
Multidisciplinary Design Analysis and Optimisation for

Conceptual Design of Floating Offshore Wind Turbine

Support Structures

PhD Thesis

Katarzyna Patryniak

Naval Architecture, Ocean & Marine Engineering

University of Strathclyde, Glasgow

May 22, 2026



This thesis is the result of the author’s original research. It has been

composed by the author and has not been previously submitted for

examination which has led to the award of a degree.

The copyright of this thesis belongs to the author under the terms of the

United Kingdom Copyright Acts as qualified by University of Strathclyde

Regulation 3.50. Due acknowledgement must always be made of the use of

any material contained in, or derived from, this thesis.

Signed: Katarzyna Patryniak

Date: 16 May 2026

i



Published Work

The thesis consists of an introductory part and technical chapters based on a collection

of published papers. The papers that form the basis of the thesis and a declaration of

authorship are presented in the following.

List of Publications

The following six papers are considered in this thesis:

P1 Patryniak K, Collu M, Coraddu A, Multidisciplinary design analysis and opti-

misation frameworks for floating offshore wind turbines: State of the art (2022).

Ocean Engineering 251

P2 Patryniak K, Collu M, Coraddu A, Multidisciplinary Design Analysis and Opti-

misation of Floating Offshore Wind Turbine Support Structures - Coupled Model

Solution Strategies (2023). Journal of Physics Conference Series 2626

P3 Patryniak K, Yeter B, Collu M, Coraddu A, Efficient design space exploration

for spar Floating Offshore Wind Turbines: the trilemma of the ultimate, fatigue,

and serviceability limit states (2024). Journal of Physics Conference Series 2767

P4 Patryniak K, Collu M, Yeter B, Minisic S, Oneto L, Coraddu A, Hybrid frequency-

time domain surrogate-augmented model of dynamics of floating offshore wind

turbines (TBC). Under review in Ocean Engineering

P5 Patryniak K, Collu M, Coraddu A, Rigid body dynamic response of a floating off-

shore wind turbine to waves: Identification of the instantaneous centre of rotation

through analytical and numerical analyses (2023). Renewable Energy 218

P6 Patryniak K, Collu M, Jonkman J, Hall M, Barter G, Zalkind D, Coraddu A, In-

vestigation into Instantaneous Centre of Rotation for Enhanced Design of Floating

Offshore Wind Turbines (2025). Wind Energy Science 10

ii



Declaration of authorship

In all papers listed (P1-P6), K. Patryniak has taken the lead role in all aspects of

the research and writing, assuming responsibility for conceptualisation, development

of methodology, analysis, discussion, and writing. M. Collu and A. Coraddu provided

valuable guidance and influence on the research ideas and methodology, offering insights

that shaped the direction of the work and specific solutions. Additionally, in P3 and

P4, B. Yeter contributed by discussing and reviewing the work. In P4, S. Minisic, A.

Coraddu and L. Oneto performed the training of the surrogate models using the

concept and dataset generated by K. Patryniak, and followed by verification and im-

plementation by K. Patryniak. In P6, J. Jonkman, M. Hall, G. Barter, and D. Zalkind

contributed by discussing and reviewing the work, providing constructive feedback that

enhanced the quality of the research. In all papers, all authors participated in revising

the original manuscripts.

iii



Abstract

Floating offshore wind turbines (FOWTs) enable wind energy harvesting in deeper wa-

ters, where wind resources are stronger and more consistent, supporting climate targets.

However, their design is challenged by complex subsystem interactions, harsh metocean

conditions, and competing performance requirements over long lifetimes. Current con-

cept design typically relies on simplified models and sequential subsystem development,

thereby limiting design scope and increasing the risk of overlooking globally optimal

solutions. Despite recent advances, there remains a lack of a holistic, verified approach

for integrated conceptual design optimisation.

This thesis aims to improve the efficiency and scope of support-structure conceptual

optimisation by applying multidisciplinary design analysis and optimisation (MDAO)

and a multi-domain, surrogate-supported numerical modelling framework. To sup-

port this aim, the optimisation problem is formulated in line with offshore standards,

integrating serviceability, ultimate, and fatigue constraints, while remaining applica-

ble to early-stage design. A novel resonance-avoidance constraint is introduced that

is based on the probability and power content of excitation frequencies. A modular

MDAO framework is developed to efficiently evaluate objectives and constraints. A hy-

brid frequency–time domain dynamic model is proposed, combining frequency-domain

efficiency for motion prediction with time-domain accuracy for load and fatigue assess-

ment. Key computational bottlenecks are mitigated by machine-learning models for

hydrodynamic coefficients and mooring loads, applicable beyond a single project. Com-

plementing the system-level optimisation, the thesis investigates fundamental FOWT

motion characteristics via the instantaneous centre of rotation (ICR). A methodology
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Chapter 0. Abstract

is developed to identify the ICR from numerical simulations. The results challenge a

common assumption of a fixed centre of rotation and provide design insights.

The proposed methods are demonstrated through optimisation case studies, which

illustrate efficiency gains, broader exploration of the design space, and new system-level

insights. Collectively, this work establishes a foundation for efficient, integrated, and

robust FOWT conceptual design, enhancing confidence in optimisation-based methods

for next-generation FOWTs.
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Chapter 1

Introduction

This chapter gives an overview of the motivation and background for this work and

states the aim, objectives, and novel contributions to knowledge, as well as their relation

to papers published by the author (or submitted and under review). It also provides a

high-level overview of the research approach and maps the different components of the

research process.

1.1 Motivation and background

Meeting climate targets while maintaining focus on the reliability and cost-effectiveness

of energy has become a central concern for wind turbine engineers. Although land-based

installations dominate the market, offshore wind capacity is expanding ten times faster

than its onshore counterpart [12]. One of the primary limitations in the development of

offshore wind farms is water depth; when depths exceed about 50-60 meters, bottom-

fixed foundations may no longer be economically viable [13,14]. Floating offshore wind

turbines (FOWTs) effectively address this challenge by placing a turbine on a floating

platform with station-keeping capability provided by a mooring system.

FOWT opportunities and challenges Thanks to larger rotors and more consis-

tent wind speeds, offshore wind offers greater capacity potential, which is crucial for

increasing the share of renewable energy. The floating technology not only expands

1
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the potential for offshore wind energy but also opens new possibilities for cost-effective

operation and maintenance strategies. Passive or active adjustment of the floating

wind farm layout for maximum power production and/or loads reduction [15] [16] and

the tow to port strategy for major components replacement [17] are among the many

developments enabled by FOWTs.

However, the lack of a rigid connection to the seabed and the significant motions

of the moored structures introduce additional modelling, design and operational chal-

lenges. Both mean and dynamic hydro- and aerodynamic loads arising from waves and

wind interact with the coupled motion of the system, leading to complex structural

responses and failure mechanisms. Therefore, design of FOWTs requires structural in-

tegrity and performance assessment considering a diverse range of criteria and loading

conditions.

Sequential design approaches In traditional floating support structure design for

offshore wind turbines, the focus has often been on creating a highly stable and stiff plat-

form, derived from the design principles of bottom-fixed offshore turbines [18]. While

this approach ensures stability, it may result in a substructure that is heavier and more

costly than necessary. In the early conceptual design phase, the design process typi-

cally relies on simple models and human intuition to generate various system concepts.

These initial designs are then refined through subsequent stages, which involve more

detailed simulations and analyses of particular subsystems.

Adding further complexity, FOWT development projects involve multiple compa-

nies and stakeholders with diverse expertise and interests [18]. Most notably, the design

and manufacture of the floating platform and mooring system are handled by entities

separate from the turbine and tower Original Equipment Manufacturers (OEMs) [19].

These two groups must then collaborate and iterate to develop a suitable structure and

control system design — often in a manner that protects intellectual property (IP).

Another developer typically receives the turbine-support structure assembly design as

a given, plans the wind turbine array layout, grid connection, operations, maintenance,

and decommissioning activities.
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Figure 1.1: Engineering design process phases [1].

This sequential and manual approach is inherently slow and may overlook potential

synergies or optimal solutions. If significant issues arise during later stages, designers

may need to revert to the earlier design phase (like illustrated in Figure 1.1), leading to

delays and inefficiencies [11]. Only a limited number of iterations through this process

are typically possible. Therefore, the results are likely suboptimal.

Integrated design and optimisation This highlights the potential benefits of

adopting more integrated and computationally advanced design methods that can ad-

dress multiple system components simultaneously, thereby improving the overall effi-

ciency and performance of the floating wind turbine systems [20,21]. By designing the

entire system (the floating platform, mooring system, tower, power cable, rotor-nacelle

assembly, and controllers) concurrently, it is possible to achieve an optimal balance

between the performance and cost of all subsystems.

Further to that, casting the design problem as an optimisation problem enables

the use of numerical methods to search for a globally optimum design by changing a

possibly large number of variables (design features) across multiple subsystems, often

subject to numerous constraints (design requirements) [11]. This approach allows for

unbiased, systematic, and efficient exploration of the design space using appropriate

numerical analysis models.

Although system-level optimisation has not traditionally been applied during the

early design stages, it has been argued that the insights gained through optimisation at

the conceptual design stage—when key decisions about the support structure topology

are made—are crucial for the success of later phases. In later stages, design changes

are more costly and difficult to implement (see Figure 1.2), making early optimisation
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Figure 1.2: Evolution of the knowledge, costs of change, and degrees of freedom during
the design process. Reproduced from [2]

decisions more impactful. As noted in [22] and [18], this is especially true for complex

and innovative structures, such as FOWTs, for which there is limited prior empirical

data available.

Design evaluation Unlike one-off analyses, where a less efficient model may suffice,

multidimensional optimisation under multiple diverse constraints requires models that

can provide quick evaluations to keep the process tractable. Specifically, efficient and

accurate modelling is crucial to ensure that decisions made during optimisation yield

reliable and effective designs. Poor efficiency can lead to impractically long optimisation

times, while inadequate accuracy may result in suboptimal or unrealistic outcomes.

Therefore, sufficiently advanced techno-economic models are essential to capture all

design-driving effects while maintaining reasonable computational costs [23, 24]. The

development of the analysis methods to inform the optimisation of FOWTs is inherently

challenging due to several factors.

FOWT designs must be assessed over a typical operational lifespan of 20-30 years [22,

25], accounting for a wide range of environmental conditions and failure mechanisms.

Risks associated with rare extreme environmental events (ultimate limit states), oper-

ational conditions (serviceability limit states), and progressive structural degradation

over time due to recurring loads (fatigue limit states) must be considered. In the context

of design optimisation, fatigue assessment poses a significant challenge, as it requires

evaluating internal structural loads under a variety of environmental loading conditions

(at least 20, according to DNV-RP-C203 [26]). The applicability and accuracy of effi-

cient spectral-based fatigue assessment methods are limited by the broad-band loading
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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 the

lifetime using state-of-the-art, fully coupled nonlinear time-domain solvers with a con-

siderable number of random realisations for each load case requires substantial compu-

tational resources, even for a single analysis [27,28].

Perhaps most importantly, the challenge of FOWT optimisation lies in the complex-

ity of the system and the broad range of specialised disciplines involved. The physical

environment and dynamics of FOWTs are complex, with significant interactions be-

tween wind- and wave-induced responses [23]. The mean and dynamic fluctuating six

degrees of freedom (DOFs) motion responses of FOWTs are strongly influenced by the

magnitude of the aerodynamic loads, including both horizontal and vertical compo-

nents [29,30]. Platform displacements alter the position of the mooring system, which

in turn causes shifts in the six DOF natural frequencies of the floating system [31–33].

Conversely, wave-induced platform motions significantly impact tower-top dynamics,

affecting both the magnitude and variability of rotor thrust and torque [29,30,34]. Ad-

ditionally, aerodynamic loads amplify coupling among the six rigid DOFs, with notable

pitch-heave coupling emerging due to a positive mean pitch angle, altered hydrodynam-

ics, and changes in mooring line tension [33,35]. Large platform displacements can in-

duce nonlinear behaviour (force-displacement relationship) of the mooring lines [29,36]

and alter the potential and viscous hydrodynamic load acting on the floating substruc-

ture [33,37].

Given the strong interdependencies, analysing a FOWT requires contributions from

multiple fields—including aerodynamics, hydrodynamics, structural dynamics, electri-

cal engineering, control systems, and systems engineering, to name just a few. These

disciplines are essential to fully model the floating system and capture interactions

between various loads and the dynamic behaviour [24]. Many of these fields are also

rapidly evolving, adding further complexity to developing and maintaining the coupled

models.
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Multidisciplinary design analysis and optimisation In this context, the multi-

disciplinary design analysis and optimisation (MDAO) methodology is highly beneficial,

as it focuses on designing systems that involve multiple disciplines and subsystems [38].

MDAO is particularly useful for optimising complex, heterogeneous systems where in-

teractions between disciplines are significant and cannot be overlooked, or where the

synergy between subsystems can be leveraged [11]. This approach decomposes the

model into smaller, highly specialised, interconnected analysis (disciplinary) blocks,

each with its own set of input and output variables [39], while addressing the global

system through variable coupling and an appropriate direct or iterative solution strat-

egy [39].

To realise the fully coupled floating system, the disciplinary analysis tools within an

MDAO framework must be appropriately interconnected. An exemplary way of inter-

facing the modules was demonstrated within the state-of-the-art dynamic analysis tool

OpenFAST, as illustrated in Figure 1.3, where all disciplines, including the mooring,

platform, tower, and RNA dynamics, as well as environmental forcing, form two-way

(feedback) connections (dependencies), forming the so-called cyclic system.

Figure 1.3: Modules interface in a fully coupled aero-hydro-servo-elastic model within
OpenFAST. Reproduced from [3].
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The modular structure of an MDAO framework simplifies the development, mod-

ification, and maintenance of the complex model, while also facilitating collaboration

among experts from different disciplines. It provides an ideal environment for com-

puting total system derivatives, which are required for the efficient, gradient-based

optimisation methods. Additionally, this model can be easily integrated with an op-

timisation driver, enabling flexible definitions of objectives, constraints, and variables.

Any coupling variable passed between the components of the model can be treated

as part of the optimisation problem formulation, offering the adaptability needed to

address the specific challenges of diverse projects.

Disciplinary analyses The decomposition of a model into components enables multi-

fidelity approaches, where disciplinary models can vary in efficiency and accuracy to

best suit the specific problem or provide a choice of fidelity depending on the task at

hand. While high-fidelity, well-validated coupled nonlinear time-domain models offer

accurate results, they are often computationally expensive for iterative, holistic design

optimisation. To mitigate this, approximate models can be applied. These can differ in

several aspects: the domain (time domain, simplified time domain, frequency domain,

or hybrid time-frequency domain), the number of degrees of freedom, DOFs (from fully

flexible models to simplified rigid-body models), and the modelling paradigm (physics-

based, data-driven, or physics-informed data-driven models).

These strategies can be combined to achieve the optimal trade-off between accuracy

and efficiency across the full, coupled model. Specifically, while efficient physics-based

frequency-domain approaches are typically accurate enough for global motion solu-

tions, more computationally intensive time-domain models may be required to capture

dynamic nonlinear motion-load effects in FOWT structures. Additionally, the most

computationally expensive physical models can be replaced with precomputed look-up

tables or data-driven (machine learning) models trained on mid- or high-fidelity data.

These alternatives offer sufficient accuracy at a reduced computational cost, making

them well-suited for highly iterative optimisation processes.
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A novel design metric The strategies outlined above focus on improving the effi-

ciency of the design optimisation, as guided by offshore standards and recommended

practices [25]. While meeting these requirements is crucial in later design stages, the

early conceptual design phase offers a unique opportunity for flexibility and creativity,

and can be informed by metrics outside the standards and regulations. In particular,

a fundamental understanding of the FOWT dynamic behaviour can be leveraged to

develop novel design metrics that encapsulate the overall system performance without

resolving complex load responses.

A key insight arose from the simple question of where a floating wind turbine pitches

about—a curiosity that led to considering the instantaneous centre of rotation (ICR) as

a potential design metric to guide the optimisation process. Rooted in basic principles

of rigid body dynamics, the ICR offers an alternative way to understand the system’s

behaviour. Identifying the instantaneous point where the floating system experiences

minimum motion and strategically designing the FOWT considering ICR statistics can

potentially improve FOWT performance, addressing multiple design factors previously

formulated as separate design constraints.

1.2 Research aim and objectives

The aim of the thesis is to improve the efficiency and scope of FOWT support structure

optimisation in the early design stages through the application of the MDAO method-

ology and a multi-fidelity, multi-domain, physics-based surrogate-supported model of

dynamics. This research seeks to advance the understanding of the FOWT optimisa-

tion problem, improve its formulation, and refine solution methods, thereby enabling a

more informed and systematic approach to FOWT design.

In the early design stages of FOWTs, there is a high degree of design freedom

due to the multitude of engineering and operational decisions yet to be made (Fig-

ure 1.2). Traditional sequential design approaches often fall short in identifying the

optimal configurations, as they rely on manual exploration of the design space, which

is infeasible given its complexity. While formal design optimisation approaches offer
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systematic searches for the best configurations, they are highly iterative. Moreover, a

holistic design approach, as prescribed by the offshore standards, requires evaluating

multiple objectives and constraints across various operational conditions, some of which

demand complex modelling techniques, which can be computationally expensive and

challenging to manage within optimisation frameworks.

To fully leverage the potential of optimisation methods and explore the extensive

design space of multiple FOWT subsystems (in particular, the tower, floating platform,

and moorings) across an extensive range of loading conditions, a practical approach to

candidate designs evaluation is essential. This approach should balance efficiency and

accuracy, incorporating prudent formulation and solution to the optimisation problem.

The first research objective of this thesis is related to the need to represent a complex

FOWT system within an optimisation environment that is easy to manage and capable

of handling and integrating multiple physical subsystems and analysis tools:

O1 Apply a multidisciplinary design analysis and optimisation (MDAO) framework to

the integrated optimisation of the FOWT system, coupling multiple disciplinary

models within a unified and efficient optimisation workflow.

FOWTs operate in a complex offshore environment influenced by wind, wave, and

current loads. As engineering systems, they consist of numerous subsystems, each

with unique characteristics, behaviours, and modelling approaches. While technical

aspects of system performance and safety are critical when designing FOWTs, other

criteria—such as social and environmental impact and supply chain capability—are

increasingly considered. A holistic evaluation of the entire system, encompassing both

technical and non-technical disciplines, requires a variety of specialised analysis tools

and approaches. This work integrates a range of reliable and proven analysis tools of

varying fidelities into a coupled model, which is then verified and incorporated into

a multidisciplinary optimisation framework. This framework ensures an efficient and

transparent flow of information between modules, facilitates efficient coupled system

iterative solution and total derivative computation for efficient gradient-based opti-

misation methods, and enables optimisation problem decomposition. Although this
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integration currently focuses on techno-economic disciplines, the framework has been

designed to be modular and extensible. As such, it provides a structural foundation

for the future inclusion of additional non-economic considerations (e.g. following a

PESTLE-type perspective [40]) even though their explicit integration lies beyond the

scope of this thesis.

The second objective focuses on improving the accuracy to computational cost ratio

for the coupled model of dynamics:

O2 Develop, adapt, and verify disciplinary models suitable for conceptual design

optimisation, achieving an appropriate balance between physical fidelity, valid-

ity range, and computational efficiency, in order to enable realistic and scalable

FOWT design evaluations.

This includes improving the accuracy of load calculations through a hybrid frequency-

time-domain model valid for a diverse range of FOWT designs under a wide range of

environmental conditions, and improving solution time by incorporating surrogate mod-

els in place of computationally expensive parts of the model. The latter solution makes

gradient computation throughout the model tractable, enabling a gradient-based opti-

misation approach that is typically significantly more efficient for optimising problems

defined in a large design space with many independent design variables. An efficient

model is also necessary to systematically study the design space and approach design

optimisation in a more informed and holistic manner. Accordingly, the optimisation

problem is formulated to reflect the decision-making processes characteristic of early-

stage FOWT design, accounting for both natural frequency characteristics and forced

responses, and considering ultimate and fatigue loads.

The last, third objective relates to a more efficient optimisation problem formula-

tion:

O3 Derive and test a novel design metric related to the dynamic behaviour of the

FOWT system that simultaneously addresses multiple design requirements, sim-

plifying the optimisation problem and supporting more informed conceptual de-

sign decisions
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The motion of FOWTs is often viewed as a challenge, with significant effort devoted

to minimising it. While minimising motion is important, this work takes a different

approach by acknowledging that FOWTs are inherently dynamic systems. Instead of

solely attempting to suppress motion, we explore how to leverage it to our advantage.

By strategically modifying design features, we can influence the relative amplitudes,

frequencies, and phases of surge, heave, and pitch motions to minimise dynamic dis-

placements at critical locations on the structure. Contrary to the common assumption

in the literature that a single point of minimum motion (i.e., the centre of rotation) ex-

ists, this research recognises that such a point can only be defined instantaneously, and

its determination is nontrivial. This study develops a statistical approach to investigate

the instantaneous centre of rotation (ICR) for FOWTs and explores how understanding

its behaviour can inform the development of a new design metric. The central hypoth-

esis is that this metric can integrate multiple concerns—typically addressed as separate

design objectives or constraints—into a unified formulation, thereby simplifying the

overall design optimisation process. This hypothesis is evaluated through the research

presented in this work.

