - - 8.14 7.48 7.63
U, (ms™) - - - - - 4.0 8.5 11.4 15.1 8.5 11.4 15.1

wind-wave statistics, as illustrated in Fig. 3. The metocean dataset was
first filtered to include only records with wind speeds within a +1.0
ms~! interval around the selected wind speed. Within this subset, H,
was defined as the expected value of the empirical H, distribution, and
a range within +0.25 m of this value was selected. From within this
range of records, the T, was then taken as the expected value of the
corresponding empirical 7, distribution.

The fatigue assessment in the verification studies is carried out
for a single sea state using a 1-hour simulated response, which is
then extrapolated to the full lifetime of the structure (25 years). This
approach contrasts with a fully probabilistic fatigue assessment, where
contributions from all sea states expected over the structure’s lifetime
are accounted for. By focusing on a single sea state, direct comparisons
of fatigue damage across models can be made without averaging over
multiple environmental loading realisations. When required, multiple
representative sea states are analysed—for example, to investigate
fatigue behaviour under different loading regimes.

A single wind and waves direction of 0° is modelled, and a fatigue
reduction factor R, is applied to approximately account for the di-
rectionality of the waves (distribution of the mean wave direction),
following the approach proposed in Vugts (2005). The metocean data is

used to obtain the probability of each mean wave direction p(y;) (shown
in Fig. 4), and the correction factor is obtained according to Eq. (1):

1
R, = X [p () cos '] W

i=1

The output time signals from OpenFAST (tower base bending mo-
ment and mooring tension at the fairlead) are post-processed to com-
pute the stress and fatigue damage, which are not direct outputs of
OpenFAST (the method will be outlined in Section 3).

3. Physics-based model (C1)

The subsequent sections introduce and verify the hybrid-domain
model (C1). The model relies on the prediction of the steady-state
position of FOWT as excited by mean aero- and mooring loads, as well
as the dynamic, harmonic response due to the fluctuating wave and
wind loads, both the deterministic component related to the variation
of the wind load due to the rotor rotation, as well as the stochastic
component, related to the turbulent wind inflow.
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3.1. Static equilibrium

The floating support structure is modelled as a rigid body with three
degrees of freedom (DOFs): surge, heave, and pitch. Only in-plane loads
and motion response are considered in the current study. The static
response (equilibrium position) of the floating system is obtained by
iteratively solving for the mean aerodynamic and mooring load on the
platform (F 4,0, Fmoor) and the offset and attitude of the system (i),
considering the hydrodynamic and gravitational restoring (C,, C,),
using an efficient Broyden solver, as recommended in Patryniak and
Collu (2023):

(Chp+C N = F 4000 + F oo (M) @)

The load on the platform from the mooring system is modelled using
a quasi-static approach implemented in MoorPy (Hall et al., 2021).
This method utilises standard catenary equations to calculate the in-
stantaneous position and tension in the mooring lines, based on the
net weight and axial stiffness. The mean aerodynamic load and its
derivatives are solved by a steady blade element momentum model
implemented in CCBlade (Ning, 2013), including the Prandtl tip and
hub loss corrections and wake rotation (non-zero tangential factors).

3.2. Dynamic motion response

The response of the platform to turbulent wind and wave excitation
is computed based on the solution of the three DOF forced oscillation
problem. The complex amplitude of motion #(w) is obtained by solving
the equation of motion in the frequency domain:

i(@)[~0* (M + A®)) + ioB(@) + C] = Fj4,0(@) + F (@) 3

M and C are the mass/inertia and stiffness matrices, respectively, and
A, B are the frequency-dependent added mass and damping matrices,
respectively. Inertia and hydrostatic stiffness matrices are calculated
analytically in the initial undisplaced position. The contribution to
total stiffness from the mooring system is computed by a quasi-static
mooring model MoorPy (Hall et al.,, 2021) (linear stiffness), in the
equilibrium position (as it varies significantly from the stiffness in the
initial undisplaced position). The derivatives of the aerodynamic load,
i.e., aerodynamic damping, are computed by a steady blade element
momentum model (CCBlade (Ning, 2013)).

The frequency-dependent potential hydrodynamic coefficients
(added mass, radiation damping, and excitation) are computed using a
3D linear frequency-domain BEM solver, Capytaine (Ancellin and Dias,
2019), for the floating platform in the equilibrium position (i.e., from
the solution of the radiation and diffraction problems). The excitation
forces are required to obtain the loads on the right-hand side of Eq. (3),
as will be detailed shortly.
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Fig. 5. Boundary element method mesh (panels) over submerged part of the
floating platform. The mesh represents a sample spar design, not the original
0OC3 design.

The platform’s underwater surface is discretised using quadrilateral
panels on lateral and bottom faces. Mesh refinement followed the
Nyquist-Shannon sampling criterion (Shannon, 1949), with at least four
panels per wavelength. A sample mesh is shown in Fig. 5.

Viscous hydrodynamic loads are introduced by including a viscous
damping coefficient in the total damping term in Eq. (3). The coefficient
is obtained from a stochastic linearisation of the drag term in Morison’s
equation, as proposed by Borgman in Borgman (1967). For each hori-
zontal slice of the floater (d L), viscous drag (d F;) is approximated by:

dF;/dL =1/2-cppDr\/8/7 o,u, 4

Here, cp is the drag coefficient, D is the local diameter of the floater, u
and ¢, are the local relative normal velocity and its standard deviation.
The drag coefficient was assumed to be 0.6, as characteristic for a
cylinder in high Reynolds number oscillatory flow in moderate and
severe conditions (Jonkman, 2010). The standard deviation of velocity
is calculated from the velocity response spectrum:

© 172
o, = < / S, (@) da)) )
0

which, in turn, is obtained as a product of the square of the velocity
RAO and the JONSWAP sea spectrum:

S, (@) =| RAO, (@) | S;(@) (6)
The velocity RAO is obtained from the displacement RAO:

RAO, = @ - RAO, @
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The displacement RAO is calculated from Eq. (3) by dividing the motion
response amplitude by the wave amplitude:

RAO, =1n/a ()

The water particle velocity contribution to the relative velocity is
ignored following the assumption of linear wave kinematics. Viscous
damping is then computed as:

B,=dF,;/du 9

Since viscous damping depends on the platform’s response statistics,
and the response calculation requires viscous drag as input, viscous
damping and motion response (RAOs) are solved iteratively (full so-
lution is outlined in Patryniak and Collu (2023)).

In Eq. (3), F hydro(®) and F 4oro(®) are the hydrodynamif and aero-
dynamic fluctuating loads, respectively. More specifically, Fy4,,(®) is
the frequency- and direction-dependent complex wave excitation ma-
trix, obtained as a product of the first order wave excitation coefficient
X (w) from the diffraction problem solution, and the wave amplitude in
the frequency domain &(w):

ﬁhydro(w) = é(w)X(CO) (10)

Second-order hydrodynamics are not considered, supported by
Jonkman (2010), Roald et al. (2013) and Duarte et al. (2014). The
complex wave amplitude is derived with amplitudes from the two-
parameter JONSWAP spectrum S ;(w) and random phases ¢(w):

(@) = V28 (@)dw - explid()) 1D

F,,,,(@) in Eq. (3) is the frequency-dependent complex turbulent
wind excitation. It is derived based on the fast Fourier transform (FFT)
of the fluctuating aerodynamic load time series precomputed using
OpenFAST (National Renewable Energy Laboratory, 2020) for a range
of mean wind speeds, turbulence intensity factors, and rotor plane
inclination angles, with all rigid and flexible DOFs disabled (therefore
specific to a given rotor, but agnostic to the support structure design).
In the simulations, the controller was disabled, and the rotor speed
and blade pitch angle were set to the values from the control table,
interpolated based on the mean wind speed. Directly precomputing the
aerodynamic load and not only the wind inflow velocities was possible,
as this study concerns a fixed rotor design. One of the benefits of this
approach is that some of the nonlinearities in the wind load could be
accounted for in the otherwise linear approach.

The complex motions in the frequency domain were transformed to
the time domain by performing the inverse Fourier transform (iFFT) of
f(w):

n =F~ (i) 12)

3.3. Loads assessment

The motion time series obtained from the dynamic model is used to
directly compute the system loads, specifically the tower base bending
moment and the most loaded mooring line tension at the fairlead, as
shown in Fig. 6. These two locations are considered critical from the
perspective of ultimate and fatigue limit states assessment.