1.3 Main contributions to knowledge

Based on the research objectives defined in Section 1.2, several contributions have been

made. While the specific contributions will be detailed at the end of Chapters 3 – 7,

the key three contributions are listed below. Additionally, the links between the key

contributions, published papers, objectives and the aim of the thesis are illustrated in

Figure 1.4 (the list of published works is provided in the front matter of this thesis).

C1 Development of a coupled frequency–time domain surrogate-augmented model of

floating offshore wind turbine dynamics suitable for assessment of serviceability,

ultimate, and fatigue limit states at the conceptual design stage.

C2 Conceptualisation, dataset generation, integration, and verification of a widely

applicable time-domain mooring surrogate model, agnostic to platform design

and environmental conditions.
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Figure 1.4: Thesis layout: the relationship between the research objectives, contribu-
tions, published work, and chapters.

C3 Investigation of the instantaneous centre of rotation of floating offshore wind

turbines, addressing the limitations of common fixed-point assumptions, with

development of a numerical model to analyse its statistics, design sensitivities,

and design trade-offs.

1.4 Research design and approach

The high-level methodology is illustrated in the flow diagram of Figure 1.5 and detailed

in the following.

Literature review Within this broad domain, the chapter reviews prior work and

identifies key research gaps related to physics-based and data-driven coupled dynamic

modelling, FOWT design methodologies, and optimisation problem formulation and

solution strategies. Additionally, the problem of identifying the pitch centre of rotation

is examined in the context of existing modelling assumptions and its role in FOWT

design.
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Figure 1.5: High-level methodology.
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MDAO framework To achieve the aim of improved efficiency and scope in the opti-

misation of FOWT support structures during the early design stages, MDAO methodol-

ogy is adopted. This approach not only facilitates the construction of the optimisation

framework (as formulated in Objective 1) but also supports the development of a cou-

pled dynamic model required to evaluate design objectives and constraints (Objective

2). Rather than developing each disciplinary component from scratch, the methodology

integrates existing open-source codes into a cohesive framework, focusing on establish-

ing effective couplings between modules. This integration enhances the capabilities of

each component through their interactions, creating a framework that offers greater

utility than the sum of its individual parts.

The development of this framework progresses through several stages of increasing

complexity, starting with a minimal frequency-domain coupled model and overall work-

flow, and followed by the incorporation of state-of-the-art components. At this stage,

two significant gaps identified in the literature are addressed as follows.

Equilibrium convergence The first gap addresses the solution of the system’s static

equilibrium in the rigid-body DOFs. At equilibrium, the product of the stiffness and

displacement (offset) of the system equals the sum of the mean external forces applied

to the floating platform. Two key static loads—the aerodynamic load and the mooring

load—depend on the platform’s position. Specifically, the system’s pitch affects the

rotor plane angle, influencing the aerodynamic load components, while the platform’s

mean offset, primarily in the surge direction, affects the mean mooring loads.1 As a

result, both aerodynamic and mooring loads must be calculated at the platform’s mean

position. However, the calculation of the mean position depends on these loads, cre-

ating a cyclic relationship between the mean loads and mean offsets. This requires an

iterative solution approach. To the best of the author’s knowledge, most FOWT opti-

misation studies have neglected this coupling, solving for the platform’s mean position

under mean external loads only once, without updating the loads based on the newly

computed equilibrium position. This work introduces an iterative solution method to

1This is specifically true for the floating platforms with catenary mooring systems.

14



Chapter 1. Introduction

resolve the coupling and determine the true static equilibrium.

Iterative solution strategy There are various strategies for solving coupled sys-

tems, with efficiency depending on the system’s structure (the balance between the

computational effort of the components) and available computational resources (e.g.,

parallel processing). While the choice of solution strategy can influence overall solution

time, the optimal approach has not been explored in the FOWT literature to date.

This work benchmarks five iterative solvers, each differing in how coupling variables

are managed.

Design problem formulation Any constrained optimisation problem can be for-

mulated as the task of minimising a specific objective function with respect to a set

of design variables, subject to a set of design constraints. The focus of this work is to

improve the formulation of these constraints, enabling more realistic and less conserva-

tive designs from the earliest design stages. In this regard, the next stage of framework

development involves enhancing its capabilities to tackle a more complex optimisa-

tion problem, formulated based on the offshore standards and recommended practices.

While the early framework could analyse global platform motion and basic performance

metrics such as maximum offset or nacelle acceleration, the improved model aims to

explicitly evaluate structural loads. The structural constraints are assessed using the

partial safety factor method, which simulates the load effects on the structure resulting

from the applied loading processes.

In principle, FOWT structures must be designed to withstand loads under all tem-

porary, operating, and damaged conditions to ensure safe operation, the safety of per-

sonnel (during maintenance activities), environmental protection, and adequate resis-

tance to deterioration throughout the turbine’s design life. To meet these diverse re-

quirements, FOWTs must be analysed in terms of a wide range of limit states—conditions

within which the structure is expected to operate safely, and beyond which it is no

longer able to meet the design criteria [41]. These limit states are classified into four

main categories: ultimate, fatigue, accidental, and serviceability limit states, each en-

compassing various conditions that must be assessed throughout the design process.
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This work focuses on selecting criteria that address the broadest set of requirements

while still being evaluable with relatively cost-effective methods. These criteria are

implemented in the optimisation framework, and their impact on the optimised designs

is investigated.

This more detailed approach requires consideration of two key aspects:

• Formulation of the optimisation problem to better align with the recommenda-

tions of the standards and to address the loads directly,

• Development of computationally efficient methods for calculating the new con-

straints, suitable for the early design stages.

Hybrid domain model In particular, this work highlights limitations of purely

frequency-domain approaches for evaluating loads in structural and mooring compo-

nents. In several optimisation frameworks, quantities such as mooring-line tension

are represented through response amplitude operators, from which statistical response

measures are derived under the assumption of linear, stationary, Gaussian response

processes. Design constraints may then be formulated using estimates such as the

mean response plus a multiple of the response standard deviation. While this ap-

proach is computationally efficient and may be suitable for relatively narrow-banded

response processes, such as loads dominated by wave-frequency excitation, under re-

alistic environmental conditions, such statistical estimates may provide an incomplete

representation of extreme and fatigue-relevant loads. To address this issue, this work

transforms frequency-domain motions to the time domain and uses the resulting time

series to compute dynamic loads more directly. The improvements offered by this

hybrid approach, as well as its remaining limitations, are identified.

Implementation of surrogate models This work demonstrates two applications

of data-driven models: one to replace a less accurate dynamic model component, and

another to address an efficiency bottleneck. First, to overcome the limitations of the

quasi-static mooring model in accurately predicting wide-banded mooring loads for fa-

tigue analysis, a higher-fidelity time-domain code with a lumped-mass mooring model
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is used to generate a dataset of motion and mooring load results. A machine learn-

ing algorithm is then applied to derive a functional relationship between the mooring

configuration parameters and the fairlead motion time series (inputs), and the moor-

ing tension time series (outputs). This approach enables the inclusion of mooring line

fatigue damage as a constraint in the optimisation problem—something not previously

achieved in FOWT MDAO studies. Secondly, a dataset of potential hydrodynamic

coefficients is generated using a boundary element method for various floating plat-

form configurations. This dataset is used to derive a relationship between the platform

shape parameters and the hydrodynamic coefficients at different frequencies, enabling

the replacement of the most computationally expensive element in the coupled model.

New natural frequencies constraint This work also proposes an alternative for-

mulation for the natural frequencies constraint, based on probability and energy con-

tent. The FOWT system must be designed so that none of its critical natural frequencies

overlap with the most energetic range of exciting frequencies, including wind and wave

fluctuations, as well as rotor and blade passing frequencies (1P and 3P). In existing

literature, such constraints are typically formulated in a stringent, conservative man-

ner, often by imposing “hard” lower or upper (or both) limits on the system’s natural

frequencies. Commonly, this means requiring the rigid body motion mode frequencies

to fall between the peaks of the wind and wave spectra, and the tower frequencies to

be in the stiff-stiff region, i.e., above the blade passing frequency. This work, how-

ever, acknowledges that load processes are characterised by site-specific probabilities

of environmental conditions, along with the corresponding power spectral density. The

proposed formulation aims to avoid the risk of resonance by considering both the prob-

ability and the expected severity of any potential resonance.

Instantaneous centre of rotation of FOWTs The final contribution of this work

to the optimisation problem formulation is the derivation of an alternative design met-

ric that simplifies the design optimisation process, as formulated in Objective 3.

The dynamic behaviour of FOWTs involves complex interactions of multivariate loads

from wind, waves, and currents, resulting in intricate motion characteristics. While
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methods for analysing global motion responses are well-established, time- and location-

dependent kinematics remain underexplored. A key aspect of this research is the inves-

tigation of the instantaneous centre of rotation (ICR) — the point of zero velocity at a

specific time, corresponding to an instance of general plane motion. Although under-

standing and strategically positioning the ICR can reduce dynamic motion in critical

structural locations, thereby enhancing the performance and structural robustness of

FOWTs, it has not been explored in FOWT literature to date. This work develops a

method to identify the ICR’s time series, statistics, and sensitivity to FOWT design

features. It also investigates the application of the new knowledge of ICR in practical

design scenarios, exploring whether this metric can be used to address multiple design

constraints simultaneously.

Case studies The research concludes with a series of case studies that demonstrate

the capabilities of the developed framework in enhancing the efficiency, scope, and re-

alism of spar-type FOWT support structure optimisation (including the tower, floating

platform, and moorings) during the early design stages.

This thesis focuses on the example of the OC3 Hywind spar platform [42] with

the NREL 5MW reference wind turbine [43] – a configuration that was still industry-

relevant at the outset of the study (2020) and remains extensively benchmarked and

validated, making it well suited for methodological development.
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Literature review

This chapter is partly based on the published paper:

P1 Patryniak K, Collu M, Coraddu A, Multidisciplinary design analysis and opti-

misation frameworks for floating offshore wind turbines: State of the art (2022).

Ocean Engineering 251

Floating offshore wind turbine (FOWT) technology is still relatively new but is

growing rapidly. Fifteen years after the installation of the first large-capacity floating

wind turbine (Hywind, 2.3MW), the most advanced FOWTs are now successfully com-

pleting the full-scale demonstration phase and achieving Technology Readiness Levels

(TRL) 8 and 9 [44]. The largest floating wind farm to date, Hywind Tampen, with a ca-

pacity of 94.6MW, has also been successfully installed and is now operational. Despite

these advancements, significant design changes continue to emerge in newer designs,

driven by lessons learned from earlier installations and ongoing research. These devel-

opments are further supported by advancements in numerical and experimental analysis

techniques, a deeper understanding of the dynamic behaviour of FOWTs, and evolving

design methodologies.

Between the first and most recent installations, research in FOWT design has un-

dergone a significant transformation—from manual, brute-force cost optimisation of

individual FOWT components to the integrated design optimisation of entire floating

wind farms, incorporating a diverse range of constraints (i.e., multidisciplinary design
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analysis and optimisation - MDAO). In this context, this chapter reviews the current

state-of-the-art methods for multidisciplinary optimisation of FOWTs.

Section 2.1 introduces the MDAO methodology and reviews its applications in the

FOWT and similar fields; Sections 2.2–2.3 provide a complementary review of early-

stage design optimisation problem formulation, and of the state-of-the-art numerical

analysis approaches in the context of multidisciplinary design optimisation.

This chapter frequently refers to Tables 2.1 and 2.2, which compare the design

objectives, constraints, variables, and the analysis and optimisation methods used in

the 17 FOWT MDAO studies. These studies were selected based on two criteria:

consideration of the design variables across multiple subsystems and the inclusion of

design constraints from multiple disciplines.

2.1 Multidisciplinary design analysis and optimisation

Multidisciplinary design optimisation (MDO) is a field of research that studies the

application of numerical optimisation techniques to the design of engineering systems

involving multiple disciplines or components [63]. In this thesis, the scope is focused

on optimisation with respect to design variables spanning multiple subsystems (e.g.,

mooring system, floating platform, tower, control system), subject to constraints across

various disciplines (e.g., hydrodynamics, aerodynamics, structural dynamics), necessi-

tating a coupled analysis model.

2.1.1 Importance of MDAO

Introduction of MDAO strategies at the onset of the design process brings multiple

advantages, including the ability to accurately represent the tight inter-dependencies

between the subsystems, readily evaluate the system-level implications of technical

decisions at the subsystem-level, and to encompass the stakeholders’ requirements and

lifetime considerations within a common design framework [18]. Through MDAO, the

contributions of structural, hydrodynamic, aerodynamic, control, electrical, and power

engineers, made concurrently, can be balanced to yield a truly optimal, safe system, not
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dominated by a single design consideration [64]. Parallel computing and multi-fidelity

approaches can be exploited [18], largely influencing the time of the solution.

To achieve the common objective of maximum lifetime cost of energy reduction,

the specialists of all subsystems should work together. According to the findings of

project FORCE [65], integrated design of wind turbines and their support structures

is one of the most potent ways to save cost in offshore wind, capable of reducing the

cost of electricity by at least 10%. However, currently, the rotor-nacelle assembly and

the floating support structures are developed under separate contracts, with wind tur-

bines identical to those used with bottom-fixed structures [18, 65, 66]. Before these

commercial barriers are overcome, the focus is on the multidisciplinary design optimi-

sation of the particular assemblies: support structure (discussed by this article) and

RNA (for example [67, 68]), as a necessary step towards system-level, and eventually

wind-farm-level, integrated design.

2.1.2 MDAO in FOWT design and other fields

The importance of MDAO can be well demonstrated by an example from aerospace

industry where the introduction of composite materials triggered changes to the de-

sign process. Grossman et al. [69] showed that the integrated aerodynamic structural

optimisation of a wing is superior to the traditional iterative design techniques due

to the exploitation of the favourable interaction between the two disciplines. Namely,

distributing the structural material such that large deformations did not reduce the

aerodynamic performance (moving the centre of lift towards the root of a wing), hence

relaxing the need to keep the deformations small. Reduced stiffness allowed for reduc-

ing the structural mass, increasing the overall performance of the wing in a way not

attainable through a sequential design.

With a less apparent need for multidisciplinary optimisation when considering off-

shore floating structures, the MDAO concept was not broadly applied in that field. Only

a few studies employed formal optimisation algorithms for the hull design (e.g., [70],

[71]). Examples of multidisciplinary optimisation in this field are even more scarce. Per-

haps the most advanced study of such type was conducted by Sugita and Suzuki [72]
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who minimised the weight of a TLP subject to constraints stemming from different

disciplines (mooring tension, platform offset and natural periods, structural stress).

The design of floating wind turbine support structures differs from the oil and gas

platforms in many aspects. One of the most important distinctions is the fact that,

while for O&G offshore structures the aerodynamic loads constitute a small fraction of

the total load, FOWTs are designed to extract energy from the wind, and therefore are

exposed to significant loads of wind and wind-generated waves. Despite this, initially,

FOWT platforms heavily relied on the oil and gas industry legacy, with conservative

designs.

The first study on multidisciplinary design optimisation of FOWTs was published

by Sclavounos et al. [45], based on the thesis of Tracy [73]. The dynamic performance

analysis was decomposed into three modules: mooring system, the floating structure,

and the wind turbine, with the characteristics of each discipline assembled into one

equation of motion based on a linear spring–mass–damper system in the frequency

domain. Because the mooring loads may be nonlinear over large displacements, the

platform steady state offset was computed by the hydrodynamic module and then used

as a linearisation point by the mooring module, so that the offset and stiffness were

computed iteratively.

After the world’s first FOWT, Hywind Demo (Karmøy), was deployed and proved

to be a technically feasible concept, the research on support platforms gained more

interest. Currently, the process of design and optimisation of these structures, and

the urge to reflect the complexity of the system within the optimisation process, better

resemble the practices seen in aerospace engineering than the traditional offshore sector.

One of the most sophisticated approaches to integrated design optimisation has

been demonstrated by Hegseth et al. [52]. The authors optimised the Proportional

Integral (PI) control system, tower, spar platform, and catenary mooring system in an

integrated manner, by combining the structural and control state–space systems into a

complete closed-loop aero-hydro-servo-elastic model. A modular approach was applied,

with discipline-specific calculations performed by individual units of code, connected in

a multidisciplinary network by feed-forward connections (with the exception of a feed-
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back cycle for the calculation of viscous damping, as explained in [52]). By increasing

the controller gains, a reduction in rotor speed variation was observed, however, this

was achieved at the cost of increased fatigue damage. The cost and performance of

the designs obtained through the integrated optimisation were also compared to those

obtained without varying the controller gains, showing the superiority of the coupled

approach over the simpler structural optimisation.

Ashuri et al. [4] performed a multidisciplinary design optimisation of the blades

and tower of a bottom-fixed offshore wind turbine. The main challenges of the study

lied in the fact that the analysis was performed in the time domain, multiple load

cases, constraints, and variables were considered, and, on top of that, a gradient-based

optimisation algorithm with finite-difference derivatives was utilised. To make the

process attainable, a multilevel optimisation was utilised, where the design variables

and constraints were decomposed into two levels (bi-level optimisation [74]). Up to the

best knowledge of the author, this was the only distributed MDAO architecture FOWT

MDAO optimisation study published up to date. As illustrated in Figure 2.1, each

global optimisation iteration consisted of two optimisation processes at the lower levels,

and the global iterations were repeated until convergence on the common objective was

achieved. To further speed up the computation, 12 different design load cases were

computed in parallel, each on a separate CPU.

A significant body of research on the MDAO of FOWTs emerged in the domain of

control co-design, where the control system and the support structure are optimised

concurrently. Bilgen et al. [75] developed a mixed-fidelity multidisciplinary control co-

design optimisation framework where advanced controller’s and blades structural pa-

rameters were adjusted to maximise the power coefficient while mitigating the loads on

the structure. Abbas et al. [59] performed a series of optimisations, co-designing either

the tower or floating platform with controllers. Du et al [76] co-optimised the platform

and tuned mass dampers, reducing the platform mass, improving power generation,

and reducing platform motions. Yu et al. [77] optimised the platform, the blade pitch

controller, and the tuned liquid multi-column dampers (TLMCD) of a semisubmersible

FOWT simultaneously. If tuned appropriately to the whole FOWT system dynamics,
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Figure 2.1: Multilevel optimisation approach with a decomposition of the design space
into two disjoint sets x1 and x2. Reproduced from [4].

TLMCDs provide additional damping hence lowering the platform pitch motion, which

allows a larger blade pitch controller bandwidth and better dynamic response. In this

case, the application of optimisation spanning multiple disciplines was therefore not

only advantageous but necessary.

2.1.3 MDAO methodology

Multidisciplinary problems can be decomposed into a series of smaller blocks of com-

putations (disciplinary solvers), each with its own set of input and output variables

(“coupling variables”) [39]. The outputs of some of the blocks are passed as input to

other components, creating either simple feed-forward connections or feedback connec-

tions, which create a coupled model (Figure 2.2).

The way the components of the coupled model are grouped and handled within

an MDAO problem determines the hierarchy (or architecture) of the problem. MDAO

architectures can be classified as monolithic, where a single optimisation problem is

solved, or distributed, where the optimisation problem is decomposed into smaller,
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Figure 2.2: An example of a feedback coupled scheme, illustrated following the XDSM
method [5]. Disciplinary models output variables horizontally and receive inputs verti-
cally.

independent subproblems [5].

Among the simplest monolithic MDAO architectures, and one that has been pre-

dominantly used in FOWT optimisation studies to date, is the multidisciplinary feasible

(MDF) approach. In this method, disciplines are solved sequentially in a coordinated

manner. When feedback connections are present, multiple iterations through the cou-

pled model may be required for all disciplinary solvers to reach a consistent state. The

MDF approach maintains separate disciplinary solutions, with only the final converged

results being used to compute the design objectives and constraints handled by the

optimisation driver.

The MDF approach is formulated in Equations 2.1 and illustrated in Figure 2.3

using the Extended Design Structure Matrix (XDSM) methodology [5]. In the equa-

tions, f0 is the objective function, potentially dependent on multiple disciplines, x is

the vector of design variables, y represents the coupling variables (outputs from dis-

ciplinary analyses), c0 is a vector of design constraints involving multiple disciplines,

and ci is the vector of discipline-specific constraints. In the diagram, the green boxes

denote the disciplinary components (analysis tools), while the parallelograms represent

design variables (white) and coupling variables (gray) exchanged between components.

Inputs are passed vertically, and outputs horizontally; variables above the diagonal feed

forward, while those below feed backward.
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Figure 2.3: Multidisciplinary Feasible MDAO architecture.

minimize f0(x, y(x, y))

with respect to x

subject to c0(x, y(x, y)) ≥ 0

ci (x0, xi, yi (x0, xi, yj ̸=i)) ≥ 0 for i = 1, . . . , N.

(2.1)

While the optimiser controls the design variables, the coupling variables are managed

by a coupled model solver. The iterative solution of the coupled disciplinary model can

be achieved using various nonlinear solvers, such as the Gauss-Seidel method, which

solves one component at a time, or the Jacobi method, which solves all components

and updates the coupling variables simultaneously (in parallel). More details on the

coupled solution strategies will be provided in Chapter 3.

2.1.4 An overview and comparison of available MDAO tools

When constructing an MDAO framework, numerous challenges must be overcome, in-

cluding the choice of the order of execution of the disciplinary analyses, the management

of the flow of information between the components, the choice of the system solver (lin-

ear/nonlinear, monolithic/recursive iterators), and the integration with an optimisation

algorithm. Efficient implementation of these aspects requires a very specific set of skills
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and is time-consuming; the formalisation of system specification and workflow automa-

tion may take as much as 60–80 % of project time, according to the survey by Ciampa

and Nagel [78]. In that respect, the open-source and commercial tools developed by

third parties are very powerful, taking off a significant part of the coding burden. A

brief review of the three chosen non-proprietary tools is given in the next section as

summarised and compared in Table 2.3.