The calculation of the tower base bending moment involves sum-
ming up the contributions of the aerodynamic load on the rotor and
tower, transformed to the tower base-fixed coordinate system, as well
as the contributions from the inertial effects of the acceleration and
inclination of the structures above the tower base, which include the
tower itself and the rotor-nacelle assembly. The computation of the
mean bending moment relies on the input of the mean inflow velocity,
aerodynamic load, and pitch displacement. In contrast, the dynamic
tower load calculation requires the input of the time series of the aero-
dynamic load, pitch displacement, and acceleration, all computed at the
mean position of the system. The mean moment due to aerodynamic
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drag on the tower is computed based on the integration of the drag
along the tower with the drag coefficient ¢, = 1 (Det Norske Veritas
(DNV), 2014) and wind shear exponent a = 0.2%:

2a
1
dMy(2) = 3 pcqVyey <ﬁ> dA(z) z (13)
re

V,.r is the reference wind speed at hub height z,,,. The instantaneous
moment due to the acceleration of the ith mass item located at the
height z; above the tower base is formulated as:

Maccel,i(t) = miai(t) Z; (14)

The instantaneous moment due to the inclination of the weight item N;
over the tower base is formulated as:

M, (1) = z; (sin(@ + 66(1)) — sin(9)) N; (15)

accounting for the reduction of the effective lever of the weight with
the mean pitch angle.

The mooring loads were computed by feeding the motion time series
to the quasi-static mooring model (MoorPy). This method computes the
mooring loads at each time step, accounting for the mooring tension
nonlinearity with respect to the platform motion (although it does not
model the two-way motion-load coupling that a purely time-domain
model would).

3.4. Fatigue assessment

The fatigue assessment follows the S-N approach suggested by DNV
(2013), in which the number of stress cycles n occurring at critical
areas of the structure at a given hotspot stress range is compared with
the number of cycles to failure N. The number of cycles to failure for
each stress range Ao is obtained from fatigue test results reported in
DNVGL (2016) as curves characterised by the intercept of the log(N)
axis (log(a)) and the negative inverse slope (m):

log(N) = log(a) — mlog(4c) ae)

Using the available load time signals, the rainflow counting method is
applied to directly count the stress cycles. A stress range histogram is
generated, and the fatigue damage accumulated over a single sea state
(1-hour simulation) is computed by summing the contributions from
k histogram bins (linear accumulation), following the Palmgren-Miner
rule, augmented by the wave directionality correction factor R,,:

k

k
; 1
D,=Y F’[R# =~ > ndo]'R, an

i=1 i=1

The cumulative fatigue damage over the design life of the structure is
then obtained by summing the products of the one-hour damage, the
design life in hours (7)), and the probability of occurrence of each sea
state (p,,):
!

D=T; ) Dyp, (18)

ss=1
Note that the verification presented in this paper considers one en-
vironmental condition at a time (! = 1, p,, = 1). The parameters
of the adopted S-N curves are listed in Table 4. The C1 curve from
DNVGL (2016) is applied for the tower, assuming good-quality welded
joints in air, while the curve for the mooring chain is taken from
DNV-0S-E301 (DNV, 2013) for a studless chain.

2 The results presented in this paper were obtained assuming a = 0.2, as
recommended by the IEC 61400-1:2019 Section 6.3.2.2 (International Elec-
trotechnical Commission (IEC), 2019) for the normal wind model. However,
lower values, 0.11-0.14, are typically assumed and recommended in more
recent editions of standards.
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Fig. 6. The process behind model C2: from frequency-domain motion to time-domain loads.

Table 4

Relevant S-N curves parameters.
Location Material m a
Tower base Welded joint 3.0 2.8119 x 10'2
Fairlead Studless chain 3.0 6.0 x 1010

Mooring lines. This analysis focuses on tension—tension fatigue, exclud-
ing the out-of-plane bending effects. The nominal stress range (double
amplitude) in the ith environmental condition og; is given as the
tension range (o7;) divided by the nominal cross-section area of the
chain (corrected by corrosion):

d 19

corr

=d-0.12" .95 year
year

o5, = or,;/Qrd> %)

corr (20)
Tower base. The nominal stress at the tower base is calculated based on
DNV-GL-RP-C202 recommendation as the difference between the axial
compressive and tensile stress:

O'S[ = O—S,i,bendiﬂg - O_S,i,comp (21)
rM,;
0S.ibending = I_ (22)
Wi
aS,comp = MaZCOS(é)/Ai (23)

Then, the hotspot stress range Ao is calculated as the product of the
nominal stress and the appropriate stress concentration factor (SCF):

4o =05,;SCF 24)

The SCF is applied to account for geometric discontinuity (e.g., slope
between two sections of varying diameters), complexity of connections,
and manufacturing tolerances, in accordance with DNVGL (2016). For
the tower base of the current design SCF ~ 1.22.

3.5. Verification

The environmental conditions for the verification of the model
are outlined in Table 3 in Section 2.1. To reiterate, cases 1.x relate
to wave-only loading, cases 2.x relate to wind-only cases, and cases
3.x relate to combined wind-wave loading of increasing severity. The
detailed numerical results for all quantities discussed in this section are
presented in Tables A.18-A.19 in Appendix.

3.5.1. Motion response

As illustrated in Fig. 7, the mean motion responses from the current
model (C1) closely matched the OpenFAST results (OF), with a slight
overprediction of the offsets (errors below 5.0 %), attributed to the
overprediction of the mean aerodynamic load.

As illustrated in Fig. 8, the prediction of the wave-driven motion
response (cases 1.x) matched the benchmark results well, with dis-
crepancies generally below 10%. The discrepancies remained similar
for both significant wave height cases considered, suggesting that the
nonlinearity between the hydrodynamic loads and platform motion
does not play a major role.

In wind-only (low-frequency) loading scenarios (cases 2.x), the mis-
prediction of the motions remained below 10.0%, with the highest
errors in the near-rated wind conditions.® This is primarily due to the
invalidity of the linearised approach at large surge offsets. Unlike wave-
only cases, wind exerts a significant mean load on the floating system,
leading to a notable platform offset. Additionally, wind loads concen-
trate most of their energy in the very low-frequency range, which partly
coincides with the surge natural frequency. This overlap amplifies
the response near that frequency, causing significant dynamic surge
motions around the mean. As illustrated by the force-displacement
relationship in Fig. 9, larger mean offsets are associated with larger
variations in mooring tension due to the nonlinear characteristics of the
mooring system. Consequently, the validity of representing the mooring
restoring behaviour using a constant linearised stiffness diminishes as
the operating point moves further into the nonlinear region of the
force—displacement curve, leading to increased discrepancies between
the benchmark nonlinear model and the present linear formulation.

3.5.2. Loads

As summarised in Fig. 10, the mean mooring tension closely matches
the benchmark results, owing to the model’s ability to account for
the nonlinearity of the loads in the motion response. The mean tower
base bending moment is overestimated, which is attributed to the
overprediction of the mean aerodynamic load (seen in Fig. 7) and the
underprediction of damping. While both the aerodynamic precompu-
tation for the current model and the OpenFAST solution utilised the
same aerodynamic model, the precomputation was performed for a
fixed platform; therefore, the coupling between platform motion and
aerodynamic loads has not been fully accounted for. While OpenFAST
resolves this coupling at each time step, the current model only partly
accounts for it by including the precomputed aerodynamic damping
term in the frequency-domain equation of motion.

3 Although the heave motion amplitude relative error reached 13.1 %, the
absolute error was insignificant at 0.01 m.
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Fig. 7. Verification of the motion response in operational cases. Mean values. See Table 3 for reference.
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Fig. 8. Verification of the motion response in wave-only, wind-only, and operational cases. Standard deviation. See Table 3 for reference.
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Fig. 9. Mooring force-displacement curve obtained from the response to
turbulent wind at different mean wind speeds and fixed turbulence intensity
of 14 %.

Regarding the dynamic response, Fig. 11 shows mooring tension
overestimation, with a relative error of 13.1 % in the rated wind con-
dition (case 3.2). The tower base bending moment, in contrast, is pre-
dicted accurately: the transformation of the motions into the time do-
main allows the nonlinear relationship between the load and the pitch
motion to be accounted for, and the error remains below 4 % for all
cases. The remaining discrepancies are attributed to the overprediction
of the low-frequency, wind-driven loads.

To support the above discussion, Fig. 12 presents a comparison of
the motion and load time series, as well as their corresponding Fourier
amplitudes, for the 8.5ms™! wind case (case 3.1). All motion time
signals generally agree well with those from OpenFAST, with a slight

Tension (kN) My (MNm)
1250 A ‘ B OpenFAST
B Current model FD+TD (C1)

1000 A .
750 4
500
250

0 -

Fig. 10. Verification of the loads in operational cases. Mean values.

overestimation of low-frequency surge motion and an underestimation
of heave motion in the 0.025-0.05 Hz range, which corresponds to
the most energetic part of the turbulent wind spectrum. It is worth
noting that the absolute discrepancies in heave motion are very small
in absolute terms and have a negligible influence on the resulting loads.

As expected from the quasi-static mooring model, the mooring
tension solution fails to capture the wave frequency load, although
it is significantly lower than the low-frequency contribution, which is
predicted accurately. The main discrepancy in the tower base bending
moment is the mean value, while the dynamic amplitudes match very
well, as seen in both the time series and frequency amplitudes (also
confirmed by comparison to Figs. 10 and 11).

3.5.3. Fatigue

The small errors in the time series of loads had an effect on the
fatigue assessment. Figs. 13-15 compare the 1 h mooring tension time
series and the rainflow counting results (stress versus number of cycles
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Fig. 13. Tension and stress cycles counting for the mooring line (fairlead). Case 3.1 (below rated conditions).

curves) between the current model and OpenFAST, for three opera-
tional cases (3.1, 3.2, 3.3).

The over- and underprediction of the tension in the low and wave
frequency ranges had opposite effects on the fatigue analysis: the signal
of the current model included more cycles of high stress and fewer
cycles of low stress. These two effects balanced each other out, resulting
in a good general prediction of fatigue (relative errors of —3.4 %, 31.3 %,
and —18.4% in cases 3.1, 3.2, and 3.3). Depending on the level of
over- or under-estimation in a particular condition, and the probability
distribution of the conditions over the lifetime of the structure, the net
effect can either be an over- or under-estimation of the total fatigue.

Figs. 16-18 compare the 1h tower base bending stress time series
and the rainflow counting results between the current model and
OpenFAST, for the same three operational cases.

10

Although there are some differences in predicting the tower base
bending moment time history (as shown in the left-hand subplots),
these are less significant than in the case of the mooring tension,
and so the model counts the load cycles more accurately (relative
errors in fatigue of 9.1 %, 8.7 %, and 6.8% in cases 3.1, 3.2, and 3.3).
The model consistently overestimates the fatigue, which is a desired,
conservative behaviour. Unlike for the mooring lines, a higher cycle
count is observed at most stress levels (as shown in the right-hand
subplots).

Overall, the hybrid frequency/time-domain model predicts the mo-
tions and tower base loads accurately, without significant computa-
tional cost. The mooring tension, however, exhibits considerable error,
driven mainly by underprediction at the wave frequency, which propa-
gates into the fatigue analysis and markedly reduces its accuracy. This
underprediction could be mitigated by applying a dynamic mooring
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Fig. 17. Bending stress and stress cycles counting for the

4.

instead of the quasi-static model; however, the associated computa-
tional cost would become a bottleneck in the optimisation context.

The next section discusses the development of a data-driven model to
address these shortcomings without increasing the solution time.

11

10

1 2 3

Number of cycles (N)

tower base section. Case 3.2 (rated conditions).

Surrogate models (C2)

The limitations of the physics-based model, including excessive

computational effort related to the computation of hydrodynamic co-
efficients and the misprediction of mooring tension, are addressed by
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Fig. 18. Bending stress and stress cycles counting for the tower base section. Case 3.3 (above rated conditions).
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Fig. 19. Physics-based and data-driven models integration.

introducing two surrogate models into the workflow depicted in Fig. 19.
The development and verification of the surrogate models are detailed
in the next two subsections.

4.1. Potential hydrodynamics surrogate

The computationally expensive boundary element method solver
was replaced with a surrogate model that computes the first-order
hydrodynamic potential coefficients in the frequency domain based on
the input of the spar floating platform geometry features: draft, nine
radii along the draft, centre of buoyancy, and system mass. Note that
this surrogate was developed specifically for spar-type geometries; it is
naturally agnostic to the environmental conditions but not to the floater
type. Therefore, it is applicable to spar-type platforms only.

4.1.1. Dataset generation

This section presents the inputs and outputs of the dataset, as
outlined in Fig. 20, as well as the dynamic model used to map the inputs
to the outputs.

Dataset input. The independent variables, consisting of the floating
platform draft and nine radii, were defined over the ranges listed
in Table 5. For each design, the dependent parameters: mass and
centre of buoyancy, were computed. Each design was subsequently
evaluated across a non-uniform frequency vector: frequencies from
0.05rads™! to 0.18rads™! were sampled at an interval of 0.05rads™’,
frequencies from 0.18rads™! to 1.25rads™! were sampled at an interval
of 0.01rads™!, while the range from 0.18rads™! to 2.5rads™!, where
hydrodynamic coefficients gradients are smaller, was sampled at an
interval of 0.5rads™!. A full factorial design of these parameters would
yield 10x7° = 403 536 070 potential configurations, each to be evaluated
at 113 frequencies. From this large design space, 7 million samples
were randomly selected to ensure broad coverage while maintaining
computational feasibility.

The platform draft is capped at the reference value of 120m, as
deeper-drafted structures would be challenging to manufacture and

12

Loads
Table 5
Ranges of the inputs of the dataset for potential coefficients surrogate training.
Input Min Max Interval
Independent parameters:
Draft (m) 75 120 5
9 radii (m) 3 9 1
Frequency (rads™!) 0.05 2.5 Non-uniform (113 items)
Dependent parameters:
Mass (kg) 4.90E+06 23.19E+06 -
Centre of buoyancy (m) -80.85 —26.28 -

deploy given port restrictions. Drafts below approximately 68 m would
result in a negative total pitch stiffness Css; (the sum of hydrostatic
and gravitational contributions), leading to a loss of initial stability.
For context, the shallowest spar-type FOWT currently installed, Hy-
wind Scotland, has a draft of about 78 m, while typical designs range
between 90m and 120 m (e.g., OC3-Hywind reference design, Hywind
Demo, Hywind Tampen, UMaine spar). Consequently, the draft range
is broadly defined as 75 m—120 m. Platform radii are limited to slightly
smaller than that of the reference design (OC3 spar) and up to approx-
imately 50 % larger than its maximum diameter, which remains within
the range commonly considered feasible for offshore steel structures.
As summarised in Table 5, this results in a diverse set of platform
geometries spanning a wide range of mass and centre of buoyancy
values.

Dataset output. The output consisted of the diagonal (uncoupled) and
the surge-pitch coupled components of the added mass, radiation damp-
ing, and wave excitation coefficients, as summarised in Table 6.

Dataset characterisation. The 13 input features and 14 target coeffi-
cients were normalised to zero mean and unit variance prior to training
using a standard scaler. Fig. 21 presents the marginal distributions of
the input and output variables, based on a representative 5% subset
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Table 6
BEM surrogate dataset outputs (hydrodynamic coefficients).
Output Components Units Description
Ah, ; @i, 7)) € {(1, 1), (1,5), (3,3), (5,5)} kg, kgm? Added mass
Bh,; () € {1, (1,5, (3,3), 5,5)} kgs™!, kgm?s~! Radiation damping
R(X,) ie{l,3,5) Nm™! Potential excitation (real)
S(X;) ie{l,3,5} Nm™! Potential excitation (imaginary)

of the dataset. Only two radii are shown, as all radius variables ex-
hibit similar distributions. The geometric input parameters (radii and
draft) display approximately uniform coverage across their respective
ranges. The derived parameters (mass and vertical centre of buoyancy)
exhibit approximately normal distributions, whereas the hydrodynamic
coefficients display distinctly non-Gaussian distributions, reflecting the
underlying nonlinear hydrodynamic dependencies.

To visualise the sampling uniformity and input-output relation-
ships, pairwise scatter plots of selected inputs and outputs are shown in
Fig. 22. The input variables exhibit broad and uniform coverage across
the sampled space, confirming that the random sampling strategy effec-
tively spans the design domain. The outputs display strongly nonlinear
relationships with the inputs. The absence of significant clustering or
empty regions indicates that the dataset provides adequate coverage for
surrogate model training.

Dynamic simulations. For each sampled configuration, frequency-
domain radiation—diffraction simulations were performed using the
BEM solver Capytaine (Ancellin and Dias, 2019), as detailed in Sec-
tion 3. The procedure involved meshing according to the defined
parameters, computing the dependent variables (mass and centre of
buoyancy), running the simulations, and post-processing the results to
extract the required hydrodynamic coefficients. Evaluating 7 million
samples, where each design was discretised with ©(10%) panels, re-
quired about 800 h on 60 cores of an Intel(R) Xeon(R) Silver 4216 CPU
at 2.1 GHz. Since the hydrodynamic linear coefficients are independent
of the platform motion, the derived surrogate is broadly applicable to
projects with similar platform topologies (independent of environmen-
tal conditions, mooring design, etc.). Thus, this computational effort
represents a one-time cost.

4.1.2. Model development

This section describes the data-driven, machine-learning-based
model developed to predict the variables reported in Table 6 (14
scalar outputs) from the variables listed in Table 5 (13 scalar inputs).
The model will be constructed using the dataset introduced in the
previous section, which provides approximately 7 million examples of
the input-output relation. This problem can be formulated as a multi-
output regression task in machine learning, for which many algorithms
with associated hyperparameters are available (Shalev-Shwartz and

13

Ben-David, 2014; Bishop and Bishop, 2023). According to the no-free-
lunch theorem, no algorithm can be chosen a priori without empirical
evaluation on the data (Adam et al., 2019). Nevertheless, experience
and knowledge of the properties of different algorithms can guide some
initial a priori choices (Shalev-Shwartz and Ben-David, 2014; Bishop
and Bishop, 2023).