Table 2.3: The MDAO tools

Code OpenMDAO DAKOTA DAFoam

Reference [79] [80] [81]

Language Python C++ C++, Python

Gradient-
based
algorithms

SNOPT, IPOPT,
SLSQP, NLPQLP,
FSQP, PSQP, ParOpt,
CONMIN

Conjugate gradient
methods, SQP methods,
Newton methods, MFD,
Augmented Lagrangian
method

pyOptSparse com-
patible solvers,
SNOPT

Derivative-free
algorithms

NSGA2, ALPSO

PS, Simplex, Greedy
Search Heuristic,
NOWPAC, EA, DIRECT,
EGO

-

OpenMDAO [82] [79] is an open-source framework for efficient multidisciplinary

optimisation developed by the MDO Lab (University of Michigan) in collaboration

with NASA. One of its main advantages is the efficient data (input/output) passing

between components through variables promotion or connect statements and a choice

of system iterative solvers (Gauss-Seidel, Newton, and more). Highly valued is also its

ability to efficiently calculate the total derivatives, either numerically (finite-difference

or complex-step), or through analytic partial derivatives followed by the computation

of total derivatives (through a direct or adjoint method). Hence, gradient-based algo-

rithms can be applied to optimisation problems with a large number of variables and

constraints efficiently. Being open-source, the code can be fully customised. Addition-

ally, an interactive model structure visualisation tool is provided. An example of the

application of OpenMDAO to FOWT optimisation can be found in [52].

DAFoam [81], developed at the MDO Lab, models multidisciplinary physics with
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OpenFOAM – an open-source multiphysics software. The tool can deal with a large,

constrained design space through the implementation of an efficient discrete adjoint

method for total derivatives computation. The package also includes a geometry

parametrisation module based on the Free-Form Deformation scheme (more details

in Section 9), which makes DAFoam one of the most comprehensive tools available.

However, the framework only supports optimisation algorithms available in the python

library pyOptSparse, and the choice of physics solvers is limited to those implemented

in OpenFOAM. An example of the application of DAFoam to engineering optimisation

can be found in [83].

DAKOTA [80] is a multilevel parallel object-oriented framework for sensitivity and

uncertainty analysis, design optimisation and calibration, developed by the Sandia Na-

tional Laboratory with contributions from the community. This toolkit allows sim-

ulation codes to be interfaced with iterative mathematical and statistical methods

through an interface developed by the user as a script in any language. This im-

plies that DAKOTA can be connected to any simulation code, provided that it can be

executed from a command line and performs its I/O through data files. A wide range of

optimisation algorithms is available, including both gradient-based and derivative-free

methods. Additionally, nested models and parallel computing can be enabled and eas-

ily managed. An example of the application of DAKOTA to engineering optimisation

can be found in [84].

2.2 FOWT design and optimisation

Multidisciplinary design optimisation of FOWTs requires an appropriate formulation

of the design problem in terms of defining the design goals and requirements, as well as

an efficient method for solving the design problem. The literature on the approaches

to these two aspects is reviewed in the following sections.
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2.2.1 Design problem formulation

Many engineering design optimisation problems, including those of FOWT systems,

can be classified as constrained multi-objective problems. The widely accepted math-

ematical formulation is given by [85]:

min
x,p

(f1(x,p), . . . , fk(x,p)) (2.2)

subject to the following constraints:

x = [x1, . . . , xn]
T , p = [p1, . . . , pm]T , (2.3)

xi,L ≤ xi ≤ xi,U, i = 1, 2, . . . , n, (2.4)

g(x,p) ≤ 0, h(x,p) = 0. (2.5)

Where x is the vector of design variables, representing the system’s parameters

(e.g., structural dimensions, material properties, or geometric features), p is the vector

of fixed design parameters, fi is the i− th objective function to be minimised, xi,L and

xi,U are the lower and upper bounds, respectively, for each design variable xi, defining

the feasible range of values. g and h are the inequality and equality constraints that

must be satisfied for a feasible design.

The design variables, objectives, and constraints commonly formulated in FOWT

MDAO studies are reviewed in the subsequent sections.

Design variables

To be able to analyse the performance of a large number of designs in an optimisation

environment efficiently, their characteristics must be represented with the smallest set

of variables possible. At the same time, sufficient design flexibility (or detail) must be

ensured to represent the topologies adequately. Hence, a trade-off between the richness

of the design space and the cost of the optimisation process is observed.

An MDAO application requires a common set of variables that can be manipulated

and exchanged among different disciplines. Ideally, the geometric model should also
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be smooth (shape modification should maintain a smooth geometry), provide local

control, and short setup time. Unlike most of the geometric variables, the non-geometric

features (such as material type, anchor type, etc.), and composition features (such as

number of floaters, hull sections, mooring lines, etc.) often have discrete nature. Hence,

the development of an efficient parametrisation scheme is a non-trivial task. See [86,87]

for an extensive review of formal parametrisation schemes.

The design optimisation of FOWTs followed a less strict methodology for shape

parametrisation. A very common approach is to only include the mooring line length

and its orientation defined by two additional continuous parameters: the horizontal

distance from the fairlead to anchor, and the angle of the lines with respect to a global

coordinate system [88]. Some complexity can be added by allowing the diameter of the

lines to vary along the line length [47] or by varying the material of each section of the

line [89]. For the TLP support structures, the outer diameter of the tendons can be

varied, as presented for example in [56] and [57].

A detailed mooring system parametrisation was presented in [51] and [55], where

four variables of the mooring system were defined: line diameter, depth of the fairleads

below the water surface, the total length of the line, and the horizontal distance between

the fairlead and anchor. The inclusion of the mooring attachment point location in

the set of design variables allowed the observation of the important platform-mooring

system couplings. The fairlead depth below the water surface was shown to strongly

influence the surge-pitch coupled motion, therefore influencing the pitch response of

the entire system.

While most of the studies represented the mooring system by a set of geometric

characteristic such as line length or anchor radius, Hall et al. [90] presented a unique

approach, where the attachment of the lines to the hull was fixed, and the anchor

positions were set to linearly vary with the parameter xM ranging from 0 (i.e., anchor

directly under the mooring attachment point) to 2 (i.e., the horizontal distance between

the hull attachment and the anchor of twice the water depth). Taut configurations were

represented by the negative values of the parameter xM , as presented in Figure 2.4.

For a given platform design and water depth, this parametrisation scheme allowed to
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Figure 2.4: Example of mooring line profiles for the line shape parameters xM ∈ [−1, 2].
Reproduced from [6].

model a continuous range of mooring configurations with just one design variable.

Floating platform parametrisation is greatly based on the examples of structures

from the oil and gas industry. A few classical concepts exist, with spars, TLPs, and

semisubmersibles being the most popular [91]. The geometry of each of the platform

types can be uniquely defined by a different set of parameters. Therefore, the majority

of the studies focuses on a chosen class, narrowing the range of free parameters down

to a minimum.

The hull is usually modelled as either a single axisymmetric body or an array of

these. For instance, Hegseth et al. [51] modelled the spar platform with 10 sections,

each having a variable height, top diameter, and wall thickness, and Pollini et al. [55]

modelled the spar with two diameters and the draft. The scantlings of the floating

structures are usually considered only approximately by augmenting the wall thickness

(for example in [6]) or material density (for example in [42]) to account for the additional

mass of the internal steel members. However, when structural dynamics are included

in a multidisciplinary optimisation problem, it is necessary to model these structures

more accurately.

This was achieved, for example, by Hegseth et al. [51], who proposed to model the

T-ring stiffeners inside each of the 10 sections of the floater with 5 additional variables:

the thickness and length of the webs and flanges, and the distance between the stiffeners.

To reduce the number of variables and the computational effort, the authors adopted a

B-spline approach. By using 4 control points, smooth distribution of these parameters
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along the depth of the floater was achieved, and the number of variables related to the

stiffeners reduced from as many as 50 to just 20. A similar approach was adapted by

Ojo et al. [92] who used a B-spline curve to represent the profile of the spar floating

platform with 12 control points at predefined depths.

In their later study by Hegseth et al. [52], the authors noticed that the optimum wall

thickness was mostly governed by the necessity to withstand the hydrostatic pressure.

Hence, provided that the detailed scantlings design is not of interest, wall thickness can

be expressed as a function of depth, with no need to be included in the set of variables.

Some floating platforms require a more detailed approach. For example, Pollini et

al. [58] modelled the Tetra-spar floating platform with six variables defining the length

and diameters of the central column and radial, diagonal, and lateral braces. Rohrer

et al. [56] [57] parametrised the TLP platform with the draft of the main column,

length of pontoons and their segments, and wall thicknesses of pontoon segments.

Abbas et al. [59] parametrised a semisubmersible platform with the draft, platform

radius, column diameter, and pontoon diameter. To dampen the heave, roll, and

pitch motion in near-resonance conditions, heave plates are often used, particularly

in semisubmersible designs. Gilloteaux and Bozonnet [93] allowed the use of multiple

heave plates, with their spacing and radius as design variables. An interesting decision

was to consider the ratio of the plate radius to the column radius, making this variable

nondimensional. Lemmer et al. [49] additionally considered the thickness of the plates,

showing that with thick plates the wave cancellation effect can be achieved, significantly

improving the platform response in waves.

A unique approach was followed by the researchers at the University of Victo-

ria [6, 48], where the design space covered a wide range of designs moving beyond the

standard classification of the foundations. The eight-parameter scheme consisted of

a single central cylinder (characterised by a variable draft, radius and taper near the

waterline), accompanied by a variable number of outer columns (each characterised

by a draft, radius, heave plate radius and distance to the central cylinder). Such an

approach brings along multiple additional challenges, not seen when parametrising a

single-class platform. The scheme must be able to represent both the existing design
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topologies, as well as those not yet seen. The optimisation framework must be able to

deal with the possible discontinuities in the complicated design space, where multiple

local minima are possible. On top of that, the diverse types of geometries generated by

the parametrisation scheme must be evaluated with one common analysis model with

comparable accuracy.

Another approach to the task of covering all support structure configurations and

beyond was presented by Hall et al. [90]. The basis function approach removes the con-

sideration of the physical platform geometry and works with hydrodynamic coefficients

instead. Hydrodynamic characteristics of each candidate design (X0) are represented

as a linear combination of hydrodynamic characteristics of a set of basis platforms (Xi),

as given by Equation 2.6:

X0(ω) = b1X1(ω) + b2X2(ω) + . . .+ bnXn(ω) (2.6)

where the hydrodynamic coefficients may or may not be functions of angular frequency,

ω.

The optimisation problem is defined in such a way that the objectives are achieved

by varying the coefficients of combination (or weights) bi, which represent how much

the final design resembles each of the basis designs. The final design is then reproduced

by superposition of the basis geometries (no standard way of doing this exists). This

approach avoids the requirement of expensive solution of the radiation and diffraction

problems for every single design. Therefore, it offers a significant reduction in the

optimisation time. However, ambiguity remains in the how these optimal combinations

of basis functions should be translated to a physical geometry.

Note that the design of the fixed structural elements such as cross-bracings, tendon

arms, ballast, fairleads, etc. was not discussed. Although essential for design integrity,

such components are usually out of control of the optimisation algorithm and their

parameters are chosen to fit the variable characteristics of each design. For an example

of how these can be represented in a parametrisation scheme see [6].

The tower design is often represented as a truncated cone with variable base and
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top diameters and a linear distribution of diameters in between, keeping the hub height

fixed (e.g., [52]) or variable (e.g., [94]). Wall thickness at the tower base and top [58]

or at multiple stations along the tower height [59] [57] are also commonly included in

the design vector.

If the control system is subject to optimisation, additional design variables related

to controllers are required. The most comprehensive parametrisation was demonstrated

in control co-design study by Abbas et al. [59] where the design variables included the

cut-off frequency of the low-pass filter, peak shaving percent, closed-loop bandwidth

and damping ratio, parallel compensation gain and minimum sensitivity bandwidth.

Design objectives

This section focuses on the review and assessment of design objectives applied in the

FOWTMDAO studies, starting with the economic metrics, followed by the performance

metrics, as summarised in Tables 2.1 and 2.2.

The economic viability of a given wind turbine design can be assessed based on the

LCOE, defined as the ratio between the total life cycle cost (sum of discounted CapEx,

OpEx and DecEx) and total energy production (AEP) [95]. Since this factor reflects

the cost of a unit of energy produced, lowering its value is beneficial for electricity

consumers and improves the competitiveness of wind energy in the energy market.

Lower LCOE can be achieved by either increasing the energy production or reducing

the costs of financing, manufacturing, installation, O&M, and decommissioning.

LCOE was the objective applied in the study by Abbas et al. [59], where both the

cost and performance parts of the formulation were accounted for Equation 2.7:

LCOE =
(TCC +BOS)× FCR+OpEx

AEP
(2.7)

The study used the NREL Cost and Scaling model [96] to obtain the capital expenditure

(CapEx) as the sum of the turbine capital cost (TCC) and balance of system (BOS)

multiplied by the fixed-charge rate (FCR). OpEx was assumed to be a constant rate per

year, independent of the design. The inclusion of the annual energy production (AEP)
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in the objective formulation allowed for quantifying the effect of the control strategy

(peak shaving), which was subject to optimisation.

By far, most published studies use material weight and/or cost as the sole proxy

for LCOE. Some positions also include the manufacturing costs [49,51,52] and the cost

of anchors [6, 48]. The inclusion of the anchor cost is important when diverse FOWT

designs are considered, as the gravity and driven anchors can be twice as expensive as

the drag-embedded anchors [97]. An interesting approach was adapted by Tracy [73],

who used the displacement volume as a cost driver, noticing that this single, easy to

calculate factor accounts for both the mooring system static tension and the structural

mass, which largely influences the capital cost. A similar approach is proposed in [98],

with the structural mass approximated as the product of the displaced volume and an

empirical factor. It is noteworthy that when the objective function represents capital

cost or full LCOE, it is relatively straightforward to ensure continuity, smoothness, and

differentiability, enabling the use of efficient gradient-based optimisation algorithms.

However, FOWTs must be both cost-effective and achieve the required response to

ensure an efficient and safe energy extraction. For that reason, along with the cost,

a series of performance objectives are sometimes considered (although not as often as

purely economic metrics).

Sclavounos and Tracy [45] claimed the nacelle motion to be a critical performance

measure. In this work, the standard deviation of the nacelle acceleration was expressed

as an integral of the response spectrum (Equation 2.8):

σ2
ζ̈
=

∫ ∞

0
(RAOζ̈(ω))

2S(ω)dω (2.8)

The authors argued that an excessive nacelle acceleration causes degradation of tur-

bine performance and damage to the equipment. This metric was also considered impor-

tant in [6,48,90], for slightly different reasons: large platform motions were thought to

reduce the turbine lifetime, induce higher flapwise bending moments, and reduce energy

production. Rohrer et al. [56] used nacelle acceleration as an objective to demonstrate

the ability of the developed TLP optimisation framework to consider wave loading and
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Response alongside the constraints related to wind loading and response. The popular

belief that the nacelle acceleration is of uttermost importance in FOWT design was

challenged by Nejad [99], who found there that there is no correlation between the

tower-top acceleration and drivetrain responses. The study also concluded that the

tower top acceleration does not affect the rotor torque (and so the power produced) in

any significant way, as long as the pitch control system remains intact (similar conclu-

sion can be seen for example in [100]). Finally, although the fatigue life was found to

be the dominating parameter for the main bearings, it turned out not to be influenced

by axial nacelle acceleration. These findings were applied by a relatively recent (2020)

study by Hegseth et al. [51], who decided to discard this objective from their study.

Sclavounos and Tracy [45] demonstrated a multi-objective approach in which they

aimed to minimise the nacelle acceleration, simultaneously minimising the mooring

lines tension. A trade-off between these two objectives was exposed, showing that the

minimum-tension designs (i.e., designs with catenary lines) were characterised by an

increased nacelle acceleration. Myhr and Nygaard [47] aimed to minimise the force

value in the mooring lines as well as their weight using a TD approach. Pillai et

al. [89] performed an optimisation to investigate the trade-offs between the mooring

system cumulative lifetime fatigue damage and its cost. Since mooring lines tension

significantly influences both the dynamic behaviour of a wind turbine and the capital

cost, the attention it receives in support structure optimisation studies is justifiable.

A different objective was considered in the study of Hegseth et al. [51], where

the rotor speed standard deviation (σϕ̇) was used as a proxy for power quality. For

a given blade pitch angle, there is one optimum tip-speed ratio at which a turbine

extracts the power from the wind most efficiently, i.e., at the highest coefficient of

power (this can be seen in Figure 2.7). Therefore, for best performance, the ratio of

the rotor speed to the wind speed should be kept at exactly this value (all else fixed).

Large variations in the rotor speed at a constant wind speed result in suboptimal

operation. Additionally, variations in the mechanical speed of the rotor (and hence

the generator speed) necessitate the voltage and primary frequency control (to meet

the grid connection requirements), which result in major power losses [101]. The need
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to minimise the rotor speed variation was emphasised by numerous studies on control

strategies, including [102].

Lemmer et al. [49] optimised a semisubmersible FOWT support structure with a

unique objective of tower top displacement. The authors compared the results of two

optimisations, one aiming to minimise the displacement on its own and the other aiming

to minimise the displacement and LCOE, and demonstrated the trade-off between the

two objectives. The first optimisation’s optimal design had relatively high mass, result-

ing in low motions and low tower top displacement. The second, more comprehensive

optimisation yielded a more cost-effective design but higher displacements.

The objectives considered in FOWT MDAO studies are sumamries in Table 2.4.

Table 2.4: Objective functions proposed in FOWT design and optimisation studies.

Objective cat-
egory

Objective function Optimisation study Ref.

Economic
objectives

LCOE Abbas et al., 2024 [59]

Structural mass Hall et al., 2013 [6]

Structural and manufacturing cost Lemmer et al., 2017 [49]

Hegseth et al., 2020 [51]

Displacement volume Tracy, 2007 [73]

Motion &
performance
objectives

Nacelle acceleration Sclavounos and Tracy, 2008 [45]

Hall et al., 2013 [6]

Rotor speed standard deviation Hegseth et al., 2020 [51]

Tower-top displacement Lemmer et al., 2017 [49]

Mooring-
related
objectives

Mooring line tension Sclavounos and Tracy, 2008 [45]

Mooring tension and line weight Myhr and Nygaard, 2012 [47]

Mooring fatigue damage and cost
Pillai et al., 2019 (not
MDAO)

[89]

Multi-
objective

Nacelle acceleration and mooring
tension

Sclavounos and Tracy, 2008 [45]

Tower-top displacement and
LCOE

Lemmer et al., 2017 [49]
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Design constraints

The classification of the criteria as objectives or constraints is not consistent in the

literature, with the same criterion acting as an objective in one study and as a constraint

in another. For instance, the standard deviation of the nacelle acceleration, which was

introduced as an objective in the previous subsection, was used as a constraint instead

in [46,50,93]. Rotor speed variation presented as an objective in [51] was instead used

as a constraint in the later work of these authors [52]. It was observed that control

systems can reduce these fluctuations, however, it is done at a cost of an increased blade

pitch actuator use. Therefore, the control effort was included in the set of constraints

as well. The threshold values for these two constraints were based on scaled values

characteristic for bottom-fixed wind turbines.

Likewise, the mooring line tension was defined as one of the design objectives in [45],

but treated as a constraint in the remaining studies. Karimi et al. [48] applied the

minimum line tension constraint to avoid excessive slack in the taut mooring system,

while Pillai et al. [89], Hegseth et al. [51] and Brommundt et al. [88] set a maximum

tension of the catenary line tension to avoid exceeding the breaking strength of the

chains. The last two studies also constrain the loading on the drag-embedded anchors

to be purely horizontal, to ensure the anchors remain effective, not being designed to

take any vertical loading. The same goal was achieved in a different way by Pillai et

al. [89], who set a limit on the number of line points in contact with the seabed, Dou

et al. [50], who limited the length of the suspended line to be not more than 75% of

the total line length, and Pollini et al. [58], who constrained the vertical component of

the tension at the fairlead to ensure that the mooring lines were never fully suspended.

Rohrer et al. [57] constrained the pretension in the mooring lines to be positive, as

ensured by the buoyancy exceeding the weight of the TLP system.

When the mooring system is subject to optimisation and both the taut and slack

lines are considered, both the minimum and maximum line tension constraints are nec-

essary to eliminate unfeasible configurations. This approach was followed in [73], [57], [46],

and [58]. For instance, Tracy [73] formulated the maximum tension constraint as the

sum of the mean and three times the standard deviation of the tension – representing
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the dynamic component of the tension: (T +3σT )SF < Tmax. Similarly, the minimum

line tension was formulated as (T − 3σT )SF ≥ 0 – an easily applicable approach in

frequency-domain frameworks.

A particularly useful constraint, which can be assessed early in the analysis pro-

cess, is the avoidance of the resonance of the rigid body modes of oscillation with the

environmental exciting loads. The full FOWT system must be designed in such a way

that none of the important natural frequencies overlap with the most energetic range of

exciting frequencies. Here, the wind spectrum, wave spectrum, rotor and blade passing

frequencies (1P and 3P) are to be considered, as illustrated in Figure 2.5 for a 15MW

reference turbine [9].