Given the tabular nature of the data under consideration, shallow
machine-learning models (Shalev-Shwartz and Ben-David, 2014), such
as shallow neural networks (Bishop and Bishop, 2023) and tree-based
ensemble methods (Zhou, 2025), are widely recognised for their strong
inductive bias and competitive performance on tabular problems, and
were therefore considered as candidate approaches.

The suitability of the candidate methods was assessed empirically
in terms of predictive performance and the computational feasibility
of the complete model-development procedure. The experiments were
performed on a Google Cloud c4-standard-16 virtual machine equipped
with 16 CPU cores, 60 GiB of RAM, and an NVIDIA L40 GPU. The com-
plete neural-network development workflow, including the prescribed
hyperparameter search, final architecture selection, and training on
approximately seven million examples, required approximately 78 h.

By comparison, XGBoost required approximately 72 h to train one
hyperparameter configuration on a subset of 400,000 examples, corre-
sponding to approximately 5.7% of the complete dataset. The resulting
mean absolute errors were approximately three to five times larger than
those of the selected neural-network surrogate. This accuracy compar-
ison should be interpreted cautiously because the XGBoost experiment
used fewer training data and only one hyperparameter configuration.
It nevertheless showed an unfavourable accuracy—-computational-cost
trade-off for the tested configuration.

When XGBoost was trained on the complete dataset, one hyper-
parameter configuration had not completed after 168 h and the run
was terminated. A corresponding full-scale LightGBM configuration
likewise did not complete within the seven-day computational win-
dow. Consequently, a systematic hyperparameter search using either
tree-based implementation was not computationally feasible within
the resources available for this study. Since the full-scale models did
not complete training, their full-dataset predictive performance and
inference times could not be measured without unsupported extrapo-
lation. As no comparison is possible, the inference-time test results for
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Fig. 21. BEM surrogate dataset input and output parameters distributions.

the neural network are therefore presented in the model verification
(Section 4.1.3).

The reported results should not be interpreted as a general claim
that neural networks are superior to gradient-boosting methods for
tabular data. They establish that, for the present seven-million-example,
14-output regression problem and computational platform, the neural-
network approach was the only evaluated method that completed the
required full-scale hyperparameter-selection and training procedure
within a practicable time.

In addition to the above, it is worth noting that shallow neural
networks can handle large datasets by fully exploiting parallel architec-
tures and hardware accelerators, such as state-of-the-art GPUs (Silvano
et al., 2025), and can predict all 14 output quantities simultaneously
through a shared representation. In contrast, the tree-based meth-
ods do not natively support the coupled, 14-dimensional output of

14

the present problem: they would require either training 14 indepen-
dent models or resorting to multi-output extensions with more limited
functionality, whereas the hydrodynamic coefficients considered here
are physically correlated and should vary jointly and smoothly with
platform parameters and frequency.

All considered, for this work, we adopted a shallow neural network
with a fully connected architecture composed of: an input layer of di-
mension 13; a tunable number {1,2,4} of hidden fully connected layers,
each with a tunable width in {1,2,4, 8,16} x 10° neurons and activation
function chosen from {RelU,sigmoid}; and a final fully connected
layer with linear activation producing the 14-dimensional output. The
network was trained using the Adam optimiser with a tunable learning
rate in {0.001,0.002,0.005,0.01} for a tunable number of epochs in
{5,6,...,100}, minimising the mean squared error between predicted
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Fig. 22. BEM surrogate dataset output versus input parameters scatters.

and actual values. It is important to note that, given the extremely
large size of the dataset, which required several days of training on an
NVIDIA A100 GPU equipped with 40 GB of RAM, we could not explore
a larger set of architectural or training hyperparameters.

In order to tune the free hyperparameters, namely the number of
hidden layers, the number of neurons in each hidden layer, the activa-
tion functions, and the learning rate, and to estimate the performance
of the final model, we employ a state-of-the-art hold-out resampling
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strategy (Oneto, 2020). Given the very large size of the dataset (ap-
proximately 7 million examples), more advanced approaches such as
cross-validation are unnecessary and, in any case, computationally
impractical. The approach is based on a simple yet robust idea (Oneto,
2020): for each iteration, the original dataset is split without replace-
ment into three independent subsets. These subsets are the training
set (approximately 6 million samples), used to learn the model; the
validation set (approximately 0.5 million samples), used to tune the
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Table 7

Performance metrics used for surrogate model evaluation. y; and p, — true and predicted values

true values, N — number of samples.

Ocean Engineering 365 (2026) 127227

of the output, j — mean of the

Metric Description Formulation
N
MSE Average squared deviation between predicted and true values; MSE = % Z(yi -9
sensitive to large errors. i=1
RMSE Square root of MSE; expressed in the same units as the output RMSE = VMSE
variable.
1 N
MAE Average absolute deviation; less sensitive to outliers than RMSE. MAE = ~ z |y, =
i=1
) . . . . . 5 N -9
R Indicates how much of the variance in the true values is explained R=1-—F—
by the model; values closer to 1 denote better agreement. Zo i =2
NRMSE RMSE normalised by the range or mean of the true values; provides NRMSE, .. = _RMSE
a scale-independent accuracy measure. max ~ Ymin
NRMSE, ,,, = “MSE
Table 8 additional diagnostics, including a set of plots that examine the residual
BEM coefficients surrogate aggregate error metrics grouped by mode. behaviour and distributional agreement between the true and predicted
Metric Surge Heave Pitch Surge-pitch values.
MSE 3.01e+09 2.71e+07 1.39e+17 3.3e+13 For Bj;, Fig. 24 shows the residual distribution (top-right panel)
RMSE 3.46e+04 4.88e+03 1.87e+08 4.12e+06 with a small systematic bias, indicating a mild tendency of the surro-
MAE 3.08e+04 3.08e+03 L71e+08 3.79¢+06 gate to underpredict the radiation damping coefficient B, ;5. A subtle
R 0999 0999 0999 0999 kewness is also visible, with a heavier left tail and lighter right tail
NRMSE (range) 0.00417 0.00409 0.00456 0.00568 SKEWRESS 15 also VISIble, With a heavie ail and lighter rig )
NRMSE (mean) 0.0161 0.0448 0.0188 0.0168 suggesting that negative residuals (underpredictions) occur more fre-

hyperparameters; and the test set (approximately 0.5 million samples),
used to assess the performance of the final model.

In this work, it is not only important to achieve high accuracy
but also to ensure fast prediction times. This implies that smaller
networks yield faster inference, although often at the cost of reduced
accuracy (Bishop and Bishop, 2023). For this reason, we search for the
smallest (i.e., fastest) network whose mean squared error increases by
no more than 5% with respect to the best-performing network in the
validation search space. This 5% threshold was chosen empirically, as
it provides a good trade-off between accuracy and prediction speed.

4.1.3. Model verification

On the test set, performance can be evaluated using both quan-
titative metrics (Naser and Alavi, 2023) (e.g., prediction time, mean
squared error, mean absolute error, or coefficient of determination), as
defined in Table 7 and qualitative (Sainani, 2016) (e.g., scatter plots,
histograms of the errors, or trends with respect to individual inputs).

The metrics values are reported in Table 8, grouped by the mode
(surge, heave, pitch, and surge-pitch). The surrogate model achieved
near-perfect agreement with the reference hydrodynamic data, with
coefficients of determination (R?) exceeding 0.999 across all motion
modes (Table 8). The range-normalised errors (NRMSE ;5 < 0.6 %)
and mean-normalised errors (NRMSE_ .., < 5%) indicate excellent
consistency throughout the training domain.

To visualise local variations in model performance, scatter plots of
true versus predicted values were generated across different modes:
surge, heave, pitch, and surge-pitch coupled mode (Fig. 23). Perfect
agreement would correspond to points lying on the 45° line. These plots
provide an intuitive indication of the global goodness of fit and reveal
any systematic trends or bias. To complement this view, histograms
of the absolute relative errors are shown alongside the scatter plots.
The plots were generated based on 5% randomly selected samples.
Frequency was included as one of the model inputs, alongside the
platform parameters, meaning each point in the plot corresponds to the
prediction for a specific spar design at a specific frequency.

On average, the predictions align closely with the true values,
except for the excitation coefficient (X) and radiation damping (B},) in
the heave direction, where significant deviations from the ideal fit are
observed. X;,; and B, ;; were therefore further investigated through
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quently or with larger magnitude. This behaviour is consistent between
the residual histogram and the QQ plot, where deviations from the
reference line at the lower quantiles further confirm the asymmetry
of the residual distribution. Nevertheless, these effects are small in
magnitude and do not significantly compromise the overall fidelity of
the surrogate.

The diagnostics for X, ; are similar (Fig. 25), except that the bias
runs in the opposite direction: a slight positive shift in the residual
mean and a modest right-tail skew indicate a minor overprediction
tendency, rather than the underprediction seen for Bj, ;5. The deviations
are again small and within acceptable limits (see Fig. 25).

Additionally, the performance of the surrogate model across the full
frequency range for each hydrodynamic coefficient was evaluated using
the NRMSE metric. To illustrate the model’s ability to reproduce design
trends, the NRMSE was plotted against one design variable (e.g., draft)
while keeping the other (e.g., waterline radius) fixed, as shown in Figs.
26 and 27.

An acceptably low NRMSE was observed for most coefficients across
the design space, except for the heave components of radiation damp-
ing and the real and imaginary parts of wave excitation (Bs;, X,,3,
X;,,3), particularly in designs with a small waterplane area (radius).
However, these discrepancies occur in coefficients that contribute min-
imally to the total response of the FOWT and therefore do not com-
promise the model’s overall usefulness. Specifically, for the slender
spar-type platform, potential damping is small compared to additional
linear* and viscous damping, and wave excitation is small compared to
aerodynamic excitation.

Nonetheless, to assess the impact of these discrepancies, the motion
and load responses of the FOWT were evaluated in three operational
conditions, as shown in Fig. 28 and Table 9, by comparing the base-
line physics-based frequency-domain model with the version using the
BEM surrogate. The resulting errors in total response were generally
very small, confirming the validity of the surrogate implementation.
Notably, the total solution time was significantly reduced—an essential
factor for effective design optimisation.

Finally, to characterise the computational cost of the BEM surrogate
at inference time, we benchmarked it on a workstation with an Intel

4 Additional linear damping is added to account for the contributions to
hydrodynamic damping other than the linear radiation damping and nonlinear
viscous drag, as observed in free-decay tests (Jonkman, 2010)
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Fig. 23. BEM surrogate true—predicted scatter plots with absolute relative error histograms.

Xeon Silver 4216 CPU (2 x 16 physical cores, 2.10 GHz). No data was
loaded from disk during the timed calls, and no CPU-to-GPU trans-
fer occurred, since inference was performed entirely on CPU. Python
3.11.13 and TensorFlow 2.20.0 are used. Model and scaler loading
were performed once and excluded from the timing; each timed call
included input scaling, forward prediction, and output inverse scaling.
Two scenarios were tested, following 5 warm-up runs each: (i) a single
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query (one design, one frequency), (ii) a batch of 75 frequencies—as
normally used within the coupled model. Results are summarised in
Table 10.

4.2. Mooring surrogate

As illustrated in the flow diagram of Fig. 19, the mooring dynamics
are solved at three key stages of the coupled solution process:
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Table 9
Relative errors due to incorporating the BEM surrogate model in the frequency
domain baseline model (C1).

Case Platform motion (%) Loads (%)
Surge Heave Pitch Nac. Accel. T2 My
3.1 1.00 0.52 0.08 -2.25 1.24 —-0.38
3.2 1.37 -2.77 -0.15 -4.27 1.71 -0.39
3.3 1.39 -0.99 0.03 -3.23 2.00 —0.38
Table 10

BEM surrogate inference-time benchmark. Batch size 1: 4000 timed repetitions;
batched call over 75 frequencies: 3000 repetitions.

Batch size 1 Batched call (75 freq.)

Median 78.7 ms 86.3 ms
Mean 79.0 ms 86.7 ms
95th percentile 80.9 ms 88.5 ms
Per example (median) 78.7 ms 1.15 ms

1. Static response: solution of the mean motions of the platform
requires calculating the mooring load on the floating platform.
This is achieved using the quasi-static model MoorPy (see Sec-
tion 3.1).

Residual Distribution

r Ta

20000 4

=

Sl IO 11117

—0.075 —0.050 —0.025 0.000 0.025 0.050 0.075

Count

- ..
a

Residual
QQ Plot of Residuals
5
£
o 01
o
[=%
g
3
=5

Theoretical Quantiles

Diagnostic plots for X, ; prediction.

2. Dynamic response: solution of the dynamic motions of the
platform around its mean position relies on the mooring stiff-
ness computed at the mean position, which is also done using
MoorPy.

3. Loads: given the platform motion, line tensions are determined
using either a dynamic model (e.g., MoorDyn) or a quasi-static
model (e.g., MoorPy).

In the following, the application of a machine learning method
to predict mooring tension at the final stage is presented, addressing
the inaccuracies of the physics-based model while avoiding the high
computational cost of the time-domain dynamic simulations. The sur-
rogate model maps catenary mooring system design parameters and
fairlead motion time series to tension time series. The remainder of
this section describes the database generation, model training, and
verification process.

4.2.1. Dataset generation

A state-of-the-art numerical model is employed to obtain the FOWT
motion responses and mooring load time series, thereby generating
the synthetic database necessary for surrogate model training in the
absence of experimental data. The database generation process consists
of the following stages (also illustrated in Fig. 29):
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Fig. 26. NRMSE between the physics-based and data-driven BEM model results (hydrodynamic coefficients), computed over all frequency components. Trends
against waterline radius for different values of draft.
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Fig. 27. NRMSE between the physics-based and data-driven BEM model results (hydrodynamic coefficients), computed over all frequency components. Trends
against draft for different values of waterline radius.

1. Design of experiments (DOE): define a parameter space cover- 2. Sampling: randomly select a subset of M <« N DOE samples,
ing floating platform and mooring design variables, as well as 3. Simulation: perform dynamic simulations for the selected cases,
environmental parameters, using a full factorial design of N 4. Post-processing: conduct convergence checks and sanity checks
samples. on the simulation results,
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Fig. 28. Comparison of the baseline FD model and the FD model with BEM surrogate in terms of the standard deviation of motions and loads. Performed for a
reference design redefined with a reduced number of radii. See Table 9 for numeric results.
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Fig. 29. Mooring surrogate database generation process.

Table 11 z
Mooring chain properties. X
Property Value Unit =
ZF
Grade R3 - 2ZOM
Mass density per diameter squared (m,) 2e4 kgm~! m™2 —> DOE parameters
Stiffness per diameter squared (EA,) 85.6e9 Nm™? —> ML features
Stiffness per diameter cubed (EA;) —3.93e7 Nm™ K 2
Normal drag coefficient 1.333 -
Axial drag coefficient 0.639 -
Normal added mass coefficient 1.0 - ZA
Axial added mass coefficient 0.5 - 7
5. Feature and target selection: identify the parameters and re-
sponses to be used as features and targets, drawing from both

DOE variables and dynamic simulation outputs.

Dataset input. Every mooring system in this database consists of three
catenary lines of equal length, each made entirely of studless chain. The
material and hydrodynamic properties are summarised in Table 11.
Based on these properties and the nominal chain diameter d, the
linear mass density of the lines m and the extensional stiffness EA are
computed based on the empirical expressions from NREL (2025):

m= m2d2 (25)

EA= EAyd® + EAyd® (26)

Keeping the material and hydrodynamic chain properties fixed for
all designs, six parameters are needed to uniquely define each variant of
the mooring design: nominal diameter of the chain d,,,,, (i.e., the diam-
eter of the rod used to produce the chain), line length /,,,,. (measured
along the line from fairlead to the anchor), fairlead z-coordinate zj
(point of attachment of a mooring line to the platform), fairlead radius
rg, anchor z-coordinate z, (equal to the water depth), and anchor
radius r 4, all illustrated in Fig. 30.