Figure 2.5: Example frequency map for the IEA Wind 15MW reference rotor adapted
from [7]. Red curve - Kaimal wind spectrum, blue curves - JONSWAP wave spectrum
for a range of sea states. Dark shading for the main range, light shading for the safety
margins of ±2 standard deviations.

The intention behind this constraint is to avoid excessive motions in resonance

conditions. Often, this type of constraint is formulated more stringently by applying

an additional 5-15% safety margin to account for the rotor speed variability and to

ensure none of the system’s important natural frequencies is near these ranges (as

shown by the lightly-shaded regions in Figure 2.5). For instance, Myhr et al. [47] only

discouraged the frequencies in the 1P and 3P ranges, while Ashuri et al. [94] considered

wider near-resonant regions (i.e., 1.9P – 2.1P and 2.9P – 3.1P). Pollini et al. [58] applied

an inequality constraint to limit the surge and pitch motion and the tower frequencies,
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with an additional margin of 15%.

The excitation loads on a FOWT from wind and waves are characterised by the

site-specific probability of occurrence of environmental conditions, along with the cor-

responding power spectral density of these loads. For instance, a site can be described

by a probability distribution of mean wind speeds, where each mean wind speed cor-

responds to a specific power content (in general, higher wind speeds result in higher

energy being transmitted to the FOWT system, subject to the control strategy). Sim-

ilarly, FOWTs experience a range of sea states over their lifetime, each with its own

probability and power content. Environmental conditions that are more likely to occur

and/or carry higher power content pose a greater risk to FOWTs, as they can lead to

more severe motions and structural loads. However, probabilistic formulation of the

natural frequency constraints has not been demonstrated in FOWT literature to the

best of the author’s knowledge.

In addition to the rigid motion modes, the resonance of flexible modes (e.g., tower

fore-aft and side-to-side, blade flapwise and edgewise natural frequencies) with the

exciting frequencies (such as wind, waves, 1P, and 3P) should be considered to avoid

excessive structural loads. This has been addressed in several studies. For instance,

Myhr et al. [13] utilised a nonlinear finite element method (FEM) to model 12 DOFs in

the optimisation of a Tension Leg Buoy (TLB) platform. Dou et al. [50] and Hegseth et

al. [51] considered the first tower fore-aft mode in their spar-type FOWT optimisation

studies, solving the eigenvalue problem to obtain the natural frequencies. Both studies

found that the optimisation shifted the tower mode above the 3P forcing region (i.e.,

to the stiff-stiff region). However, the methods for achieving this differed: the first

study modified the floater and mooring system, while the second adjusted the tower

design. Abbas et al. [59] constrained the tower’s first fore-aft frequency to be in the

stiff-stiff range to avoid complex control behaviour. Pollini et al. [58] further explored

the optimisation of both soft–stiff and stiff-stiff tower configurations, concluding that

the specific target range of tower natural frequencies significantly impacts the optimal

floating platform design and the overall cost of the system. This highlights the close

coupling between floater and tower design and the requirement for their co-design.
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In the case of spar platforms, it is also important to consider the Mathieu instabil-

ity. This instability arises when the heave natural period is a multiple of half of the

pitch natural period (12 , 1,
3
2 , 2, ...), leading to internal resonance and causing the pitch

motions to become unstable [103]. Although the probability of this instability occur-

ring is low, it remains a critical design consideration because, when it does occur, the

consequences can be severe [104]. While this constraint can be design-driving, it has

often been overlooked in the literature. One notable exception is the work of Hegseth

et al. [51], who placed a constraint on the ratio between the heave and pitch natural pe-

riods. This constraint can be evaluated inexpensively using linear FD models, without

directly modeling the nonlinear effects of the instability.

The structural constraints included the tower buckling [57,59], von Mises stress [59],

as well as the fatigue damage in the steel structures of tower or floating platform [51–

54, 57–59] and mooring lines [46]. Note that while the inclusion of the tower fatigue

became standard practice, only one FOWT MDAO study included fatigue of the moor-

ing lines as a constraint. Accurate estimation of the mooring loads for fatigue analysis

considering combined wind and wave loads is non-trivial and typically requires nonlin-

ear dynamic models, which are not commonly applied in highly iterative optimisation

studies. However, the dynamic motion of the floating system resulting from the os-

cillatory environmental loads can lead to increased fatigue damage accumulation in

both steel support structures and mooring lines as compared to the bottom fixed coun-

terparts [105, 106]. Depending on the floating platform concept, the fatigue damage

equivalent loads can be as much as 2.5-7 times higher than for land-based wind tur-

bines [24]. As shown in [54], fatigue may be a design-driving constraint along the entire

length of the tower and in the wave zone of the platform. Similarly, catenary mooring

lines are prone to fatigue, being affected by the simultaneous presence of low and wave-

frequency load and stress components [107]. In fact, the DNV-OS-J103 standard [108]

states that the design life of a mooring line will often be shorter than the design life

of the floating structure and the wind turbine, suggesting that the replacement of the

mooring line during the design life of the floating system might be inevitable. There-

fore, it seems worthwhile to include fatigue of both the tower and the mooring lines in
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the design problem formulation.

Other constraints applied in FOWT support structure multidisciplinary optimisa-

tion studies include towing stability [58], static surge and pitch of the floating plat-

form [55, 57, 58], the sum of the static and dynamic pitch motion evaluated in the

maximum thrust condition [6, 48, 93], the standard deviation of the free surface eleva-

tion to avoid slamming and green water [73, 93], maximum platform motion to avoid

breaking the power cable [88] or maximum cable tension [46], centre of gravity rela-

tive to the centre of buoyancy to preserve the gravity-stabilised type of the support

structure [58], rotor over-speed [59]

Table 2.5 lists the constraint values assumed in FOWT optimisation studies. It is

important to note that some level of ambiguity arises in setting these limits. Most pub-

lished FOWT optimisation studies constrain motion parameters (displacements and

accelerations) rather than directly constraining the resulting structural loads. For

example, studies limit the maximum surge offset to protect the power export cable,

rather than directly limiting the cable’s structural load. Setting these motion-based

limits arbitrarily can lead to overly conservative designs. In contrast, directly address-

ing structural loads offers the potential to reduce system costs while maintaining safety

and performance.

2.2.2 Unconventional metric: instantaneous centre of rotation

The dynamic behaviour of FOWTs presents significant complexity due to the diverse

range of coupled loads they encounter in an offshore environment. The distinctly dis-

tributed inertial, hydrostatic, mooring, and aero- and hydrodynamic loads are influ-

enced by varying combined wind, wave, and current impacts. It is therefore of interest to

formulate a compact metric that encapsulates the system’s overall dynamic behaviour.

The instantaneous centre of rotation (ICR) could potentially serve as such a metric, as

discussed in the following.
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Table 2.5: Operational conditions constraint values proposed in FOWT design and
optimisation studies.

Constraint Units Limit Optimisation study Reference

Max static pitch angle ◦ 10 Hall et al., 2013 [6]
10 Karimi et al., 2017 [48]
5 DNV-RP-0286

Max static +
dynamic pitch angle

◦ 10 Tracy, 2007 [73]
10 Hall et al., 2013 [6]
10 Karimi et al., 2017 [48]
9 Fylling et al., 2011 [46]
15 Hegseth et al., 2021 [54]
10 Dou et al., 2020 [50]
10 Gilloteaux et al., 2014 [93]
5 COREWIND [109]
7 NORCE [25]
10 DNV-RP-0286 [10]

Max dynamic
pitch angle

◦ 1 COREWIND [109]

Max RNA acceleration m s−2 2.6 Fylling et al., 2011 [46]
2.0 Dou et al., 2020 [50]
1.0 Karimi et al., 2017 [48]
5.0 Gilloteaux et al., 2014 [93]
1.85 COREWIND [109]
2.94 NORCE [25]
2.94 DNV-RP-0286 [10]

Max horizontal offset % of
depth

15 Fylling et al., 2011 [46]
10 Hegseth et al., 2020 [51]
15 Dou et al., 2020 [50]
15 COREWIND [109]

Min line tension (TLP) kN 0 Tracy, 2007 [73]
0 Hall et al., 2013 [6]
1000 Myhr et al., 2012 [47]
728 Fylling et al., 2011 [46]
0 Karimi et al., 2017 [48]

The concept and misconceptions

When a FOWT undergoes general plane motion, one can identify a point, known as

the instantaneous centre of rotation (ICR), where the velocity is zero at a given mo-
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ment [110]. This point is not necessarily located within the physical boundaries of the

FOWT (and may even lie outside the finite physical domain; for example, pure trans-

lational motion corresponds to an ICR at infinity) and is highly dynamic, shifting in

response to changing environmental loads and the resulting platform motions. Accu-

rate identification of the ICR and its statistics can offer valuable insights for optimising

motion reduction strategies and enhancing the FOWT’s performance and structural

robustness.1

By strategically modifying design elements to influence the position of the ICR,

dynamic motions at critical locations can be minimised. For example, aligning the

fairleads with the ICR could limit the dynamic part of the motion, which does not con-

tribute to useful restoring but does contribute to fatigue damage of the mooring lines.

Similarly, positioning the ICR near the rotor-nacelle assembly (RNA) could decrease

the rotor and nacelle motion, reducing aerodynamic load fluctuations and mitigating

fatigue throughout the system, as well as reducing human exposure to motion, improv-

ing the safety of the onsite maintenance operations. Lastly, the center of rotation (CR)

does not always align with the centroid of the waterplane area (centre of flotation) [111],

except in cases of small quasi-static rotations with no dynamic forces on the floating

body. As a result, points at different distances from the CR experience different ver-

tical displacement amplitudes, meaning that — even for a geometrically symmetrical

structure — opposite sides of the platform undergo unequal vertical motions during

pitching [112]. This spatial variation in response may inform the design of damping

plates for semisubmersible platforms, allowing optimisation to leverage the resulting

load imbalances.

Despite the potential benefits, the ICR of FOWTs has received very little consider-

ation in the floating offshore wind community. The majority of the literature focuses

on static or quasi-static scenarios, with the assumption of small motions around an

equilibrium position and a fixed centre of rotation. Wen et al. [113] studied the effect

1Note that identification of ICR is not strictly required to compute the responses with fully-coupled
aero–hydro–servo–elastic nonlinear time domain dynamic solvers, in which case the physics of the
problem (distributed loads) drive the ICR, and not vice versa. The knowledge of ICR is useful for
lower-fidelity numerical models that make assumptions about the centre of rotation (CR), as well as to
understand the FOWT coupled motion patterns.
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of the combined surge and pitch motion of a spar-supported WT on the effective rotor

velocities, assuming the pitch centre to be constant in space and time; the exact po-

sition has not been reported. Tran et al. [114] and Liu et al. [29] studied the coupled

dynamics of FOWT using Computational Fluid Dynamics approaches. Tran et al. [114]

assumed a fixed centre of rotation at 90m below the hub centre, noticing, however, that

for different foundation concepts, this assumption might not hold. Liu et al. [29] (and

Johlas et al. [115]) assumed the system rotated about an axis through the centre of

mass. Kelberlau [116], on the other hand, assumed the CR of a semisubmersible floater

to be located at the midpoint between the centre of gravity and the centre of buoyancy.

Although these assumptions allowed significant progress in understanding the re-

sponses of FOWT and led to the development of useful analysis and design tools, the

field still lacks an appreciation of the unsteady behaviour of these structures. The

literature often refers to the centre of rotation: a single point (or axis) about which

the system is assumed to rotate. While such a point can indeed be defined at a par-

ticular instant in time, for example, at an instant when the platform is in equilibrium,

this gives no insight into the platform motion patterns during the motion. To the

best of the author’s knowledge, no methods to study and describe the highly complex

time-dependent rotational motion of the FOWTs have been developed up to date.

ICR in other fields

Early studies on the centre of rotation of floating structures were conducted by Steward

et al. [117] and Standing et al. [118], focusing on barge vessels. Both authors noted

significant oscillations in the centre of rotation, with Standing observing that the point

“tends to wander wildly” in irregular waves. This work challenged the assumption

that the centre of rotation is aligned with the centre of gravity, and highlighted the

importance of hydrodynamic loads. Haslum et al. [104] further examined the centre

of rotation in a spar platform undergoing surge-pitch motion, revealing its sensitivity

to oscillation frequency and fairlead location. Souza et al. [119] introduced an exper-

imental method to determine the ICR using velocity vectors from two probes on the

floating body. Fernandes et al. [111] and Costa et al. [120] built on the previous work by
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analysing a floating production storage and offloading (FPSO) vessel in regular waves,

showing that the ICR locus (a curve formed by all ICR points) is a straight line that

does not align with the vessel’s symmetry and varies with wave frequency. At very low

frequencies, the ICR exhibited a behaviour akin to pure translation, approaching an

infinite distance above the body. Costa et al [121] found that the ICR coordinates of

a moored vessel in regular head waves, free to move in surge, heave, and pitch, closely

follow a Cauchy distribution. In subsequent work [122], the authors expanded their

investigation to oblique seas and six DOFs, further reaffirming the ICR’s dependence

on external loading frequency.

ICR in FOWT field

Despite its relevance, the ICR has not been a focal point of FOWT studies. A few

examples include the work by Eliassen et al. [123], which was the first attempt to

investigate the centre of rotation of a FOWT without presupposing its location, and

the study by Kaptan et al. [124], which examined the influence of wave frequency on

the centre of rotation for two different floating concepts. Eliassen et al. [123] calculated

the z-coordinate of the centre of rotation based on the mass, added mass, and stiffness

properties through the ratio of two eigenmodes. Kaptan et al. [124] identified a point

where the total horizontal motion with contributions from the surge and pitch motions is

zero. Following the observation that the z coordinate of such a point satisfies η1+zη5 =

0,2 the CR was obtained based on the ratio of the complex transfer functions between

the surge and pitch motions and the wave amplitude. Almost no dependence on the

wave frequency for the spar platform and a significant, non-monotonic dependence for

the semisubmersible platforms were indicated. Similarly, Lemmer et al. [53] considered

the centre of rotation to be the point where the surge and pitch response amplitude

operators combine to produce near-zero motion. The authors utilised taut mooring

semisubmersible designs to ensure that the system rotates about the hub, thereby

achieving preferable dynamic response characteristics, improved power quality, and

2That is, a combination of pure translation η1 and the translation due to the rotation η5 of the
system’s origin around the centre of rotation, should be equal to zero
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reduced tower base loads. While the location of the centre of rotation was determined

through frequency domain analysis, its instantaneous nature was not taken into account.

2.2.3 Design problem solution methods

The design process for floating wind turbines (FOWTs) is typically constrained by

strict budgets and timelines, necessitating efficient design approaches (Korch, 2024).

As a result, a significant volume of research has focused on improving FOWT design

methodologies. This section investigates the FOWT design approaches presented in the

literature, and then zooms in on optimisation approaches, focusing on the optimisation

algorithms and derivatives computation.

Design approaches

The literature reveals a shift from sequential design processes, through simple para-

metric design searches and optimisation of individual components, to more holistic

parametric design studies formulated as optimisation problems, and integrated opti-

misation approaches. As the size and complexity of the problem increase (e.g., more

design variables and constraints), parametric studies are less likely to identify glob-

ally optimal solutions, making advanced optimisation algorithms increasingly useful.

Despite this, parametric sizing studies are still commonly performed, either within a

limited design space (narrowly bounded design variables) or with a strong emphasis on

the efficiency of analysis models.

For example, Souza et al. [125] conducted a parametric design and structural anal-

ysis of three 20MW spar-type FOWTs, adapting an initial floating platform design

previously optimised for a different rotor, along with a previously optimised land-based

tower. The floating platform designs were modified to satisfy requirements for draft,

floatability, static pitch angle, metacentric height, and system natural frequencies. The

tower design aimed to achieve natural frequencies in the stiff-stiff region (with frequen-

cies larger than the blade passing frequency), a design approach found feasible in other

FOWT optimisation studies. A time-domain, nonlinear aero-hydro-servo-elastic model

was used to assess sectional fatigue damage, extreme motions, and axial stresses.
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Pan et al. (2024) proposed an integrated design methodology for shared mooring

systems for FOWTs, which begins with an initial parametric study of individual moor-

ing systems under constant thrust conditions, followed by an array-level investigation of

the impact of shared mooring designs on the performance of the floating system under

different environmental conditions. Although both studies were framed as optimisation

problems, with the design variables, objectives and constraints defined, neither applies

a formal optimisation algorithm, instead relying on a design space search and selection

approach to identify the most cost-effective configurations that satisfy various design

constraints.

The recent (2024) report from IEA Task 49 [25] proposes a two-stage floating wind

farm design process: i) design of the individual components (e.g., mooring lines, dy-

namic cables), and ii) integration of these components into a wind farm layout, followed

by adjustments for array-level considerations. This top-down approach begins with the

sequential design of subsystems and their integration, followed by an iterative process of

refining both high- and low-level details of the wind farm design. During the component

selection phase, system-level constraints are already taken into account—component de-

signs are considered “forward-looking” in terms of their expected performance when in-

tegrated into an array situation. Importantly, the authors propose a common language

for discussing the integrated design of FOWTs, using the nomenclature of an optimisa-

tion problem, including design variables, objectives, and constraints. The method for

solving the design problem is not specified, as this problem formulation is suitable for

one-off designs, parametric studies, and formal design optimisations.

If the design problem is to be solved by an optimisation algorithm, the selection of

such algorithm is governed by the consideration of the type of optimisation problem at

hand, the search goal, and the search method.

Optimisation algorithms

Like the majority of engineering problems, FOWT optimisation problems can be cate-

gorised as linearly or nonlinearly constrained problems, therefore requiring optimisation

algorithms that can handle constraints. In some studies, the constraints are included
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Figure 2.6: Cumulative Multi-Niching Genetic Algorithm (CMNGA) 2D design space
exploration – multiple local maxima can be seen. Retrieved from [8]

by introducing penalty functions3, so that the use of unconstrained minimisation tech-

niques can also be made (e.g., [47]).

The search goal defines the goal of the optimisation – whether the global or local

optimum/optima are sought. Hall et al. [6] studied a wide range of designs spanning

diverse platform and mooring system topologies. Therefore, an insight into multiple

local extrema (related to different classes of platforms) was essential (an algorithm that

can converge to multiple locally optimal configurations simultaneously is very powerful

at the initial design stages, where the general characteristics of the design space are

studied). The robust Cumulative Multi-Niching Genetic Algorithm (CMNGA) [8] pre-

viously developed by the main author was utilised. Its distinctive feature is the ability

to preserve the entire population during the entire optimisation process, adding new

individuals to the population after each single objective evaluation, never discarding

any information. The same algorithm was applied by Benifla and Adam [126] in the

FOWT support structure optimisation study. The authors concluded that the CMNGA

algorithm took fewer fitness function evaluations and therefore needed less computation

time than the standard Genetic Algorithm. An example of design space visualisation

of the CMNGA is shown in Figure 2.6.

When working with FOWTs, even if a single class of platforms is considered (e.g.,

a spar), the design space is likely to be multimodal (containing multiple local optima).

3The objective and constraint violations are combined into one metric
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However, since global optimisation generally leads to a significantly increased compu-

tational effort, most studies conduct local search instead, leading to less expensive, but

still useful, solutions. For instance, Myhr et al. [47] employed the Bound Optimisation

by Quadratic Approximation (BOBYQA) algorithm to search for locally optimal taut

mooring configurations. This trust-region method4, partly depending on the approxi-

mation of the objective function, was found to be particularly beneficial in nonlinear,

nonconvex problems, with noisy objectives [127]. Therefore, such algorithms can be

successfully applied to a problem where the objectives depend on stochastic inputs.

Researchers at the University of Stuttgart [128] and Lemmer et al. [49] used one of

the Pattern Search methods. Like for all methods within the direct search optimisation

family, the search is only performed in the close vicinity of a starting point, therefore,

the results are strongly dependent on the choice of the initial set of variables [80]. For

this reason, the local approaches are often complemented by the so-called multi-start

strategy, where the optimisation is repeated considering different initial design points

(e.g., [51]).

If precision is not of utmost importance, the brute force (or “exhaustive search”)

method may be useful. Although it is not the most efficient search method, implemented

in the correct way may aid concept-level studies, similar to parametric studies. Brute

force optimisation of FOWT support structure was first presented by Sclavounos et

al. [45], whose study of a wide range of cylindrical platforms paved the way for the

subsequent increasingly complex studies. This optimisation approach has also been

applied in [53], following a careful selection of just two free variables, and defining their

upper and lower bounds to ensure that the design space was Cartesian (i.e., the ranges

of variables do not depend on the values of the other variables).

Derivatives computation

The last consideration is the search method, which refers to the way the optimiser

moves from one to the next improved design point. Over the years 2008-2024, studies

4Trust-region methods iteratively optimise by approximating the objective within a localised ”trust”
region and solving a subproblem there, unlike line search methods that move along a direction and select
a step length to reduce the objective.
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on MDAO of FOWTs have shown a shift towards gradient-based approaches, which have

become dominant in the literature since 2020. Prior to this period, stochastic methods

were more commonly used. This was mainly driven by the fact that the sensitivity

information is not always readily available, and the use of numerical approximation

methods (e.g., finite difference) may significantly increase the computation time. The

stochastic algorithms applied in FOWT optimisation projects included the previously

mentioned BOBYQA, CMN GA and Pattern Search, as well as different versions of the

Genetic Algorithm (GA) (e.g., [48]). A comparison of a few derivative-free methods

(Pattern Search, Particle Swarm, GA, and Simulated Annealing) in terms of their ac-

curacy and efficiency was performed in [128], showing that the Pattern Search generally

requires fewer function evaluations than the other gradient-free methods considered.