Design of experiments (DOE). The design space is sampled based on
seven scalar variables representing the geometric properties of the
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Fig. 30. Mooring line parametrisation — parameters of the design of experi-
ments and ML features.

platform and the mooring design, as well as four scalar variables repre-
senting the environmental loading conditions, as listed in Table 12. Full
factorial DOE is used to sample the space evenly, resulting in 25 600
design configurations and 108 environmental conditions (2 764 800
combinations in total). Out of these, a random selection of 300 000
samples is performed to limit the computational effort of database
generation.® Initially, the parameter ranges were intentionally broad
to maximise the model’s general applicability. However, broad ranges
demand a prohibitively large number of samples; simulating only a
small subset leaves the dataset too coarse to capture the nonlinear
dependence of line tension on the inputs, and thus insufficient to train

5 Further to that, some simulations will fail to converge due to an ill-defined
system, conflicting variables, or too harsh an environmental loading; therefore,
the set of valid samples for training purposes will be smaller than 300 000. In
the current case, 170 000 samples were used.
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Table 12
Primary platform, mooring system, and environmental parameters (design of experiments).
Min Max Units Count
Platform and mooring design variables
Nominal chain diameter (d,,,,) 0.056 0.084 m 5
Fairlead radius (r) 4.16 6.24 m 4
Fairlead z-coordinate (z) -84.0 —-56.0 m 4
Anchor radius (r,) 676.16 929.72 m 4
Anchor z-coordinate (z,) —-330.0 -260.0 m 4
Line length (/,,,,,) 721.76 1082.64 m 5
Platform vertical centre of mass (z,) -98.91 -71.93 m 4
Environmental conditions variables
Mean wind speed (U) 3.0 25.0 ms~! 4
Turbulence intensity (7'1) 12 16 - 3
Significant wave height (H,) 0.5 6.0 m 3
Peak period (7,) 6.0 10.0 s 3
Table 13
Mooring load surrogate model features.
Feature Min (m) Max (m) Type
Nominal chain diameter (d) 0.056 0.084 Scalar
Line length (/) 721.76 1082.64 Scalar
Fairlead-to-anchor height (z) 204.0 246.0 Scalar
Fairlead-to-anchor radius (R) 672.0 923.48 Scalar

Horizontal motion at fairlead (x;)
Vertical motion at fairlead (z,)

-
=)

Time series 3600s at 0.05s
Time series 3600s at 0.05s

)
)

a surrogate model with the required precision. To avoid this curse of
dimensionality, the present study employs narrower ranges. While this
limits general applicability,® it enables a valid proof-of-concept. Ranges
were set at +20 % of the original design’s values, except for the anchor
radius (+10 %).

Features extraction. The central design choice of the mooring surrogate
is that it is formulated from the fairlead point of view: although the
dataset is generated using a specific platform, RNA, and controller, only
the fairlead motion time series and the catenary mooring parameters
are retained as features. The model is therefore independent of the
system and environment that produced the motion, since inference
likewise requires only a fairlead motion time series. The DOE was made
broad enough to span a wide diversity of motion signals, keeping its
application to other systems within the interpolation regime. However,
the model does only remain valid for catenary mooring systems.

In line with this choice, the features used in the machine learning
model are not identical to the design variables mentioned earlier.
Instead, we select a specific set of features that directly influence the
mooring line loads. Given the fixed properties listed in Table 11, the
catenary mooring design can be uniquely represented by four features:
line diameter, line length, radial fairlead-anchor distance, and vertical
fairlead-anchor distance, which render the model independent of the
platform design. Additionally, two features represent the time series of
fairlead motion in the horizontal and vertical directions, making the
model independent of environmental conditions. All six features are
summarised in Table 13.

Dataset output. For the selected samples, numerical simulations are
performed to evaluate the dynamic behaviour of the FOWT system
under combined wind and wave loading. The analysis focuses on
the horizontal and vertical motion of the fairlead, as well as on the
corresponding horizontal and vertical loads in the most heavily loaded
mooring line, as summarised in Table 14. The loads are evaluated at
the first chain link connected to the fairlead.

® The surrogate model is not meant to extrapolate well.

21

Table 14

Mooring load surrogate model targets.
Target Units Type
Upwind line F, at fairlead kN Time series 3600s at 0.05s
Upwind line F, at fairlead kN Time series 3600s at 0.05s

Dataset characterisation. Fig. 31 shows the marginal distributions of
the input and output variables, based on a representative 5% subset
of the full dataset. The shown inputs include four geometric param-
eters (chain diameter, length, and the fairlead-to-anchor vertical and
radial distances) together with the mean and standard deviation of the
fairlead motions. The shown outputs comprise the mean and standard
deviation of the line load components. Overall, the dataset spans a wide
range of mooring designs and motion conditions. The multimodal or
skewed distributions reflect the discrete sampling of design parameters
and the nonlinear nature of the mooring responses. All outputs show
broad, asymmetric distributions. The relationships between the input
and output parameters are illustrated in Fig. 32. For clarity, only one
geometric input variable is shown, as the discrete sampling of the
design space results in clustered input-output patterns that are not
particularly informative. Importantly, the plots highlight the nonlinear
relationships between motion statistics and the resulting tension and
fatigue responses.

Dynamic simulations. All simulations are performed using a model of
the spar-supported 5SMW wind turbine (Jonkman, 2010; Jonkman et al.,
2009), as detailed in Section 2.1. However, the features selected for
the surrogate training are platform-design independent. Therefore, the
choice of the floating platform concept and specific rotor does not affect
the applicability of the surrogate to other designs. The samples are
evaluated using OpenFAST: an extensively validated nonlinear aero-
hydro-servo-elastic coupled time-domain model of dynamics (NREL,
2024a). The degrees of freedom include six rigid body motion modes.
The NREL 5MW baseline variable-pitch variable-speed controller al-
lows for blade pitch and rotor speed variations depending on the
mean wind speed and slight rotor speed variations due to the system
motion and turbulent inflow (Jonkman et al., 2009). The aerodynamic
solution relies on the blade-element momentum theory, combined with
the Beddoes-Leishman unsteady blade airfoil aerodynamics model, tip
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and hub loss corrections, and tower influence, all based on potential
flow (details in NREL, 2026). The first-order potential hydrodynamics
of the spar platform are modelled through frequency-to-time-domain
transforms based on the potential coefficients obtained from the bound-
ary element method (BEM) code WAMIT (Lee and Newman, 2006).
Viscous loads are computed from Morison’s theory. Second-order hy-
drodynamics are not considered, supported by Jonkman (2010), Roald
et al. (2013) and Duarte et al. (2014). The nonlinear mooring loads
are computed using a lumped-mass mooring line model, MoorDyn (Hall
and Goupee, 2015). The model incorporates the effects of axial stiffness
and damping, as well as weight and buoyancy, hydrodynamic viscous
forces, and vertical spring-damper forces resulting from contact with
the seabed.

4.2.2. Model development

This section describes the data-driven, machine-learning-based
model developed to predict the variables reported in Table 14 (two
time series of 72 000 elements) from the variables listed in Table 13
(four scalars and two time series of 72 000 elements). The model will be
constructed using the dataset introduced in the previous section, which
provides approximately 170 000 examples of the input-output relation.

In this section, we do not repeat the concepts presented in Sec-
tion 4.1.2, as most of them apply here in exactly the same way. The
only difference here lies in the machine learning model that we chose
to adopt based on the available data. In this case, we have a huge
input (144 000 elements) and output (144 000 elements) space, which,
moreover, are not simply scalar (four scalar inputs) but sequences
(two input sequences and two output sequences), meaning that there is
structure both in the input and in the output. Moreover, we have a large
number of examples of this input—output relation (170 000 examples),
representing almost 100 GB of data.

To handle this amount of data, analogous to what was done in
Section 4.1.2, the only viable option is to use a neural network (Bishop
and Bishop, 2023). Because of the nature of the input and output,
the most reasonable choice would be to use architectures specifically
developed for sequence data, such as Gated Recurrent Units (Chung
et al, 2014), Long Short-Term Memory networks (Hochreiter and
Schmidhuber, 1997), Temporal Convolutional Networks (Bai et al.,
2018), Transformers (Vaswani et al., 2017), or Time Series Foundation
Models (Das et al., 2024). Nevertheless, while attempting to rely on
these types of networks, it soon became apparent that either their
accuracy was too low or the size of the network (with associated
memory and computational requirements) was too large to be handled,
even with our hardware accelerators, while still achieving a prediction
time suitable for subsequent use in optimisation.

As a consequence, we had to adopt a different approach, one that
relied on the physical meaning of these inputs and outputs. The input
series and a few scalar parameters represent the system and the excita-
tion applied to it, which produce the output sequences. For this reason,
given that the structure cannot have infinite memory, the output at time
t can only be related to the scalar inputs plus the input series within
a window around ¢, namely [f — 4,7 + 4], with A measured in seconds.
Moreover, since the structure (FOWT characteristics) does not change
over time, the response should not depend on ¢ itself. Thanks to this
observation, we only need to construct a neural network applied at time
t whose inputs are the four scalars plus the elements of the input series
in the window [r — 4,t + 4], where 4 is tunable in {0.1,0.5,1,2,4,8}
seconds. We then use a neural network exactly like the one adopted
in Section 4.1.2, and as output, we predict the values at time ¢ of the
two output time series. Despite this reduction in dimensionality, the
resulting dataset remained extremely large and required several days of
training on an NVIDIA A100 GPU with 40,GB of RAM. Consequently,
we were unable to explore a broader range of architectural or training
hyperparameters, nor larger values of A.

In order to tune the free hyperparameters, A together with the
same hyperparameters of the neural network described in Section 4.1.2,
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Table 15

Mooring model surrogate aggregate error metrics.
Metric F, mean F, std F, mean F, std
MSE 6.3774 2.0043 2.5979 3.1995
RMSE 2.5253 1.4157 1.6118 1.7887
MAE 1.3005 0.8445 0.9065 1.0096
MAPE (%) 0.4045 9.9621 0.1699 14.5947
R? 0.9998 0.9767 0.9999 0.9002
NRMSE (range) 0.0025 0.0251 0.0015 0.0431
NRMSE (mean) 0.0088 0.1157 0.0032 0.2116

namely the number of hidden layers, the number of neurons in each
hidden layer, the activation functions, and the learning rate, and to
estimate the performance of the final model, we follow the same
procedure described in Section 4.1.2 where 80% of the data were used
for training, 10% for validation, and 10% for test.

4.2.3. Model verification

Aggregate error measures across the full dataset are reported in
Table 15 as concise numerical benchmarks of the surrogate’s accuracy.

The surrogate model demonstrated excellent predictive performance
for all response components, with R> > 0.90 across metrics. Errors in
the mean force predictions were negligible (NRMSE < 0.003), indicating
near-perfect agreement with the reference model. While the standard
deviation predictions showed higher relative errors (up to about 15%
in MAPE), the overall accuracy remains high, confirming that the
surrogate effectively captures both the mean and variability of the
mooring line forces.

The scatter plots of Fig. 33 confirmed the near-perfect agreement
between predicted and true values for the mean components of the
mooring loads. In contrast, the standard deviation predictions exhibit
a broader scatter, particularly for the vertical load component, indi-
cating comparatively lower accuracy in capturing the variability of the
response. Nevertheless, the overall distributions of absolute relative er-
rors remain concentrated near zero, demonstrating that large deviations
are rare and that the surrogate model performs consistently well across
all components.

Fig. 34 presents the residual-based diagnostic plots for the least
accurate prediction case, namely the standard deviation of the vertical
mooring load component, as introduced in Section 4.1.3.

The residuals exhibit a funnel-shaped pattern with increasing vari-
ance at higher predicted values, indicating mild heteroscedasticity and
slightly reduced accuracy for larger responses. The residual distribution
is approximately centred around zero but shows heavier tails, sug-
gesting a few larger deviations in both directions. The kernel density
comparison shows that the surrogate accurately reproduces the bimodal
nature of the true response distribution, albeit with minor discrepancies
around both peaks. The QQ plot reveals noticeable departures from
normality in the tails, consistent with the presence of outliers, but the
majority of the residuals align well with the theoretical quantiles. Over-
all, the model accurately captures the general response behaviour, with
only limited bias and acceptable error dispersion across the prediction
range.

The preceding analysis focused on the statistical characteristics of
the mooring load components. The final verification examines the
time-domain signals directly, complemented by Welch-smoothed power
spectral density (PSD) comparisons. Figs. 35 and 36 present the true
and predicted horizontal and vertical load components, respectively,
for three example samples from the dataset.

Both time-domain and frequency-domain comparisons show that
the surrogate accurately reproduces the dynamic behaviour of the
mooring loads. For the low-frequency dominated case (sample 129), the
predicted signals closely follow the true signals, with minimal phase
lag and amplitude deviation. The corresponding PSDs demonstrate
excellent alignment across the dominant frequency range. In the other
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Fig. 33. Mooring surrogate true-predicted scatter plots with absolute relative error histograms.

cases (samples 2026 and 8888), characterised by a broader spectral
content, the agreement remains good, although the surrogate tends to
overpredict the range 0.02 Hz to 0.07 Hz, and underpredict the higher-
frequency load. Overall, the surrogate model preserves both the mean
trends and the dynamic characteristics of the mooring load components
in diverse loading conditions.

Fig. 37 compares the mooring line tension time series (left) and the
corresponding rainflow cycle process (right) obtained using the moor-
ing surrogate-augmented model (C2) and OpenFAST for the original
design under the rated wind speed condition. As previously observed
for the samples within the dataset, the surrogate reproduces the general
temporal trends from OpenFAST reasonably well. However, some un-
derestimation of high-frequency tension fluctuations is noted. As shown
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in the rainflow diagram, these small high-frequency discrepancies re-
sult in fewer low-amplitude cycles being counted. Moreover, the peak
tensions are underestimated, despite the overestimation of the peak
motions in the underlying motion solution (see Fig. 12). These effects
together result in an overall underestimation of cumulative fatigue
damage.

It should be noted that these findings pertain to a specific design
under a specific environmental condition, and a perfect match on any
single sample is neither expected nor required. The surrogate is assessed
on its aggregate accuracy across the design space, as demonstrated ear-
lier in this section. For example, the wave-frequency underprediction
visible in Fig. 37 is a per-sample residual that does not compromise
the intended use of the surrogate in optimisation.
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Notably, the implementation of the surrogate models within the
coupled framework enabled the level of simulation efficiency required
for the design optimisation studies. Table 16 summarises the average
computational time for a single design evaluation, including 12 fatigue
and one ultimate strength environmental condition. All simulations
were executed on a single CPU (Intel® Xeon® Silver 4216 CPU at
2.10G Hz). The results highlight the substantial reduction in computa-
tional cost achieved by the surrogate-augmented model (C2) compared
with the physics-based model (C1). Application of the BEM surro-
gate halved the solution time of the hybrid frequency-time domain
model (C1). The application of the mooring surrogate model further
reduced the simulation time by a factor of two. Overall, the surrogate
augmented model only takes about 5min to provide a comprehensive
evaluation of the FOWT performance in 13 loading conditions.
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5. Case study

To demonstrate the impact of the modelling approaches, a series
of support-structure optimisation exercises is presented, each employ-
ing one of the two models: C1 (physics-based hybrid-domain), or C2
(surrogate-augmented hybrid-domain). Rather than demonstrating a
fully realistic design workflow, the aim of this exercise is to isolate and
evaluate the influence of the modelling approach on the optimisation
process and its outcomes. For this purpose, a deliberately minimal
optimisation problem is formulated.

The objective is to minimise the material cost of the mooring lines”
by varying the mooring line shape parameter (a,,,,), chain diameter

7 The values presented refer to the cost of a single line.
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Table 16

Average simulation time per design evaluation for models C1-C2 under 12 fatigue and 1 ultimate

strength condition.

Model BEM model Mooring model Computation time [s]
C1 Capytaine MoorPy on motion time series 1232.23

Cc2 Surrogate MoorPy on motion time series 586.83

Cc2 Surrogate Surrogate 289.87

(d), anchor radius (r,,.,.), and the fairlead vertical position normalised
by the draft (z;/T), subject to the constraints of the maximum offset
and dynamic tension, all evaluated in the rated-wind speed condition.
The line-shape parameter varies between 0 and 1, corresponding re-
spectively to the shortest and longest feasible line lengths for the given
anchor and fairlead positions. The constraint limits are set to those of
the reference design (first iteration), ensuring that any cost reduction
is accompanied by maintained or improved overall performance. The
optimisation problems are solved using the IPOPT optimiser (MDO Lab,
2025) with finite-difference derivatives.

As shown in Fig. 38, the two optimisation cases — despite following
different optimisation paths — ultimately produced significantly more
economical designs. In both cases, the optimisation converged to the
lowest allowable values of «,,,, and the chain diameter, relying pri-
marily on adjustments to the fairlead and anchor positions as the main
cost levers. The optimisation using model C2 converged to a distinct
and cheaper solution, characterised by a smaller anchor radius, a lower
fairlead position, and a shorter line length.
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The dynamic tension constraint was active at the final solution in
both optimisation cases, indicating that it governed the optimal designs.
However, the optimisation trajectories differed significantly between
the physics-based and surrogate-augmented models.

For C1, the optimiser initially prioritised objective reduction, mov-
ing into the infeasible region with respect to the dynamic tension con-
straint. As the optimisation progressed, the constraint violation penal-
ties became increasingly influential (consistent with IPOPT’s interior-
point strategy), steering the solution back towards the feasibility bound-
ary and increasing the cost slightly. Consequently, the final design was
reached by approaching the constraint from the infeasible side, with
objective improvements ultimately limited by the need to satisfy the
constraint.

In contrast, for C2, after an initial moderate reduction in objec-
tive value, further improvements occurred while remaining on the
feasible side of the constraint boundary. The optimiser approached
the limiting tension value from within the feasible region, allowing
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Fig. 38. Comparison of optimisation process with models C1 and C2. The last panel compares the original and optimised mooring line profiles.

a smoother search trajectory and more effective exploration of fea-
sible descent directions. This behaviour is reflected in the markedly
smoother optimisation history.