Recent (2024-2025) developments in the differentiable boundary element method [129,

130] have significant potential to enable efficient computation of system derivatives in

optimisation frameworks that adopt the potential flow solution.

In fact, the gradient-based methods are now preferred due to their higher efficiency,

enabling optimisation with respect to a larger number of design variables. For smooth,

unimodal and well-behaved problems, these methods outperform the derivative-free

techniques in terms of convergence rates [80]. In fact, gradient-based studies tend to in-

corporate more subsystems into the problem formulation, as discussed in Section 2.2.1.

Within the gradient-based approaches, almost all studies have relied on analytical

derivatives facilitated by the differentiable analysis methods employed. These methods,

particularly adjoint-based methods, are highly efficient for computing total derivatives.

Adjoint methods offer accuracy superior to numerical approximations, such as finite

differences or the complex step method, and provide significant improvements in op-

timisation convergence rates [131]. The computational cost of these methods scales

linearly with the number of design objectives and constraints, but remains indepen-

dent of the number of design variables [132], making them more scalable than the

alternative analytical approaches such as direct method [50]. This efficiency enables

faster convergence and allows for more complex optimisation problems to be tackled.

Up to 2020, optimisation of FOWTs was typically only carried out with respect to a
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few design variables. More recent studies utilising the adjoint method show more flex-

ibility, for example, Hegseth et al. [51] optimised a spar-type FOWT using 80 design

variables, and Rohrer et al. [56] optimised 36 variables of the main column and tower

of a TLP turbine.

In FOWT optimisation studies, the methods using Sequential Quadratic Program-

ming (SQP) are the most common, as this family of methods can handle any degree

of nonlinearity. Dou et al. [50] used the gradient-based SQP algorithm implemented in

MATLAB Optimisation Toolbox, together with the analytical sensitivities of the mass,

damping and stiffness matrices and the equation of motion. Hegseth et al. [51,52] used

the SNOPT (Sparse Nonlinear OPTimiser) algorithm with analytical partial derivatives

and total derivatives obtained by the adjoint method [131].

In contrast to the efficient analytical methods, numerical approaches such as finite

difference involve calculating partial derivatives of the objective or constraint functions

with respect to each design variable and propagating them through the system using

the chain rule, which accounts for how each design variable affects the objective (or

constraint), both directly and indirectly through intermediate variables. While direct

methods can be computationally expensive, they are simpler to implement and do not

require the model to be differentiable. However, they scale poorly with the number of

design variables, making them less efficient for large-scale problems. These methods

are, therefore, not frequently applied in MDAO studies. One exception is the study of

Fylling et al. [46], who performed optimisation of 6 variables of the platform, mooring

system, and power cable using two-sided finite difference approximations. Although the

presented strategy was feasible for improving the design, the authors showed that low

accuracy of the numerical partial derivatives might lead to poor convergence behaviour

of an optimiser.

It is noteworthy that the gradient accuracy is critical for the success of these meth-

ods. Therefore, if the derivatives cannot be evaluated analytically, one of the stochastic

optimisation algorithms is usually preferred.
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2.3 FOWT numerical analysis approaches

Optimising a complex FOWT system requires analysis methods that are both accurate

and efficient, to capture the relevant physics without relying on overly conservative

assumptions, thereby enabling more economical designs (Korch, 2024). This section

reviews the literature on numerical analysis approaches for FOWTs in MDAO studies,

discussing their strengths, limitations and application examples.

2.3.1 Overview of modelling approaches

The literature on FOWT modelling reveals a broad spectrum of tools and techniques,

spanning a range of fidelity levels, from high-fidelity computationally demanding time-

domain (TD) models to low-fidelity efficient frequency-domain (FD) models. The choice

of model depends on the trade-off between accuracy and computational efficiency, as

detailed in the following.

Time domain (TD) models TD models include industry-standard software such as

OrcaFlex, Sima, and Bladed, and open-source codes such as OpenFAST [133], which can

perform fully coupled dynamic nonlinear analyses of the entire floating system. They

account for complex interactions between aerodynamic, hydrodynamic, and structural

loads and control system under various operating and extreme conditions, including

the prediction of the transient responses and nonlinear load-displacement relation-

ships [134].

Despite their extensive capabilities and high accuracy, there are multiple challenges

in applying them during the conceptual design. Proprietary TD tools often lack I/O

interfaces for integration into broader analysis and optimisation frameworks. Due to

the high computational effort, TD models are also impractical in the exploration of a

broad design space in the early design phases, as they typically require a wall-clock

time of the same order of magnitude (or one order of magnitude less) as the simulated

time: for a 103 seconds simulation, around 102–103 seconds wall-clock time is required

by an average desktop station. While this is not a problem when analysing a single

design, it becomes a significant obstacle when analysing thousands of candidate designs
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across multiple load cases and random realisations for optimisation purposes.

Even state-of-the-art TD analysis models still face challenges in accurately pre-

dicting the response of floating platforms under certain environmental conditions. For

instance, mid-fidelity solvers have been shown to underpredict the nonlinear responses

of semisubmersible platforms in the low-frequency range [135], even if 2nd-order kine-

matics and hydrodynamic loads are modelled. The development and validation of

high-fidelity tools, such as Computational Fluid Dynamics (CFD) routines, and their

application to FOWT analysis problems are currently a focus of intensive research

(e.g., [136]).

TD models are typically used during the preliminary and detailed design phases to

address specific design questions, building on the insights gained in earlier stages. How-

ever, it has been argued that to make more accurate design decisions at the conceptual

stage, and thereby reduce costs in later stages, it is crucial to increase the fidelity of

analysis from the outset [22]. In line with this, several FOWT MDAO studies applied

TD methods in design optimisation, adopting various strategies to reduce computa-

tional costs. Advancements in computational capabilities, as well as the use of parallel

and cloud computing, have enabled the application of full TD methods in the FOWT

conceptual design stage – an example will be given later in this section.

Frequency-domain models FD approaches offer a more efficient alternative for con-

ceptual design, where rapid evaluations are necessary. The flexible, robust, linearised

FD models dominate optimisation studies due to their ability to balance accuracy with

computational efficiency. They can be used to analyse the linear steady-state response

of FOWTs to periodic excitations (e.g., wave and wind forces).

While the FD approaches provide valuable information about the initial design

performance, they cannot always be justifiably applied. In operational conditions,

especially near rated wind speeds or in extreme environments, nonlinearity of the aero-

dynamic, hydrodynamic, and mooring loads is non-negligible [137–139], requiring a

nonlinear TD solution [139]. Moreover, these methods cannot model transient dynamic

effects, such as those experienced in accidental scenarios.

56



Chapter 2. Literature review

To mitigate these limitations, research has focused on developing extended FD mod-

els (or “spectral-domain models” [140]) that aim to derive linear approximations of se-

lected nonlinear effects. Such approaches typically retain the computational efficiency of

frequency-domain formulations while incorporating nonlinear behaviour through meth-

ods such as equivalent, stochastic or statistical linearisation techniques, or iterative

solution procedures in which linearised coefficients are updated based on the response

spectrum. Unlike classical linear FD formulations, these methods may therefore require

an iterative solution for a given environmental spectrum. The accuracy of these models

depends on the accuracy of the linearisation of the true nonlinear behaviour [138].

FD models are often employed in the early stages of FOWT design to explore a

wide design space quickly and without the computational burden of TD simulations.

They provide valuable insights into system performance but may require more detailed

analysis later in the design process.

Several comprehensive multidisciplinary optimisation frameworks based on frequency-

domain models have been developed. For instance, Pollini et al. [55] and Ferri et al. [141]

employed coupled aero-hydro-elastic dynamic models by incorporating the relevant ef-

fects into the linear frequency-domain equations of motion. In the framework developed

by Pollini et al. [55], all nonlinear terms were linearised with respect to the undisturbed

floater position, which limited the ability to capture the coupling between the loads and

the platform’s mean position. Ferri et al. [141] addressed this limitation by linearis-

ing the loads around the platform’s steady-state operating point (i.e. the equilibrium

position under the steady wind condition). This was achieved by using the linearisa-

tion functionality of the time-domain code FAST [133] at each step of the optimisation

process. To reduce computational effort, Ferri et al. employed lookup tables for hy-

drodynamic coefficients. However, the lookup process was based solely on the general

dimensions of the platform, assuming an undisturbed underwater shape. As a result,

changes in the platform’s underwater shape at the static equilibrium position could not

be accounted for.
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2.3.2 Time-domain models

As indicated in Tables 2.1 and 2.2, TD models were only applied in a few FOWTMDAO

studies. Myhr et al. [47] aimed to minimise the wave load on a Tension Leg Platform

(TLP) by introducing a space-frame section in the wave-affected zone. Achieving the

required level of accuracy and structural modelling detail necessitated the use of a

FEM method together with a time-domain dynamic analysis capable of representing

the coupled nonlinear system response. Lemmer et al. [49] performed an optimisation

using a reduced-order TD model to study the dynamic behaviour of the turbine coupled

with a control system. In a subsequent study [53], the authors compared experimental

and numerical TD and FD approaches, concluding that the TLP’s response could be

sufficiently predicted with the linearised model for preliminary sizing purposes.

More recently, Abbas et al. [59] (2024) performed a series of optimisations of the

FOWT structure and controller using the control co-design framework WEIS [142],

developed at the National Renewable Energy Laboratory (NREL). The state-of-the-

art, open-source, mid-fidelity TD model OpenFAST [133] was used as the primary

dynamic model that integrates aerodynamics, hydrodynamics, servodynamics, mooring

line dynamics, and structural dynamics into a single, numerically coupled framework.

OpenFAST was supplemented with FEM and boundary element method (BEM) models

for solving the structural and potential hydrodynamic loads. The FEM model was used

to obtain the modal shapes, which were used together with the distributed mass and

stiffness properties and nonlinear loads to compute the stress in the tower structures.

The Reference Open-Source Controller (ROSCO) [143] was optimised together with

the FOWT support structure. The solution of the controller and tower co-optimisation

problem, with 19 variables, took nearly two days on a high-performance computing

(HPC) machine with 97 CPUs—resources that are typically unavailable to most FOWT

developers. Yet, the study co-optimised the controller with either the floating platform,

or the tower, but not both. The simultaneous optimisation of the entire system in the

time domain, which would be significantly more computationally demanding, has yet

to be attempted.
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2.3.3 Frequency-domain models

In this section, the background of the FD approach is given first in the scope necessary

to understand the differences in specific implementations of the approach in different

FOWT optimisation studies.

The formulation of the hydrodynamic model in the frequency-domain frameworks

depends on which physical wave-structure interaction mechanisms are considered sig-

nificant for a given platform configuration and wave regime. Depending on the charac-

teristic dimensions of the platform relative to the wavelength, as well as the importance

of viscous effects, different subsets of these load components may dominate the response

and motivate different modelling approaches.

The Froude–Krylov force results from integrating the undisturbed incident wave

pressure over the wetted surface of the body. This load component depends primarily

on the displaced volume and is present even when the structure does not significantly

disturb the surrounding wave field. In contrast, diffraction forces arise from the scat-

tering of incident waves by the structure and therefore become important when the

characteristic dimensions of the floating members are not negligible relative to the

wavelength. Such effects are particularly relevant for large-volume floaters, including

spar-type platforms with relatively large cylindrical columns. Radiation forces origi-

nate from waves generated by the motion of the floating body itself. These forces are

commonly represented through frequency-dependent added mass and radiation damp-

ing coefficients, which influence the inertia and damping characteristics of the system.

Viscous drag forces arise due to flow separation and viscous effects around the structure

and are typically nonlinear functions of the relative velocity between the fluid and the

moving body. These loads are particularly important for slender structural members

(with a characteristic dimension small relative to the wave height [144]), where they

contribute significantly to hydrodynamic damping.

The complete potential-flow solution captures the combined effects of Froude–

Krylov loading, diffraction and radiation. In practice, this is typically achieved using

boundary element method (BEM) solvers, which require solving one diffraction problem

and n radiation problems for each wave frequency and direction. Despite the relatively
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high computational cost, this approach has been adopted in many FOWT optimisa-

tion studies (for example, in [53] [6]) due to its high physical fidelity. However, the

difficulty in obtaining derivatives of the hydrodynamic coefficients has historically lim-

ited the application of BEM methods primarily to gradient-free stochastic optimisation

approaches.5

For some platform configurations, simplifications to the full radiation–diffraction so-

lution can be introduced. For example, platforms with relatively small waterplane areas

may exhibit added mass coefficients that remain approximately constant across frequen-

cies, while radiation damping effects remain small compared to inertial forces [146]. In

such cases, the added mass may be approximated using analytical two-dimensional co-

efficients and the radiation damping may be neglected. This simplified representation

was employed, for example, by Hegseth et al. [51].

While full diffraction-based solutions provide the highest fidelity among linear hy-

drodynamic models, intermediate approaches may be adopted when diffraction effects

are important but a complete potential-flow solution is computationally undesirable.

One such approach is the MacCamy–Fuchs correction, which modifies the inertial term

in Morison’s equation using analytical diffraction theory for vertical cylinders. This

correction enables partial representation of wave scattering effects while retaining the

relative simplicity of Morison-type formulations. It was applied in spar-type FOWT

optimisation studies, for example in [51].

If the characteristic dimensions of the structure remain sufficiently small relative to

the wavelength, diffraction effects (far-field diffraction/scattering) become negligible,

and the hydrodynamic loading may instead be approximated using Morison’s equation.

In this approach, the total hydrodynamic load is represented as the sum of inertia and

viscous drag contributions. The inertia term accounts for fluid particle acceleration to-

gether with hydrodynamic added mass effects associated with body acceleration, while

the viscous drag term depends on the relative velocity between the fluid and the moving

structure. The relative velocity generally includes contributions from the water particle

5A 2024 study by Rohrer et al. [145] demonstrated a first attempt at differentiating the BEM code,
which may influence this trend in future optimisation frameworks.
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velocity u, current velocity νc and platform motion velocity ξ̇. Full Morison-based for-

mulations have commonly been applied in FOWT optimisation studies, including, for

example, the works of Dou et al. [50] and Myhr et al. [47], where limits on the platform

diameter were imposed to ensure the validity of the slender-body assumption. The

resulting global equation of motion, obtained by summing the contributions evaluated

on individual strips along the structural members, can therefore be expressed as [146]:

Mξ̈ +Bξ̇ + Cξ = cmρ∇u̇− (cm − 1)ρ∇ξ̈ + cd ·
1

2
ρAn|νc + u− ξ̇|(νc + u− ξ̇) (2.9)

where An is the projected area of a submerged structural member per unit length, ρ

is the water density, and cm and cd are the inertia and drag coefficients, respectively,

which depend on the geometry of the floating member.

If viscous effects can be neglected, the drag term on the right-hand side of Equa-

tion 2.9 may be omitted, resulting in a linear equation of motion that can be solved

directly in the frequency domain. Alternatively, viscous drag effects may be retained

within linear frequency-domain formulations through drag linearisation techniques, as

discussed later in this section.

As shown in Tables 2.1 and 2.2, first-order potential-flow BEM methods form the

foundation of most hydrodynamic modelling frameworks used in FOWT optimisation

studies. A gradual progression in modelling fidelity can nevertheless be observed over

time. While the hydrodynamic model in [73], one of the earliest optimisation studies,

relied solely on linear potential-flow theory, more recent frameworks increasingly sup-

plement the first-order radiation–diffraction solution with additional models accounting

for viscous drag effects and, in some cases, second-order wave loading.

For spar-type FOWTs, higher-order wave loads were found to be significantly smaller

than the first-order loads, except in the low-frequency (long wave) range [147, 148], or

even negligible in terms of the rigid body motions [147, 149, 150]. However, for larger-

volume platforms such as semisubmersibles, second-order wave loads may become sig-

nificant and contribute substantially to low-frequency platform motions and mooring

responses. Recent (2023) developments in boundary-element solvers have enabled com-
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putation of not only first- but also second-order hydrodynamic loads [151].6

2.3.4 Simplified time-domain models

One common simplification used to significantly reduce solution time is downselection

of the system’s DOFs. Most of the FOWT studies exclude yaw motion, focusing in-

stead on surge, heave, and pitch. This simplification can leverage the symmetry of the

platform under analysis but limits the scope to in-plane loads and motion responses.

Additionally, most studies neglect the flexible modes, assuming them to be non-critical

at the conceptual design stage. However, eigenfrequency analysis is often still per-

formed to ensure that critical system natural periods do not fall within the energetic

part of the wave spectrum or coincide with the 1P and 3P rotor excitation ranges [47].

Furthermore, TD and FD codes can model load distributions along selected elas-

tic members, such as the blades or tower, using methods like FEM. Within the TD

framework, significant improvements in solution time can be achieved by calculating

structural loads and deflections at discrete nodes (e.g., blade root, tower base) instead.

This simplification is often implemented using a coupled multibody approach (e.g.,

[49]), which reduces the number of DOFs by omitting higher-frequency modes.

Another simplification, outlined in [152], involves solving the cross-sectional (in-

ternal) loads through a global response analysis in the time domain and identification

of the most critical time instances for computing detailed structural responses (e.g.,

using time-domain FEM). The support structure is simplified and modelled as beam

elements. This approach is considered sufficient for early design sizing but has not been

demonstrated in design scenarios in the literature up to date.

An alternative solution presented in [152] involves performing a full-time signal

structural analysis, with the analysis sped up by either scaling up computational power

(using parallel or cloud computing) or reducing the resolution of the structural dis-

cretisation (e.g., using a coarser mesh). While the high cost of this solution might be

justified in the front-end engineering design (FEED) stage for certification purposes, it

6Note that, in general, difference and sum-frequency second-order loads cannot be incorporated
straightforwardly into the first-order frequency-domain formulation, in which the structure responds at
the same frequencies as the incident waves.
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may not be feasible in the conceptual design where a large number of design variants

are analysed within a very short time and the structural details are not yet considered.

Significant reductions in simulation time can also be achieved by avoiding unneces-

sary iterations, recursions, integrations, time domain to frequency domain conversions,

and excessive memory usage [153]. Some of these efficiencies can be realised through

precomputation of aerodynamic coefficients and mooring line forces. For example,

instead of applying the iterative blade element momentum method for aerodynamic

analysis during the optimisation, look-up tables of torque and thrust coefficients can

be precomputed by running a TD simulation for various tip-speed ratios and blade

pitch angles in advance [154]. Similarly, for the mooring system, quasi-static fairlead

forces can be derived by interpolating look-up data based on horizontal and vertical

displacements as inputs [42]. These simplifications were incorporated into the SLOW

code used in the FOWT optimisation study by Lemmer et al. [53], resulting in a high

time-to-wall-clock time ratio of 160 (this ratio is typically at least an order of magnitude

lower for a full nonlinear TD simulation).

2.3.5 Extended frequency-domain models

FOWT support structure multidisciplinary optimisation frameworks most commonly

rely on extended FD analysis models. In these cases, the primary challenge lies in iden-

tifying and evaluating accurate linearised approximations of the nonlinear effects that

are not captured in the simplest FD models. This section focuses on the improvements

to the hydrodynamic, mooring, aerodynamic, elastic, and control submodels.

Hydrodynamic laods

The simplest FD hydrodynamic models typically consider only first-order potential

loads, which are much larger than higher-order loads. However, in realistic sea states,

load interactions at the difference between two frequencies can excite slow-drift mo-

tions, potentially resonating with low natural frequency modes of the floating wind

turbine (FOWT) system, such as surge, and increasing dynamic tension in the mooring

lines [155]. Similarly, load interactions at the sum of the frequencies can excite the
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first tower bending mode [147], significantly influencing fatigue and ultimate loads on

taut-moored FOWTs [156].

The analysis of the platform’s response to these loads in the frequency domain is

challenging due to the need for linearisation, as well as the fact that the combined

first- and second-order wave loads are generally non-Gaussian. Consequently, such

analyses are rarely conducted in FOWT optimisation studies. An exception is the

work by Lemmer et al. [53], where second-order slow-drift forces were found to be

significant for the Triple Spar platform, particularly for low-draft designs. In this study,

first-order potential flow solutions were used to derive second-order wave excitation

quadratic transfer functions (QTFs). To speed up the calculations, Standing’s Newman

approximation was applied, where off-diagonal terms of the QTFs were estimated from

the diagonal terms [60,157]. This approximation was considered sufficiently accurate for

conceptual design and computationally more efficient than the full QTF approach [158].

The second possible extension, which allows for the accurate modelling of the re-

sponse of a much wider range of FOWT platforms across a broader range of envi-

ronmental conditions, is the inclusion of a linearised viscous drag model. While for

many platform geometries and load cases the response may be dominated by iner-

tial loads (e.g., large-volume floaters in short waves), the exploration of large design

spaces requires a universal approach that is valid for all distinct designs, including

those where flow separation effects cannot be neglected. From 2012, FOWT optimisa-

tion studies typically incorporate viscous drag in the dynamic models, using two main

approaches: the drag term from Morison’s equation (e.g., [6]) and a simpler empirical

model (e.g., [128]).

As shown in Equation 2.9, the drag term in Morison’s equation is quadratic with

respect to the relative velocity. Several methods for linearising this term in FD ap-

proaches have been proposed in the literature, with the stochastic linearisation method

by Borgman [159] being the most commonly applied in FOWTmultidisciplinary optimi-

sation studies (e.g., [6]). Assuming the wave surface elevation is a zero-mean Gaussian

random process and that linear wave theory applies, the fluid velocity is also Gaussian.
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This leads to the following expression for the drag load on a thin slice of the platform:

dfd
dL

=
1

2
cdρD

√
8

π
σuu (2.10)

where σu is the standard deviation of the relative velocity, which depends on both

the platform’s response and the water particle velocity. Since the platform response is

needed to calculate the viscous drag, and the drag is an input for response calculations,

an iterative approach is required.