The differing trajectories can be attributed to discrepancies in the
dynamic tension and tension gradients predictions between the models.
Since gradient information determines the search direction at each
iteration, small differences in derivative estimates can lead to sub-
stantially different optimisation paths. In a non-convex design space
with multiple local minima, such path dependency is expected. If the
problem were convex, all optimisations would converge to the same
solution regardless of initial search direction; however, the presence
of multiple local minima makes the final design sensitive to the early
gradient information and subsequent trajectory. In the present case, the
surrogate-augmented optimisation converged to a solution with a lower
objective value than that obtained using the physics-based model. How-
ever, this outcome should not be interpreted as systematically superior
performance. Rather, in a non-convex setting, differences in gradient
information are expected to yield different local optima, which may be
better or worse depending on the specific landscape encountered during
the search.

Because no constraint was imposed on the direction of the load at
the anchors,® both optimal designs resulted in mooring lines that do
not rest on the seabed in the equilibrium position, which is consistent
with the objective of minimising cost. In practice, however, the savings
associated with shorter lines could be offset by higher anchor costs, as
traditional drag-embedded anchors might no longer be suitable for such
configurations.

Note that the oscillations visible in the optimisation histories are
normal and characteristic of gradient-based interior-point optimisation,
where early iterations take large steps that prioritise reducing the
objective before the constraint term becomes more influential. This
effect is amplified by the non-convexity of the design space and by the
use of finite-difference gradients.

The initial design and the two optimised designs were subsequently
analysed in OpenFAST to verify the improvements using a single con-
sistent model. As summarised in Table 17, both optimisations produced
stiffer mooring systems, achieving more than a 50 % reduction in max-
imum offset, albeit with an increase in pretension of approximately
30%. When evaluated with the higher-fidelity model, the optimised
configurations also exhibited higher dynamic tensions: around a 10 %
increase for the surrogate-based optimisation and 45 % increase for the

8 Purposefully, to keep the problem minimal as explained at the beginning
of the section.
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Table 17
Initial and optimised designs comparison and verification. Values based on
OpenFAST simulation results. Tension relates to the upwind line tension.

Initial design C1 best C2 best
Mooring line cost ($) 139745 127140 115281
Mean + standard dev. offset (m) 9.64 12.84 13.23
Mean tension (kN) 1660 1600 1560
Standard dev. of tension (kN) 88.7 101.0 76.3
Total optimisation time (min) N/A 106.9 15.7

physics-based optimisation. This occurred despite the tension standard
deviation constraint being active in the final iteration, indicating that
modelling inaccuracies influenced the optimisation outcomes. The sur-
rogate model resulted in a smaller increase in dynamic tension in the
final design. Importantly, while both optimisations were relatively fast,
the surrogate model delivered the final result in only 15 min, making it
a valuable tool for supporting conceptual design with high potential for
solving more complex optimisation problems.

6. Conclusion

This paper addressed the need for an efficient coupled dynamic
modelling framework suitable for the conceptual design optimisation
of FOWT support structures. The goal was to balance computational
efficiency with sufficient accuracy and fidelity to enable realistic design
solutions. The developed model evaluates key performance metrics
across the ultimate, fatigue, and serviceability limit states, supporting
a holistic and integrated design approach.

The coupled model was formulated by first establishing a fully
converged static equilibrium solution, followed by dynamic simulations
around this equilibrium. External loads and system responses were then
mapped to internal loads in the tower and mooring lines, and the model
was systematically verified against a fully coupled nonlinear reference.

The hybrid-domain model computes the motions in the frequency
domain and transforms them into the time domain, where the structural
loads are calculated directly, allowing motion-load nonlinearities to be
partially captured and the fatigue to be assessed by rainflow counting.
The verification showed that this approach predicts the motions and
the tower base loads accurately, at a low computational cost. Two
limitations remained, however. First, the quasi-static mooring model
did not capture the wave-frequency tension, and the resulting errors in
the mooring tension propagated into the fatigue analysis. Second, the
reliance on the boundary element method for solving the potential-flow
problem remained a computational bottleneck.
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Verification results in operational cases for the hybrid-domain model (C1) against OpenFAST (OF). Mean of the motions and loads.

Case Surge (m) Heave (m) Pitch (deg) T2 (kN) My (MNm) Fxaero (kN)
OF Cl OF C1 OF C1 OF C1 OF Cl OF Cl
3.1 15.54 15.98 0.65 0.66 2.86 2.91 1093.16 1092.44 49.9 56.0 401.14 427.55
3.2 26.84 27.24 1.00 1.01 4.96 4.87 1255.06 1253.43 86.3 94.2 679.69 718.08
3.3 15.27 15.98 0.63 0.66 2.82 2.91 1099.87 1083.84 49.2 56.6 364.64 417.80
Table A.19
Verification results in wave-only, wind-only, and operational cases for the hybrid-domain model (C1) against OpenFAST (OF). Standard deviation of the motions
and loads.
Case Surge (m) Heave (m) Pitch (deg) Nacelle Accel. (ms™2) T2 (kN) My (MNm)
OF C1 OF C1 OF C1 OF C1 OF C1 OF C1
1.1 0.08 0.07 0.01 0.01 0.04 0.04 0.0936 0.0910 2.56 0.32 3.52 3.54
1.2 0.15 0.15 0.02 0.02 0.08 0.08 0.1872 0.1830 4.58 0.62 7.03 7.08
1.3 0.22 0.21 0.05 0.05 0.11 0.10 0.0786 0.0748 1.28 1.19 3.36 3.31
1.4 0.45 0.42 0.09 0.10 0.22 0.20 0.1572 0.1495 2.49 2.39 6.73 6.63
1.5 0.55 0.56 0.29 0.31 0.42 0.45 0.0666 0.0650 3.24 4.56 4.76 5.34
2.1 0.87 0.84 0.01 0.01 0.13 0.12 0.0050 0.0045 9.48 9.80 2.22 2.26
2.2 271 2.90 0.07 0.06 0.41 0.39 0.0216 0.0211 39.15 45.54 6.98 7.20
2.3 3.94 4.29 0.16 0.14 0.68 0.63 0.0386 0.0384 70.48 85.33 11.0 11.5
2.4 4.50 4.84 0.13 0.12 0.81 0.76 0.0558 0.0522 66.55 76.85 129 13.4
3.1 2.69 2.74 0.07 0.06 0.42 0.39 0.1374 0.1327 39.07 42.47 8.62 8.80
3.2 3.91 4.06 0.16 0.13 0.68 0.63 0.1766 0.1734 70.25 79.99 12.8 13.2
3.3 4.46 4.48 0.13 0.11 0.81 0.75 0.2574 0.2494 66.23 70.03 16.0 16.3

These limitations were addressed through the development of two
surrogate models, for the prediction of the mooring loads and the
hydrodynamic coefficients, respectively. In particular, the data-driven
surrogate for the mooring loads in the time domain represents a signifi-
cant advancement over state-of-the-art methods, as its dataset construc-
tion strategy is agnostic to both the environmental conditions and the
design of the floating platform. It relies solely on the fairlead motion
time series and the mooring design parameters, making it broadly
applicable across different projects while delivering near-instantaneous
predictions with accuracy comparable to time-domain dynamic models.

The case study demonstrated that, while both the hybrid-domain
and surrogate-augmented models enabled substantial reductions in the
mooring line cost, the surrogate-augmented model identified a distinct
and notably cheaper configuration. This difference was attributed to
variations in the gradient information, which led to different optimisa-
tion trajectories within the non-convex design space. When evaluated
in OpenFAST, both optimised designs showed increased stiffness and re-
duced offset, but also higher dynamic tensions, reflecting the influence
of modelling inaccuracies on the active constraints. The surrogate-
augmented optimisation produced the design whose dynamic-tension
predictions aligned most closely with OpenFAST, and delivered it in
only 15 min, substantially faster than the hybrid-domain model.

Overall, these findings highlight the potential of the surrogate-
augmented approach to support early-stage design by enabling the
rapid and reliable exploration of the design space.

7. Future work

Future work can extend this approach in several directions. First, al-
ternative spectral-based fatigue analysis methods could be investigated
to better represent long-term damage accumulation and further reduce
reliance on computationally expensive time-domain simulations. The
accuracy of the surrogate model in predicting the long-term fatigue
accumulation should also be validated, together with an evaluation
of the practical impact on the design process (this has partly been
achieved in the thesis of Patryniak (2026). The surrogate model’s
dataset could be extended to extreme and survival sea states (e.g., 50-
year return period conditions) to establish its applicability beyond
the turbine’s normal operational envelope. In addition, the boundary
element method and mooring load surrogate models could be expanded
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to span a wider range of design variables, enabling greater flexibility
in early-stage design exploration and extending applicability beyond
spar-type platforms and catenary mooring configurations. Finally, more
complex optimisation case studies should be performed to demonstrate
the full capabilities and limitations of the developed models.
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Appendix. Verification numerical results

This appendix presents the numerical results obtained during the
dynamic model verification process, as introduced in Section 3.5, in
terms of the mean responses and loads (Table A.18) and the standard
deviation of the responses and loads (Table A.19).
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