Morison’s drag term can be split into two components: one contributing to damping

(due to platform motion) and the other to excitation (due to wave and current motion).

Often, the excitation component is neglected, assuming the water particle velocity is

small compared to the platform’s velocity under linear wave kinematics (e.g., [48]).

However, in some studies, both components are retained and separately accounted for

in the equation of motion (e.g., [47,53]). The applicability of the simplified approach can

be judged based on the amplitude of motion relative to the size of the structure [160].

Mooring loads

FOWT multidisciplinary optimisation studies based on FD approaches employ vari-

ous methods to model mooring loads. Most commonly, mooring loads are computed

in the time domain and then linearised at each operational point, as seen in studies

such as [46, 48, 50]. This process involves identifying the steady-state (or operational)

point, imposing small displacements of the floating structure around this point, and

calculating the numerical derivatives of the mooring line loads with respect to dis-

placement (the restoring matrix) using finite differencing. Since mooring loads can

be highly nonlinear for large displacements [73], linearisation is typically performed at

each operational point, particularly when accurate computation of the mooring line

loads is critical. However, in studies limited to platform response modelling and design

(e.g., [90]), a simplified approach of linearising around the initial equilibrium position

has often been considered acceptable (without proof). The computation of the moor-

ing stiffness (derivatives) can be done either within the optimisation process or in the
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preprocessing stage and stored as a look-up table. An example of the latter can be seen

in [49].

Alternatively, analytical formulations can be applied, such as the method by Al-

Solihat and Nahon [62], which was used in the FOWT optimisation study by Dou et

al. [50]. In this approach, the mooring stiffness matrix is derived as a function of the

horizontal and vertical projections of the mooring line, the vertical position and radius

of the fairleads, and the horizontal and vertical forces at the fairlead, which are obtained

using a catenary equation.

Another unique solution was proposed by Larsen and Sandvik [161] and later applied

in an optimisation framework by Hegseth et al. [51]. In this method, the mooring lines

are modelled as a single-degree-of-freedom spring-mass-damper system. The inertia is

derived from the quasi-static configuration of the mooring line, while the stiffness is

computed based on the displacement of the line from equilibrium to a point of significant

motion (twice the standard deviation of platform motion). The damping is derived from

the quasi-static configuration of the mooring line using stochastic linearisation of a

variant of Morison’s equation. Unlike most FOWT optimisation studies, this approach

includes both the inertia and damping of the mooring lines in the FD equation of

motion, alongside the mooring stiffness.

Finally, a frequency-domain lumped-mass model has recently (2025) been pro-

posed by Abdelmoteleb and Bachynski-Polić [162]. Unlike the previously mentioned

approaches, this model was able to estimate the wave-frequency dynamic tension com-

ponent, with good agreement with fully nonlinear coupled time-domain simulations

across multiple mooring designs and loading conditions.

Aerodynamic loads

Although the rotor and support structure designs are typically optimised separately [163],

it is crucial to consider aerodynamic loads when optimising the support structure. The

aero-elastic loads from the rotor generate complex, nonlinear, time-dependent forces

and moments on the foundation [164]. While aerodynamic loading is primarily deter-

mined by the rotor design, it is also influenced by the motion of the rotor, which in
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turn depends on the design of the support structure.

Considering the standard frequency-domain equation of motion:

[
−ω2 (M+A(ω)) + iωB(ω) +C

]
ξ(ω) = F(ω) (2.11)

where M, A, B, and C are the 6 × 6 mass, added mass, damping, and hydrostatic

stiffness matrices, ξ is the complex response amplitude vector, and F the excitation

force, the fluctuating aerodynamic loads can be accounted for by incorporating the

contributions of wind excitation (on the fixed structure) on the right-hand side, and

the aerodynamic added mass, damping, and stiffness (related to the motion of the

structure) can be contribute to the terms on the left-hand side. The added mass

represents the additional inertia imparted to the system by the acceleration of air

around the moving rotor-nacelle assembly. Aerodynamic stiffness arises because when

the platform pitches, the orientation of the rotor plane changes relative to the average

wind direction, altering the induction factors and, consequently, the aerodynamic loads.

Aerodynamic damping, on the other hand, accounts for changes in aerodynamic loads

due to variations in the relative wind speed as the platform moves.

Most of the published literature on FOWT optimisation relies on steady-state so-

lutions from the standard BEM approach. Two-dimensional lookup tables for power

and thrust coefficients are created at different tip-speed ratios and blade pitch angles.

Since aerodynamic torque and thrust also depend on the square of the rotor’s effective

relative wind speed, linearisation is required before integrating these results into a FD

framework. This is typically done by expanding the standard thrust and torque for-

mulations using a first-order Taylor series (tangent linearisation) [165]. Abdelmoteleb

and Bachynski-Polić provided a comprehensive comparison of the frequency-domain

aerodynamic models in [166]. In addition, various semi-empirical corrections, such as

those for unsteady inflow, can be applied, as demonstrated in [47].

Hegseth et al. [51] employed a slightly different approach by applying linearised

blade element momentum theory with semi-empirical corrections. Instead of precom-

puting thrust and torque coefficients, the authors directly calculated the normal and
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tangential induction factors for each blade element. The resulting aerodynamic forces

on the rotor (thrust and torque), as well as the blade root loads, were then obtained

by integrating the normal and tangential forces along the blade’s length. These loads

were subsequently linearised using a Taylor series expansion. To compute the partial

derivatives of the loads with respect to wind speed, blade pitch angle, and rotor speed

(gain factors [167])7, numerical perturbations were applied to these inputs, and the

resulting changes in forces were observed. Since the linearisation was performed for

each blade element, detailed information about the load distribution along the blade

was readily accessible.

The method used in [6, 48, 73] involves computing aerodynamic matrices using the

linearisation capabilities of TD software. In these studies, the added mass, stiffness,

and damping coefficients were determined at each wind speed condition at zero pitch

angle. The linearisation assumes that the platform’s pitch motion about the equilib-

rium position is relatively small, and that the blade pitch angle is held fixed at the

value required for the given mean undisturbed wind speed. These loads can either be

computed directly during the optimisation process or precomputed, as was done, for

example, in [55].

Structural dynamics

Up until 2020, most FD models in the reviewed FOWT optimisation studies employed

the rigid body assumption, with structural dynamics rarely included. One early excep-

tion was the rigid multibody system approach used in [49], where an additional DOF

was introduced to account for tower-top fore-aft displacement due to deformation. This

addition allowed for a simplified representation of tower flexibility. A similar method

was applied by Hegseth et al. [51] (referred to as the “generalised displacements ap-

proach”), who noted that this method worked well for the tower but was too simplistic

to accurately capture the blade deflections.

Recent (post 2021) studies present a mix of approaches, with the rigid body assump-

7In control systems, gain factors are numerical values that represent how much an output changes
in response to a change in an input.
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tion still present in some (e.g. [55], [58]), but with a growing dominance of multi-body

or generalised displacement approaches. Notably, two recent studies [57] and [59] in-

troduced high-fidelity FEM models—an approach that had not been seen in FOWT

MDAO studies before 2023, except for the early work of Myhr et al. [47]. In [57],

the FEM model was employed for eigenvalue analysis. The TLP FOWT structure

was represented using three-dimensional Euler-Bernoulli hollow beam elements with

defined mass and stiffness properties. The pontoons, central column, and rotor-nacelle

assembly were connected through rigid links, and point masses were added to represent

ballast and the rotor-nacelle assembly. Linear point stiffnesses were applied to account

for hydrostatic and mooring stiffness.

Control system dynamics

Modern utility-scale horizontal-axis wind turbines (HAWTs) typically employ a variable-

speed, variable-pitch control strategy. As illustrated in Figure 2.7, in low wind speeds,

the rotor speed is adjusted to match changes in wind conditions and maintain the op-

timum tip-speed ratio (TSR), while in above-rated wind speeds, the rotor blades are

pitched to maintain the rated power output and protect the turbine from potential

damage. Incorporating this control strategy into an analysis tool requires the addi-

tion of two extra DOFs: rotor speed and blade pitch angle. However, modelling the

dynamics of a multidisciplinary system, including the control system, can be computa-

tionally demanding and requires considerable effort in implementation. Consequently,

this aspect received limited attention in the early FOWT optimisation literature until

relatively recently (around 2020).

The integration of control system dynamics into FOWT optimisation studies gained

prominence with the work of Lemmer et al. [49], who highlighted its significant impact

on power production performance. In this study, reduced-order nonlinear TD simula-

tions were initially used to determine the system’s steady state. From this steady-state

solution, a linearised model was derived and utilised to design an optimal model-based

Proportional-Integral (PI) controller for each support structure design iteration. The

study implemented the baseline controller of the NREL 5MW reference wind tur-
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Figure 2.7: IEA 15MW) controller regulation trajectory – variable speed variable pitch
strategy. Adapted from [9]

bine [43] for below-rated wind speeds and a Linear Quadratic Regulator (LQR) with

state feedback controller for above-rated wind speeds. The control outputs included

blade pitch angle and generator torque, and the inputs included the states of the lin-

earised model—platform surge, heave, and pitch displacements, tower-top fore-aft dis-

placement, rotor speed, and their derivatives. At the end of each optimisation iteration,

a nonlinear TD code was used to simulate the system response and evaluate the design

objectives. It is important to note that this approach was sequential, with the control

system being tuned independently of the other design variables.

In a 2020 optimisation study by Hegseth et al. [51], the control system was modelled

as a first-order state-space system, with rotor speed as the input and generator torque

and blade pitch angle as the outputs. To prevent high-frequency excitation of the

controller, a low-pass filter was applied. For low wind speeds, generator torque was set

proportional to the square of the rotor speed, while for higher wind speeds, the blade

pitch angle was adjusted using a PI control strategy. The structural and control models

were integrated into a single closed-loop system, which was then transformed into the

frequency domain for response calculation. This approach allowed for a simplified yet

sufficiently accurate coupled analysis of the entire system.

A similar approach was adopted in the later work of Hegseth et al. [52], where four

control strategies were compared. These included a basic gain-scheduled PI controller

and three variations that incorporated additional platform pitch/nacelle velocity feed-
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back and a low-pass filter. The introduction of velocity feedback helped reduce platform

pitch motion and fatigue loads in the tower, while the low-pass filter improved the power

output quality.

In [53], a Single-Input-Single-Output (SISO) PI controller was implemented, with

generator torque and blade pitch as the outputs to the plant, and rotor speed and

tower top displacement as inputs, influenced by wind and wave disturbances. The

system and disturbance transfer functions were derived from a linear model of the

dynamics, similar to the methods in the previously mentioned studies. Additionally,

it was observed that the viscous drag coefficient, which depends on the Keulegan-

Carpenter (KC) number and, consequently, on the relative flow velocity and platform

response, plays a significant role in the tuning of the controller gains. As a result, both

the viscous drag and controller gains were computed iteratively to account for these

interactions.

2.3.6 Multifidelity models

The traditional design approach has evolved into a multi-fidelity framework, where

low-, medium-, and high-fidelity tools are used concurrently to evaluate concepts [18].

One common strategy is to employ models of increasing fidelity at successive stages of

the concept design process. For instance, Hall et al. [168] proposed an approach where

a simplified linearised model is used for wind farm layout optimisation, a quasi-static

analysis for the optimisation of mooring lines, and a TD coupled analysis for deriving

correction factors (dynamic/static load ratios) applied iteratively to the less accurate

models.

While formal multi-fidelity optimisation approaches have not yet been widely ap-

plied to the design of FOWTs, they offer a promising solution. These methods con-

struct approximative or reduced-order models at chosen stages of the optimisation

process to improve computational efficiency. For example, Jasa et al. [169] conducted

a surrogate-based optimisation (SBO) for bottom-fixed wind turbines, using both low-

and high-fidelity models at initial design points to derive correction functions between

the models for each function of interest (objectives and constraints).
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2.3.7 Machine learning models

Although high- and mid-fidelity physics-based models are the most accurate, they are

computationally expensive and thus not ideal (or even feasible) for highly iterative tasks

such as design optimisation. Alternatively, data-driven models offer similar accuracy

to nonlinear dynamic models but at a significantly reduced computational cost.

In a typical supervised-learning setting, a surrogate is trained offline on a database

of input-output pairs generated using higher-fidelity numerical simulations or experi-

ments, 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 evaluations [170, 171]. 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.

The benefits of using surrogate models prior to FOWT optimisation were explored

in [128]. It was observed that, to properly interpret the optimisation results, a compre-

hensive understanding of the overall system behaviour is essential. The surrogate model

served this purpose and was subsequently used to test and evaluate the optimisation

algorithm before applying it with the actual simulation tools. Surrogate models can

also be employed for design space screening (i.e., identifying the most critical design

variables) and uncertainty assessment.

Surrogate models can also serve as inexpensive stand-ins for optimisation studies

(SBO [172]). This approach shifts the computational effort from the optimisation pro-

cess itself to the preprocessing stage. Instead of running time-consuming simulations

during the optimisation, approximate models are evaluated at each iteration, signifi-

cantly reducing computational time. The effectiveness of this approach has been demon-

strated in two frameworks for the optimisation of TLP [173] and semisubmersible [174]

offshore oil and gas (O&G) floating structures. In both cases, the most probable max-

imum heave motion was modelled as a response to five hull shape variables. Artificial

Neural Networks (ANNs) and Radial Basis Function (RBF) models were trained us-

ing approximately 700 samples obtained through FD analysis. Additionally, Pillai et

72



Chapter 2. Literature review

al. [89] applied surrogate-based optimisation to offshore renewable energy mooring sys-

tems. The authors used a Genetic Algorithm as the optimiser, querying Random Forest

regression and classification models to evaluate the design objectives (cumulative fa-

tigue damage and material cost) and assess the satisfaction of constraints (mooring

tension). These models were trained based on OrcaFlex simulation results for various

combinations of mooring parameters and different anticipated sea states.

A similar approach was demonstrated by Li and Choung [175], who trained a mul-

tilayer feedforward ANN to predict wide-banded fatigue damage in catenary mooring

lines of a FOWT. Environmental variables (significant wave height, zero-crossing period,

wave direction, and current speed) served as inputs, while tension range distributions

were the outputs. The trained model showed good agreement with time-domain sim-

ulations, though the authors noted that small inaccuracies in predicted stress ranges

can lead to non-negligible errors in fatigue damage estimates due to the nonlinear re-

lationship.

In the context of FOWT optimisation, Zhang et al. [176] conducted 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. [177] per-

formed FOWT mooring optimisation using a Differential Evolution algorithm, with an

Artificial Neural Network (ANN) model predicting static and dynamic responses (line

forces and platform motions) based on input parameters related to line geometry. Ye

et al. [178] optimised the FOWT mooring system using the NSGA-II algorithm and a

Kriging model, which was trained on results from OpenFAST. As in the previous stud-

ies, the mooring system parameters were input to the model, while platform motions

(which also served as design constraints) were the outputs. Wang et al. [179] 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

using initial static calculations to filter out infeasible samples from the dataset, which
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were then excluded from the training of the surrogate model.

Unlike the other studies, a semisubmersible FOWT optimisation by Bessone et

al. [180] employed a surrogate model for potential hydrodynamic coefficients (rather

than directly modelling the design constraints). In this case, the data-driven re-

placement of the boundary element method code was used within a highly efficient

frequency-domain framework to compute system responses, which were then consid-

ered design constraints. The authors trained an XGBoost model based on results from

the HAMS [181] hydrodynamic solver, implemented with the RAFT code [182]. A sim-

ilar approach was presented by Rohrer et al. [183], where polynomial surrogate models

trained within the OpenMDAO framework were used to predict both the potential co-

efficients and their exact derivatives, thereby enabling gradient-based optimisation of

semisubmersible platforms across multiple geographical locations. Earlier studies by

Rohrer et al. [145] and Coraddu et al. [184] also developed surrogate models for hydro-

dynamic coefficients, although these works did not directly apply the models to design

optimisation.

In fact, an earlier study by Kalimeris et al. [185] investigated surrogate-modelling

strategies for semisubmersible FOWT optimisation, including both “end-to-end” surro-

gate replacement of the full analysis workflow and selective replacement of the computa-

tionally expensive hydrodynamic solver (PyHams) within the RAFT framework. The

authors concluded that the PyHams-surrogate approach achieved a better accuracy,

while the ”end-to-end” approach was more computationally efficient.

All the studies discussed above employed surrogate models to accelerate design

evaluations within stochastic optimisation frameworks. With only two exceptions, these

studies used surrogate models to predict design objectives and constraints, rather than

replacing specific 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. Despite the growing use of data-driven models in FOWT analysis and

design, surrogate models have not yet been applied in multidisciplinary optimisation

approaches.
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2.4 Summary and research gaps

This chapter provided background information and reviewed the literature and best

practices concerning the key building blocks of FOWT optimisation: numerical analy-

sis, design problem formulation, and optimisation algorithms. A particular focus was

placed on MDAO as an emerging methodology for optimising complex coupled engi-

neering systems. Moreover, the concept of ICR was introduced, addressing the common

misconceptions surrounding it. This laid the foundation for a deeper understanding of

the ICR concept and its application in the design process, as will be explored in the

final technical chapter of this thesis.

The literature review highlighted a gap in numerical dynamics modelling, where

optimisation studies typically rely on either reduced-accuracy, fast dynamic models to

cover a broad design space for holistic design optimisation, or higher-accuracy, nonlinear

models focused on the design of specific components. There is a need for a model

that balances sufficient accuracy across a wide design space with low computational

cost and solution time, enabling optimisation with respect to a comprehensive set of

design variables across the entire FOWT system, while adhering to realistic design

constraints. Multifidelity approaches are not yet commonly applied, although first

studies on surrogate-based FOWT optimisation have emerged.8

In that respect, current FOWT data-driven surrogates are primarily used to predict

design objectives and constraints, not the dynamic loads and responses. For example,

they predict mooring line fatigue damage without insight into system motions or moor-

ing tensions. Directly linking design variables to constraints, masking the underlying

dynamics, reduces the interpretability of the analysis. Such models face industry reluc-

tance due to the non-transparent solution and lower confidence in results. Moreover,

these models have so far been trained on datasets specific to particular loading condi-

tions and floating platform/mooring subsystem designs. This limits their generalisabil-

ity and hinders integrated system-level optimisation. No data-driven approaches have

8The WEIS framework, currently under development at NREL [142], enables multifidelity dynamics
modelling within an optimisation context. However, it has only recently been made publicly available
(after many of the methods of this thesis have already been selected/developed).
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been applied in FOWT MDAO studies to date.

While the global dynamic response of FOWTs to environmental loads is relatively

well understood, and numerous models have been developed to represent this behaviour,

the identification and role of the ICR have been largely overlooked. This gap persists

despite the ICR’s potential significance in characterising and interpreting the system’s

complex motions. Misconceptions regarding the location of the ICR remain widespread,

contributing to its continued neglect. A deeper understanding of the ICR under realistic

operational conditions could enable the design of FOWTs that leverage their inherent

floating characteristics, rather than focusing solely on minimising platform motions.

The main gap identified in the formulation of the design problem lies in setting

constraints based on motion response rather than directly addressing the structural ULS

and FLS loads. In particular, the fatigue of mooring lines has been largely overlooked

as a design constraint in FOWT MDAO studies. While this approach may result in

conservative designs, it can also lead to structurally unsafe outcomes, necessitating

costly revisions to the conceptual design once structural checks are performed during

the detailed design stage. Additionally, natural frequency constraints are always set

based on values corresponding to the peak exciting frequencies of environmental factors

(such as wind and waves) and rotor frequencies, with an arbitrarily applied margin. To

date, no approach has been presented that considers the probability of these exciting

frequencies and the energy contained within the relevant frequency bandwidth.

Overall, there is a positive trend away from sequential component-level design and

brute-force optimisation towards integrated system-level optimisation, though chal-

lenges remain. In this context, the research presented in this thesis contributes to

advancing the complexity and realism of FOWT conceptual design optimisation, which

is key to accelerating the design and deployment of economically competitive FOWTs.
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Multidisciplinary design analysis

optimisation framework

This chapter is based on the published paper:

P2 Patryniak K, Collu M, Coraddu A, Multidisciplinary Design Analysis and Opti-

misation of Floating Offshore Wind Turbine Support Structures - Coupled Model

Solution Strategies (2023). Journal of Physics Conference Series 2626.

3.1 Introduction

Building upon the coupled-system challenges and MDAO motivation introduced in

Chapters 1 and 2, this chapter focuses on the implementation of the baseline cou-

pled frequency-domain framework and the treatment of cyclic subsystem interactions

relevant to FOWT optimisation. Specifically, this chapter aims to investigate:

• the importance of a coupled dynamic model for accurately computing the response

of FOWTs and quantifying design constraints, and

• the influence of the choice of iterative solution strategy on the efficiency of the

coupled analyses.

77



Chapter 3. Multidisciplinary design analysis optimisation framework

3.2 MDAO framework

This section outlines the MDAO framework, starting with the global coupled model and

its architecture, which defines the flow of information between the aero-hydrodynamic

subdisciplines (or components). It then provides details of the individual disciplinary

models and groups of models (cyclic subsystems).

3.2.1 Coupled model

The global coupled model was constructed with disciplinary submodels connected

through input-output relationships, as shown in the N-squared diagrams [186] in Fig-

ures 3.1 and 3.2, following the extended design structure matrix (XDSM) methodol-

ogy [5], and leveraging the functionalities of the open-source OpenMDAO package [79].

Figure 3.1: Coupled model Design Structure Matrix - Optimisation loop.

The multidisciplinary feasible (MDF) architecture has been selected to build the

framework, where the optimiser (dark grey block) controls the design variables (x),

while the coupling variables exchanged between the disciplinary models (û) are directly

managed by the coupled model (MDA) solver (light grey block), as seen in Figure 3.1.

For a given design “proposed” by the optimiser, the solver attached to the MDA group

finds a set of internal component states and coupling variables consistent across the

model, i.e., converges the coupled model by driving the total system residual (r̂) to zero.

Once the multidisciplinary analysis has converged, the relevant outputs are passed to a

single component (red block) that evaluates the design objectives and constraints, which
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Figure 3.2: Coupled model - Design Structure Matrix - Multidisciplinary Analysis
(MDA) loop.

then inform the optimisation process. For the MDF architecture, the optimisation

problem is therefore formulated as follows:

Minimise f (x; û∗)

by varying x

subject to g (x, û∗) ≤ 0

while solving r̂(û;x) = 0

for û.

(3.1)

where û∗ is a multidisciplinary feasible point (set of coupling variables) found by the

MDA and available to the optimiser at each iteration.

Since the focus of the study covered in this chapter was on developing a coupled

dynamic model, with optimisation strategies not yet considered, this simple architecture

was deemed most appropriate. Still, the model was constructed in a way that facilitates

integration in an optimisation framework.

Figure 3.2 provides a closer view of the MDA group. The green boxes represent the

disciplinary components (analysis tools), while the parallelograms denote the design
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variables and coupling variables that are passed between the components. Inputs are

passed vertically, while outputs are passed horizontally. Variables above the diagonal

represent feedforward interactions, whereas those below the diagonal represent feedback

interactions.

For example, the damping module receives information from the potential prob-

lem module (potential damping Bh), the aerodynamics module (aerodynamic damping

Baero), and the viscous flow module (viscous damping Bv), and combines them to

compute the total damping B. This total damping is then passed forward to the

RAO module. The information “flows” through the statistics and viscous flow analy-

sis blocks (components), ultimately returned to the damping module via the viscous

damping coefficient Bv. Such feedback connections enable the modelling of two-way

coupling between the selected components, forming two groups, or cycles, as illustrated

in two shaded regions of Figure 3.2.

3.2.2 Fundamental disciplinary model

The FOWT support structure is assumed to be rigid, as justified by the insignificant ef-

fect of elasticity on the wave-frequency motion response of a spar platform [187].1 Since

the dominant aerodynamic and hydrodynamic loads act primarily in the longitudinal

direction, the response of the spar-type FOWT is dominated by the in-plane DOFs:

surge, heave and pitch, while out-of-plane motions remain comparatively small. Hence,

only in-plane DOFs are considered here. The model is based on solving the static equi-

librium under the influence of mean wind and mooring loads, followed by a dynamic

analysis at this equilibrium position. The models utilised to solve the static and dy-

namic responses are summarised in Table 3.1 and detailed in the following sections.

1The elasticity of the platform was found to have a significant impact on the 1st bending mode
frequency range tower base fore-aft bending moment, but not on platform motions or wave-frequency
loads.
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Table 3.1: Summary of modelling approaches within the analysis framework with ref-
erence to XDSM blocks.

Component Name in XDSM Modelling approach

Mean aerodynamic load;
Aerodynamic damping

Aero Precomputed BEM with
corrections; single wind
direction

Mean mooring load; Mooring
stiffness

Mooring Quasi-static model (MoorPy)

Inertia matrix Inertia Analytical

Hydrostatic stiffness matrix Hydrostatics Hydrostatic pressure integration
(Capytaine)

Gravitational stiffness matrix Restoring Analytical

1st order potential
hydrodynamic load

Potential Boundary-element method
(Capytaine); single wave
direction

Viscous hydrodynamic load Viscous Borgman’s linearisaton of the
Morison’s equation

Control N/A Fixed point from control table

Static equilibrium

The static equilibrium of the system is defined through Equation 6.1:

(Ch +Cg)η̄ = F̄aero(η̄) + F̄moor(η̄) (3.2)

η̄ is the mean offset of the platform, Ch and Cg are the hydrostatic and gravitational

stiffness, and F̄aero and F̄moor are the mean aerodynamic and mooring loads on the

FOWT.

The mean aerodynamic load was pre-computed for a range of mean wind speeds and

tower inclination angles using the aerodynamic time-domain code AeroDyn [188], which

employs blade-element momentum theory (BEMT) along with the Pitt and Peters

skewed wake correction model, as well as Prandtl tip-loss and hub-loss corrections.

The simulations were run in steady wind conditions with a power law exponent of 0.2.2

2This used to be the typically assumed exponent, recommended by the IEC 61400-1 standard [189]
for the normal wind model; however, later studies showed that it is only accurate for a very small set of
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Blade pitch angle and generator speed were fixed for each simulation at an appropriate

operational point according to the control table, dependent on the mean hub height

wind speed. The wind speed was sampled at 1m s−1 while the inclination angle was

sampled at 0.5◦. The aerodynamic mean load was obtained by linear interpolation from

the look-up table. The precomputed aerodynamic mean load is presented in Figure A.1

in Appendix A alongside the control parameters.

The total load on the platform from the mooring system was computed using the

quasi-static mooring model MoorPy [190]. This model determines the instantaneous

position and tension in the mooring lines based on the net weight and axial stiffness,

employing standard catenary equations. The analytical formulation of these nonlin-

ear catenary equations enables efficient computation of the mooring stiffness matrix.

MoorPy is used in two stages of the overall solution: i) to obtain the total load on the

platform from the three mooring lines as part of the static equilibrium solution, and ii)

to calculate the tension in the mooring lines and derive the mooring stiffness matrix at

the equilibrium position as part of the dynamic solution.

Since both the aerodynamic and mooring loads need to be computed at the mean

offset of the platform, and the calculation of the mean offset depends on these loads,

an iterative solution approach must be adopted. The Equilibrium, Aero, and Mooring

components in Figure 3.2 form a group (cycle 1 in Figure 3.2) (Equilibrium component

is introduced to define the static equilibrium of Equation 6.1). The states of the three

components: η̄, F̄aero, and F̄moor are determined iteratively, following one of the

strategies outlined in Section 3.3.

This approach enables the updating of load values based on both the rotor plane in-

clination and the platform offset. Thus, the two-way coupling between the aerodynamic

and mooring loads and the attitude and position of the floating system is effectively

captured.

atmospheric and marine conditions, and currently lower values 0.11 - 0.14 are more commonly applied
for offshore conditions. The exact value does not impact the discussion made in this thesis.
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Dynamic response

The dynamic response of the platform at the static equilibrium position is solved using

a linear frequency-domain approach, where the platform’s response to wave excitation

is computed based on the solution to the forced oscillation problem. The complex

amplitude of motion in the j − th direction, resulting from excitation in the i − th

direction, is given by the following Equation 3.3 [191]:

n∑
j=1

ηj [−ω2(Mij +Aij) + iωBij + Cij ] = aXi (3.3)

where a is the wave amplitude, Mij is the system mass (inertia), Cij is the stiffness (sum

of mooring, gravitational, and hydrostatic stiffness), Aij us the frequency-dependent

added mass, Bij is the damping (sum of the frequency-dependent potential hydrody-

namic radiation damping, viscous hydrodynamic damping, aerodynamic damping, and

an additional linear damping, and Xi is the frequency- and direction-dependent first

order complex wave excitation per unit wave amplitude. The additional linear damping

is included as an artificial correction term to reconcile the numerical model with exper-

imentally measured responses of the original OC3 design [149], which underestimated

damping relative to tank tests. The same correction is retained across all platforms

analysed in this thesis.3

The inertia and gravitational restoring matrices are computed using standard ana-

lytical formulations (see [192], [191]). Hydrostatic stiffness is calculated by an external

module Capytaine [193] by integrating the hydrostatic load on the submerged part of

the floating platform. Mooring stiffness is determined using the quasi-static mooring

model MoorPy (as detailed earlier in this section).

The frequency-dependent potential hydrodynamic coefficients (added mass, radi-

ation damping, and excitation4) were computed using a 3D linear frequency-domain

3In the optimisation context, this may inadvertently favour platforms with lower inherent damping
(e.g., slender geometries), for which the fixed correction term partially compensates for the damping
they would not physically have.

4The transfer function between the wave amplitude and the sum of Froude-Krylov and diffraction
loads on the platform
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Figure 3.3: Panels convergence study. d–normalised panels density.

Boundary element method (BEM) solver, Capytaine [193],5 for the floating platform

in the equilibrium position.

The underwater surface of the floating body was discretised using the Capytaine

mesher, with an axisymmetric surface defined by rotating a parametrically defined pro-

file curve around the vertical axis. Quadrilateral panels were created for the lateral

and bottom surfaces. To ensure adequate mesh refinement, the Nyquist-Shannon sam-

pling theorem [194] was followed, enforcing a minimum of four panels per wavelength.

A grid convergence study was also performed, computing the surge dynamic response

with increasing panel densities. As shown in Figure 3.3, the result converges to the

higher-fidelity model as panel density increases, but at the cost of higher computa-

tion time. The selected mesh density balanced accuracy and efficiency, with further

resolution increase yielding no significant accuracy improvements.

This approach improves upon those presented in the literature by accounting for

the modified underwater geometry of the floating platform at its equilibrium position

when computing the hydrodynamic loads.

5Capytaine is a Python implementation of the code Nemoh developed at the École Centrale de
Nantes
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Viscous loads are reintroduced by adding a viscous damping coefficient to other

damping sources (Viscous and Damping components in Figure 3.2). This is achieved

through a stochastic linearisation of the drag term in Morison’s equation, as proposed

by Borgman in [159]. For each horizontal slice of the floater (dL) the viscous drag (dFd)

is given by:

dFd/dL = 1/2 · cDρD
√
8/π σuu , (3.4)

dependent on the drag coefficient (cD), characteristic dimension (D), relative normal

velocity u and its standard deviation (σu). By definition, the standard deviation of a

response velocity is calculated as the square root of the zeroth moment of its response

spectrum (in the Statistics component in Figure 3.2):

σu =

(∫ ∞

0
Su(ω) dω

)1/2

(3.5)

The velocity response spectrum is obtained as a product of the square of the velocity

RAO and the sea spectrum (JONSWAP):

Su(ω) =| RAOu(ω) |2 Sζ(ω) (3.6)

The velocity RAO is obtained by differentiating the displacement response in the fre-

quency domain:

RAOu = ω ·RAOη (3.7)

The displacement RAO is defined as the motion response amplitude (translated to each

horizontal strip) divided by the wave amplitude (RAO component in Figure 3.2):

RAOη = η/a (3.8)

In general, the relative normal velocity contains contributions from both the wave-

induced water particle velocity and the platform motion velocity. In the present formu-

lation, linear wave kinematics are assumed and the water particle velocity contribution
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is neglected relative to the platform motion in order to simplify the solution.6 Viscous

damping is then computed according to its definition:

Bv = dFd/du (3.9)

Since the drag load given by this approximate expression depends on the platform’s

response statistics (specifically, the standard deviation of velocity due to platform mo-

tion, σu in Equation 3.4), and the response calculation requires viscous drag as input,

viscous damping and motion response form a feedback cycle (cycle 2 in Figure 3.2).

The dynamic motion of the FOWT affects both the speed and direction of the

relative inflow to the rotor, thereby influencing the aerodynamic loads. To account

for this, the linearised aerodynamic damping matrix was introduced and added to

the remaining sources of damping in B of Equation 3.3. Aerodynamic damping was

precomputed with AeroDyn for a range of wind speeds and tower inclination angles.

The wind speed was varied in small increments to numerically compute the derivatives

of the aerodynamic load with respect to wind speed, i.e., damping [195]. The resulting

coefficients were stored in a lookup table for use in the framework. For more details

and results, see Appendix A. The turbulent wind excitation was not considered in this

fundamental model. However, it will be considered later in Chapter 6.

The verification study of the present model is reported in the underlying publi-

cation [196] and is omitted here, since the verification of the more advanced models

developed in Chapter 6 provides a more comprehensive assessment of the modelling

framework.

3.3 System solution strategies

The coupled model consists of two cyclic subsystems. Cycle 1 aims to converge the

mean loads and the mean position of the FOWT, while Cycle 2 iteratively solves for

the viscous damping and the velocity of the floating structure. These subsystems

require an iterative solution. Several iterative solvers are considered, differing in how

6Similar approach was adapted for example in [6, 48].
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the coupling variables (i.e., responses exchanged between components) are handled.

In the following, each solver is introduced briefly, with algorithms and XDSM dia-

grams available in Appendix A. A comparative overview is given in Table 3.2. Addi-

tionally, numerical examples illustrating the performance of each solver are presented

in Appendix B. At the end of this section, a demonstration of one of the solvers’ im-

plementations in the current MDAO framework is given.

Table 3.2: Comparison of nonlinear solvers in terms of state updates and convergence
behaviour.

Solver States Convergence

Block Jacobi Uses previous iteration values Linear, slow

Block Gauss-Seidel Uses most recent values as they
are computed

Linear, faster than Jacobi

Block Gauss-Seidel with
Aitken relaxation

Uses most recent values with
Aitken acceleration

Linear, accelerated convergence

Purely monolithic
Newton

Solves the full coupled system
simultaneously

Quadratic near the solution

Full-space hierarchical
Newton

Performs inner subsystem solves
before the global Newton
update

Quadratic, robust and faster for
strongly coupled systems

Broyden Maintains and updates an
approximate Jacobian; uses the
latest states

Superlinear

3.3.1 Iterative solvers

The Nonlinear Block Jacobi solver (NLBJ) [197] begins with an initial guess for

all coupling variables (û(0)). It repeatedly updates all coupling variables (ûi) across the

components simultaneously, until convergence is achieved, as outlined in Algorithm 1

in Appendix A, reproduced from [11], and illustrated in Figure A.1. Since each compo-

nent receives input from the previous iteration, the components can be run in parallel

without the need for communication between them.

The Nonlinear Block Gauss-Seidel solver (NLBGS) [198] solves each compo-

nent sequentially, using the most up-to-date values of the coupling variables available.
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As a result, it typically converges in fewer iterations than the Jacobi solver. However,

because the components must be executed in sequence, it cannot take advantage of

parallel computing, resulting in each iteration taking longer.7

The Nonlinear Block Gauss-Seidel solver with Aitken relaxation (NL-

BGS+A) [199] updates the coupling variables based on the latest values available

modified by a relaxation factor θ, as described in Equation 3.10:

û
(k)
i = ûtemp + θ∆û

(k)
i (3.10)

where û
(k)
i is the next estimate of the variable, ûtemp is the value of the component’s

response based on the values of all other components (as would normally be computed

in the standard Gauss-Seidel solver), and ∆û
(k)
i is the step (difference between the

current and the previous update for the component). The relaxation factor is adapted

on each iteration, as seen in Algorithm 2. Through dampening of the divergence,

quicker convergence is expected [11]. XDSM diagram is given in Figure A.2.

The purely monolithic Newton’s solver takes the residual of each component’s

governing equation and iteratively searches for the states that satisfy the coupled system

residual equation. At each iteration, the solution is estimated by approximating the

residual as a linear function (using the first two terms of the Taylor series, as shown

in 3.3.2) and finding the step that drives the residual to zero. This requires solving a

linear system at each iteration.

This approach directly accounts for all couplings but can be expensive or unstable if

subsystems are strongly nonlinear. A slight variation implemented in OpenMDAO, the

full-space hierarchical Newton algorithm, modifies it by inserting an inner stage

before each outer Newton update: the subsystem nonlinear solvers are executed first

to reduce their local residuals. These inner solves act like a nonlinear preconditioner,

providing a better state on which the outer Newton step is applied. The outer step still

solves the global Newton system using the full residual vector and Jacobian, ensuring

that couplings between the subsystems are resolved. Thus, the hierarchical variant

7No algorithm and XDSM diagram is given here, as the next solver only introduces a small change,
so the algorithm and diagram will be presented for these two algorithms together.

88



Chapter 3. Multidisciplinary design analysis optimisation framework

blends the robustness of local nonlinear solves with the quadratic convergence of a

full-space (monolithic) Newton method. See Algorithm 3 and Figure A.3 for details.

In the remainder of the Chapter, the “Newton solver” and “Newton

method” refer to the full-space hierarchical Newton algorithm variant.

The Broyden solver [200] modifies Newton’s method by using a finite-difference

approximation of the Jacobian (or derivatives, in the 1-dimensional case). Instead of

solving the linear system directly, it uses an approximated inverse of the Jacobian, which

can make the method more efficient in certain cases. While the Broyden solver typically

requires more iterations to converge, each iteration is computationally cheaper, as it

involves fewer operations.8

3.3.2 Iterative solution example

The following example illustrates the problem formulation and computational steps of

the Newton solver for cycle 1, as implemented in OpenMDAO, to support the brief

introduction made in the previous section. It first outlines the theoretical basis of the

Newton method in more detail, then defines the residual equations for the coupled

system, and finally explains how the solver operates within the modular component

framework of OpenMDAO.

The Newton method

Consider a nonlinear system of equations

R(u) = 0, (3.11)

where R ∈ Rn is the vector of residuals and u ∈ Rn is the vector of unknown states.

The Newton method linearises the residual function about the current iterate u(k),

R(u(k) +∆u) ≈ R(u(k)) + J(u(k))∆u, (3.12)

where J = ∂R/∂u is the Jacobian matrix. Setting R(u(k+1)) = 0 in the linear model

8The algorithm and diagram for the Broyden solver are the same as those for the Newton solver.
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yields the update step ∆u and the updated point u(k+1):

J(u(k))∆u = −R(u(k)), u(k+1) = u(k) +∆u. (3.13)

Iterations continue until the residual norm ∥R(u(k))∥ is below a specified tolerance.

As outlined in Algorithm 3, the inner (hierarchical) solves of OpenMDAO reduce

the local residuals of each subsystem to a specified tolerance before computing the

system-level residual and Newton step.

System states and residuals in the coupled model

In the current model, the coupled problem is modelled using three components: Equi-

librium, Mooring, and Aero. Each component contributes states and residual equations

to the system assembled by OpenMDAO. The solver thus operates on a square system:

the number of residual equations equals the number of unknown states.

The states correspond to the outputs of the components contained within the non-

linear solver’s scope:

• η̄ ∈ R6: platform displacement vector (Equilibrium component output).

• F̄moor ∈ R6: mooring force vector (Mooring component output).

• F̄aero ∈ R6: aerodynamic force vector (Aero component output).

Thus, the combined state vector is

u =


η̄

F̄moor

F̄aero

 . (3.14)

The Equilibrium component, modelled as an ImplicitComponent in OpenMDAO,

enforces force balance between hydrostatic, gravitational, mooring, and aerodynamic

loads on the floating platform. The residual is defined as

Rη = (Ch + Cg) η̄ −
(
F̄aero + F̄moor). (3.15)
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At equilibrium, Rη = 0, i.e. restoring forces balance external loads.

The Mooring component is modelled as an ExplicitComponent in OpenMDAO. Its

residual is defined as

RF̄moor
= F̄moor − fmooring(η̄), (3.16)

where fmooring(η̄) is the mooring load evaluated by MoorPy for a given displacement η̄.

Similarly, the residual of the OpenMDAO’s ExplicitComponent Aero is

RF̄aero
= F̄aero − faero(η̄), (3.17)

where faero(η̄) is the aerodynamic load evaluated with CCBlade at mean displacement

η̄.

The complete system-level coupled residual vector is:

R(x) =


Rη̄(η̄, F̄moor, F̄aero)

RF̄moor
(η̄, F̄moor)

RF̄aero
(η̄, F̄aero)

 =


(Ch + Cg) η̄ − (F̄aero + F̄moor)

F̄moor − fmooring(η̄)

F̄aero − faero(η̄)

 . (3.18)

The corresponding Jacobian structure is block-partitioned as:

J =
∂R

∂[η̄, F̄moor, F̄aero]
=


Ch + Cg −I −I

−∂fmooring

∂η̄
I 0

−∂faero
∂η̄

0 I

 , (3.19)

where I denotes the identity block of appropriate dimension. This Jacobian has contri-

butions from the Equilibrium component (first row block) and from the Mooring and

Aero components (lower rows). Each component provides only its local derivatives,

and OpenMDAO conveniently assembles them into the global Jacobian.

Newton iteration process in OpenMDAO

As shown in Algorithm 3, at each nonlinear iteration, the following steps are executed:

1. State guess update: the solver holds a current guess for (η̄, F̄moor, F̄aero).
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2. Subsystems are solved using their local nonlinear solvers (implicit for Equilib-

rium, explicit for Aero and Mooring), using the most recent states from other

subsystems. This reduces the local residuals and provides a better starting point

for the global Newton update.

3. Residual assembly: the residual vector is assembled from each component’s con-

tributions:

• Equilibrium residual: force imbalance at the current guess,

• Mooring residual: mismatch between solver’s guess of F̄moor and the mooring

model prediction

• Aero residual: mismatch between solver’s guess of F̄aero and the aerodynamic

model prediction

4. Jacobian assembly: each component provides its declared partial derivatives.

OpenMDAO automatically transforms ExplicitComponent derivatives (outputs

with respect to inputs) into residual derivatives and adds the identity terms on

diagonal blocks.

5. Linear solve at the most recent state: Newton solves J∆u = −R for the step ∆u.

6. State update:

u(k+1) = u(k) +∆u. (3.20)

7. Convergence check: iterations repeat until ∥R(u(k))∥ falls below tolerance.

3.4 Results and discussion

The convergence of cycle 1 does not depend on the solution of cycle 2 (and vice versa),

allowing the best strategy for each cycle to be studied independently. For cycle 1, two

tests were performed, each using one of the two solvers suitable for the system with an

implicit component: Newton and Broyden. For cycle 2, five nonlinear solvers—NLBJ,

NLBGS, NLBGS+A, Newton, and Broyden—were applied, tested, and compared. It is
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important to note that the NLBJ and NLBGS solvers cannot be applied to cycle 1, as

they require the equation of equilibrium (Equation 6.1) to be solved for η. This is not

possible because the hydrostatic stiffness matrix is singular and has no inverse. The

singularity arises from the lack of stiffness in the surge direction, which causes the first

row of the matrix to be a zero vector.

The case considered here involves the OC3 Hywind spar platform [42] with the

NREL 5MW reference wind turbine [43], subjected to rated wind speed (11.4m s−1) and

a moderate sea state, with a significant wave height of 3.66m and a peak period of 9.7 s.

Subsection 3.4.1 compares the uncoupled and coupled models, while Subsection 3.4.2

presents the results from the solvers’ benchmarking.

3.4.1 Influence of the introduction of the feedback loops

The coupled model, as introduced in Section 3.2.1 and Figure 3.2, includes two cyclic

subsystems: cycle 1, coupling the mean position of the platform (η̄) with the mooring

and aerodynamic loads (F̄moor, F̄aero), and cycle 2, coupling the viscous damping with

the significant deviation of the platform motion velocity (Bv, σu). The comparative

study presented here relates to the model with cycle 1 and cycle 2 present (coupled

model), and the models with each cycle removed in turn, one at a time. The influence

of eliminating coupling effects on the efficiency of the solution was studied by measuring

the average simulation time over 100 runs.

The effect of cycle 1

As reported in Table 3.3, the introduction of coupling between the platform offset, mean

aerodynamic load, and mean mooring loads increased the solution time by 16%. While,

in absolute terms, this increase is insignificant for a single simulation (on the order of

seconds), it becomes more important when performing optimisations involving a large

number of iterations or exploring an extensive design space for parametric analysis, in

which case thousands of model evaluations might be needed. Additionally, the time

cost of introducing the feedback loops depends heavily on the fidelity (and cost) of

the models used within the cycles. The computations within the cycles were relatively
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inexpensive, with the most time-consuming block (the BEM solver) executed after the

first cycle converged.

Table 3.3: Performance of the uncoupled and coupled models - the effect of cycle 1.

Coupled Cycle 1 removed Difference

CPU time s 7.914 6.805 −16%
Mean surge offset, η̄x m 24.31 16.88 −31%
Mean heave offset, η̄z m -0.40 -0.18 −56%
Mean pitch inclination, η̄θ

◦ 4.88 4.35 −11%
Aerodynamic load, F̄aero,x N 6.85E+05 6.95E+05 1.5%
Aerodynamic load, F̄aero,z N -5.99E+04 -6.01E+04 0.3%
Mooring stiffness, Cmoor,11 Nm−1 3.62E+04 4.12E+04 13.7%

Mooring stiffness, Cmoor,55 Nmrad−1 2.93E+08 3.16E+08 7.8%
Max mooring line tension, Tmax N 1.27E+06 9.19E+05 −27.7%
Nacelle acceleration, η̈x,nacc ms−2 0.329 0.327 0.6%

The coupling effects had a noticeable impact on the mean surge offset and pitch

inclination angle: the uncoupled model underestimated these responses by 31% and

11%, respectively. This was primarily due to the model’s inability to account for the

nonlinearity of the mooring loads with respect to the platform displacement. In the un-

coupled model, the offset is computed by equating the mean aerodynamic load with the

product of the linear stiffness and displacement, evaluated at the undisplaced position

of the platform. These non-conservative predictions should generally be avoided, as

excessive platform displacements can lead to increased mooring line and power export

cable loads. In fact, the uncoupled model underestimated the mean mooring tension

by approximately 30%. The uncoupled model also underestimated the heave offset by

more than 50%, as it did not account for the vertical component of the mean aerody-

namic load on an inclined rotor and because it underestimated the vertical force from

the mooring system.9

Importantly, the results were substantially improved by performing just one iter-

ation of the Newton solver, reducing errors to below 10% for all offsets and forces

considered (except for the heave, where the improvement was smaller).

The significant amplitude of the nacelle acceleration was almost unaffected by the

9This large relative error corresponds to a small absolute error of 22 cm, small compared to the
structural dimensions of the platform.

94



Chapter 3. Multidisciplinary design analysis optimisation framework

representation of the coupling effects. For a given FOWT design, it depends solely

on the integral over a function of the motion RAO and the sea spectrum Sζ (which

is fixed), as shown in Equation 6.17. These factors were found to vary only slightly,

except in the narrow region near the peak frequencies (Figure 3.4). The differences

observed were attributed to variations in the aerodynamic damping (which is higher in

the coupled system) and in the potential coefficients (which show slightly lower wave

excitation and higher hydrodynamic added mass in the coupled system).

Figure 3.4: Comparison of the magnitudes of the surge and pitch RAO for the coupled
and uncoupled models of dynamics. C1 - cycle 1, C2 - cycle 2.

Overall, the judgment of the trade-off between the gains in accuracy and the increase

in computational effort is highly dependent on the fidelity of the models used both

within and outside the cycle. In the case currently considered, the errors resulting

from the uncoupled representation of the system were unacceptably high. However, a

substantial improvement in the accuracy of the solution was achieved with a relatively

small increase in computational effort.

The effect of cycle 2

The differences between the coupled and uncoupled solutions were marginal (below

0.5%) for the structure and load case studied, as seen in Figure 3.4. This was primarily

due to the relatively low contribution of viscous damping to the total damping in the
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sea state considered, as shown in Figure 3.5, which illustrates the effect of introducing

subsequent sources of damping into the system. The introduction of this cycle increased

Figure 3.5: Surge RAO amplitude for different levels (sources) of damping: Bh - poten-
tial radiation damping, Baero - aerodynamic damping, Badd - additional linear damping
to calibrate with tank test, Bv - viscous damping.

the solution time by approximately 1%. Considering the low additional cost, the cycle

should be retained in the system. Although its influence on the results presented

here was negligible, this may not be the case when different environmental conditions

(e.g., higher sea states) and floating structures (particularly those with small-volume

members) are considered.

3.4.2 Influence of the choice of the iterative solver

The previous test compared the results of the uncoupled and coupled models, with the

coupled model using the Broyden and NLBGS+A solvers for its two cycles. In this test,

the performance of the two iterative solvers for cycle 1 and the five iterative solvers

for cycle 2, as defined in Section 3.3, is compared. The CPU performance counter

(measured in fractional seconds) and the mean of the 100 results were recorded, based

on the average execution time over 100 runs. For the study of cycle 1, the solver for

cycle 2 was set to NLBGS+A, while for the study of cycle 2, the solver for cycle 1 was

set to Broyden’s method.

For this test, the frequency resolution was lowered to decrease the time cost of
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running the BEM solver relative to the cost of performing the iterative solutions within

the cycles. This adjustment allowed for a study of the performance of different solvers,

with the results remaining relevant even if higher-fidelity solvers are applied within the

cycles. In other words, instead of increasing the fidelity of the modules within the cycles,

the fidelity of the modules outside the cycles was lowered to enable a fair comparison of

the performance of the different solution strategies. The relative convergence tolerance

(the change in the norm of residuals from one iteration to the next) was rigorously set

at a very small value of 10−10.10

As shown in Table 3.4, the choice of iterative solver influenced the solution time

to a noticeable extent. Between the Newton and Broyden solvers applied to cycle 1,

the latter was more time-efficient, reducing the solution time by −4%. For cycle 2,

the NLBGS solver with Aitken relaxation correction was the most efficient, converging

more than twice as fast as the same solver without the correction, and 60% faster than

the NLBJ solver.

Table 3.4: Performance of nonlinear iterative solvers. C1 - cycle 1, C2 - cycle 2.

Cycle 1 Cycle 2

Newton Broyden NLBGS NLBGS+A NLBJ Newton Broyden

Mean time (s) 8.254 7.914 20.156 7.914 17.699 15.231 9.936
(normalised) 1.00 0.96 1.00 0.39 0.88 0.75 0.49
NL iterations 8 10 5 4 25 4 6

The superior performance of the Broyden and NLBGS+A solvers is also evident

in Figure 3.6, which shows the convergence history of the two cycles. All solvers,

except for the NLBJ, achieved convergence in 10 or fewer iterations. For cycle 1,

only minor differences were observed between the Newton and Broyden solvers, with

the former converging three iterations earlier. This aligns with typical observations,

where the Broyden solver generally requires more iterations, but each iteration is less

time-expensive, as explained in Section 3.3.

10The relative convergence tolerance was chosen to ensure that the solver reaches a solution where
the residuals are negligible, effectively guaranteeing that the iterative method has fully converged. At
the cost of solution time, this is to avoid premature termination of iterations (with larger tolerances),
which could result in a solution that does not satisfy the governing equation to the desired precision.
By setting a very small tolerance, we ensure that the solver’s final solution is close to the true root,
avoiding any discrepancy due to insufficient convergence that would be propagated down the model.
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Figure 3.6: Coupling variables convergence history for different solvers.

For cycle 2, the NLBGS+A and Newton solvers required only four iterations to

converge. The NLBGS solver without the Aitken relaxation correction required just one

more iteration, while the NLBJ solver took considerably more, requiring 25 iterations

to converge (note that only the first 10 iterations are presented in the figure). Parallel

computing was not enough to offset the disadvantage of the higher number of iterations

required. As for the Broyden solver, it took two more iterations than the NLBGS+A

and Newton solvers, but it converged the system significantly faster than the Newton

solver.

As noted previously, a single iteration of all solvers, except for NLBJ, vastly im-

proved the accuracy of the solution with only an almost negligible increase in the

solution time.

It is also worth noting that the dominant source of nonlinearity driving the iter-

ative convergence is the mooring system, as evidenced by the significant variation in

F̄moor,x across iterations, whereas the aerodynamic load F̄aero,x remains nearly constant

throughout. This is consistent with the expectation that the update of aerodynamic

loads based on small platform pitch, whilst included for completeness, contributes only

marginally to the overall convergence.
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3.5 Conclusion

This section provides a summary of the chapter and outlines the specific contributions

to knowledge made.

3.5.1 Summary

The study presented a coupled frequency-domain multidisciplinary model of dynamics.

The framework of interconnected components (disciplinary analyses) was presented, fol-

lowing the principles of the multidisciplinary design analysis and optimisation (MDAO)

approach. The most important coupling effects were modelled, including the interde-

pendence of the mean offset of the platform and the mooring and mean aerodynamic

loads, as well as the velocity of the movement of the platform and the viscous damp-

ing, which formed cyclic subsystems. The trade-off between the solution accuracy and

efficiency for the coupled and uncoupled models was analysed, and a range of iterative

solvers were benchmarked.

The coupling between the mean offset of the platform and the aerodynamic and

mooring loads had a substantial influence on the values of the responses, converging

at 31% higher surge and 11% higher pitch offsets, and at lower thrust and mooring

stiffness. The uncoupled model underestimated the mooring tension by approximately

30%. These non-conservative results demonstrate the criticality of the two-way cou-

pling between the platform excursion and the mooring loads. The dynamic characteris-

tics of the system’s global motion response, such as the nacelle horizontal acceleration,

were relatively unaffected by the introduction of the feedback loops. The numerical

implementation of these coupling effects was achieved at a low increase in the total

solution time (+16%), due to the application of the efficient Broyden’s method.

Regarding the coupling of the viscous damping with the statistics of the motion

velocity, the discrepancies were marginal, mainly due to the low contribution of the

viscous damping to the total damping and its minor effect on the response of the

platform considered in the sea state considered. Although all solvers were very efficient,

the best-performing Gauss-Seidel solver with Aitken relaxation massively outperformed
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the other solvers tested.

Since the results of benchmarking of the different solvers are highly problem-specific,

but relatively inexpensive, it is recommended to always perform such an investigation

before attempting a more comprehensive study, such as design space screening or de-

sign optimisation, especially if time-intensive models are included within the cyclic

subsystems.

Additionally, computing the potential coefficients for the platform in its equilibrium

position, rather than the initial undisplaced position, was an improvement over state-of-

the-art models; however, for the spar platform considered here and for small-amplitude

heave and pitch displacements, this did not significantly affect the results.

3.5.2 Specific contributions

The following contributions to knowledge were made:

• Development of a modular FOWT multidisciplinary design analysis framework,

with the coupled iterative solution for the mean platform offset, aero and mooring

loads.

• Evaluation of the importance of converging the static equilibrium position under

the mean aerodynamic and mooring loads and the additional computational cost.

• Evaluation of the importance of the viscous damping iterative solution for a spar

FOWT and the additional computational cost.

• Comparison of the efficiency of alternative nonlinear iterative solvers and identi-

fication of the most efficient solution strategies for each coupled subsystem.
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Chapter 4

Optimisation problem

re-formulation

This chapter is partly based on the published paper:

P3 Patryniak K, Yeter B, Collu M, Coraddu A, Efficient design space exploration

for spar Floating Offshore Wind Turbines: the trilemma of the ultimate, fatigue,

and serviceability limit states (2024). Journal of Physics Conference Series 2767

4.1 Introduction

The design of floating offshore wind turbines (FOWTs) is carried out in accordance with

established standards and recommended practices, in order to ensure that the struc-

ture can withstand relevant loads during installation, towing, operation, and damaged

conditions, and operate safely throughout its lifetime [201]. The key standards include

those issued by the International Electrotechnical Commission (IEC 61400-3-2Wind en-

ergy generation systems. Design requirements for floating offshore wind turbines [202]),

Det Norske Veritas (DNV-ST-0119 Floating wind turbine structures [201], DNV-RP-

C205 Environmental conditions and loads [203], DNV-RP-0286 Coupled analysis of

floating wind turbines [10]), and more recently, Lloyd’s Register (LR-RP-003-2024 Rec-

ommended Practice for Floating Offshore Wind Turbine Support Structures [204]).
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In particular, the IEC 61400-3-2 standard provides a design basis by specifying 36

design load cases (DLCs) organised into 10 distinct design situations. These include

power production, parked and redundancy scenarios, and checks under normal and

fault conditions (among others). Each DLC is characterised by a unique combination

of environmental and operational parameters, including wind, waves, current, water

level, and system states. Within each DLC, a comprehensive set of specific loading

conditions—defined as various combinations of these parameters—must be evaluated

to ensure certification compliance for FOWTs. This amounts to a typical order of 104

load cases.

Under these conditions, a range of metrics must be evaluated to ensure the safety

and reliability of the floating systems. In that regard, the offshore standards define

a limit state: a condition beyond which a structure or structural component will no

longer satisfy the design requirements. In particular, the ultimate limit state (ULS)

corresponds to the maximum load-carrying resistance, fatigue limit state (FLS) corre-

sponds to failure due to the effect of cyclic loading, accidental limit state (ALS) corre-

sponds to survival in a damaged condition or in the presence of abnormal environmental

conditions, and, finally, serviceability limit state (SLS) corresponds to project-defined

criteria applicable to the intended use.

Within these categories, the most critical checks highlighted in DNV-RP-0286 [10]

and DNV-ST-0119 [201] include:

• ULS group: loss of structural resistance (excessive yielding and buckling), brittle

fracture, and permanent deformation (for all components, but in particular the

tower base, tower to floater transition, mooring line and fairleads); loss of static

equilibrium of the structure, tendons slack, ringing and springing.

• SLS group: maximum tilt and acceleration at tower top in operational and

non-operational load cases, motions and vibrations affecting non-structural com-

ponents, deformations that affect the efficient operation or watertightness, corro-

sion.

• FLS group: tower, floater, blades, and mooring line cumulative damage due to
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repeated loads.

Although some metrics are not directly tied to the support structure design, they are

influenced by the platform’s motions, which are governed by it. Consequently, these

metrics are viable candidates to serve as constraints in a FOWT support structure

optimisation.

DNV proposes the design by the partial safety factor method, where design criteria

are expressed in terms of (i) load and resistance factors (γF , γm) and (ii) characteristic

values of load acting on the structure and resistance of the structure (Fk, Rk) :

γFFk ≤ Rk/γm (4.1)

The above list of metrics and the proposed formulation provide a natural start-

ing point for defining optimisation constraints. However, several challenges arise when

extending a one-off design procedure into an optimisation problem. A flexible optimisa-

tion framework requires iterative design evaluations; while computationally expensive

processes may be tolerable for a single design, they become impractical and unman-

ageable within an optimisation loop. In particular, some metrics require nonlinear

time-domain analyses (e.g., maximum loads during transient events such as shutdown)

or on high-fidelity methods such as finite element analysis (e.g., brittle fracture), both

of which remain intractable at the system-level optimisation stage. Furthermore, the

level of detail in the formulation of conceptual design optimisation constraints must

match the information available at the conceptual stage: detailed structural features

(e.g., internal scantlings) are typically not yet defined, with the emphasis instead on

global scaling and preliminary capital cost estimation.

Similarly, the environmental conditions that define the DLCs in offshore standards

provide an ideal reference set under which the design metrics (or constraints) should

be evaluated. However, incorporating the full set of DLCs within an optimisation

process quickly becomes infeasible. Conceptual-level studies often rely on a reduced set

of DLCs, most commonly dominated by DLC 6.1 and DLC 1.6 in the FOWT design
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literature [7, 205].1 Even then, the number of required simulations can be substantial,

as it grows with the factorial combination of environmental parameters (wind, wave,

current, water level parameters) and the number of random seeds.

Therefore, both the set of design metrics and the environmental loading scenarios

must be redefined and reduced to enable early-stage design optimisation. The remain-

der of this chapter addresses this need: Section 4.2 introduces a parametrisation of the

FOWT support structure that balances level of detail with design flexibility; Section 4.3

defines objectives relevant to the conceptual design stage; and Section 4.4 presents a

formulation of design constraints, grounded in offshore standards but adapted to ensure

suitability for conceptual design and compatibility with efficient analysis modelling and

optimisation approaches.

As discussed in Chapter 1, conceptual FOWT design optimisation may also benefit

from metrics that are not explicitly required by offshore design standards but can pro-

vide additional insight into the global system behaviour. In this context, the instanta-

neous centre of rotation (ICR) is investigated in Chapter 5 as a potential unconventional

design metric.

4.2 Design variables

As illustrated in Figure 4.1, the design variables encompass three subsystems: the

tower, the floating platform, and the mooring system. The OC3 Hywind spar with

a three-line catenary mooring system [149] serves as a reference for support structure

design.

The degrees of freedom for the tower design include the tower base diameter and

the ratio of the tower base diameter to wall thickness (dtwr/ttwr), hereafter referred

to as the D/t ratio, also commonly also referred to as a slenderness or compactness2

ratio. The tower base wall thickness is therefore derived from the diameter and the

D/t ratio. It represents an effective thickness that accounts for additional structural

1Such reduced sets of DLCs for the conceptual design stage have also been proposed in DNV-RP-
0286 [10] and in LR-RP-003 [204].

2“Compact” in structural dynamics terms, meaning “thick-walled”.
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Figure 4.1: Design parameters for the mooring line, floating platform and tower base
section.

stiffness contributions—such as flanges, welds, bolts, and internal stiffeners—that are

not explicitly modelled in this work. The tower top design remains unchanged from

the original design to avoid modifying the tower–RNA interface (bedplate), and tower

height is not altered as it is assumed to be one of the fundamental design requirements.

Both diameter and wall thickness are assumed to vary linearly from the base to the top

of the tower.

The floating support structure is parametrised through two variables: the draft and

a vector of five diameters along the draft. This allows for some control over the water-

plane area as well as the weight and underwater volume (buoyancy) distribution, which

control the primary stability mechanism of the spar-type FOWT. The draft and shape

of the lower part of the spar determine the ballast distribution, providing considerable

flexibility in adjusting the system’s gravitational stiffness. Similar to tower, internal

scantlings and secondary structures are not explicitly modelled. Instead, an effective

steel density is applied to account for the additional structural mass associated with in-

ternal members, welds, and outfitting, following the approach adopted in the reference

design of [149].

The mooring lines are parametrised through four parameters: chain nominal di-

ameter, fairlead vertical location as a fraction of the draft, anchor radius, and moor-

ing line shape parameter αmoor. The range of plausible line lengths depends on the
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range of the fairlead and anchor positions, confined to the range between the short-

est, diagonal line (lmin =
√
|zF − zA|2 + |rF − rA|2) and the longest, L-shaped line

(lmax = |zF − zA| + |rF − rA|), as illustrated in Figure 4.2. The shape parameter

is therefore formulated to allow all geometrically plausible shapes, as exemplified in

Figure 4.3:3

αmoor =
l − lmin

lmax − lmin
(4.2)

The fairlead radius is dependent on the platform radius at the fairlead height. As in

Figure 4.2: Geometrically plausible moor-
ing lines range.

Figure 4.3: Geometrically plausible moor-
ing lines.

the original OC3 spar design, its value is set as the local value of the platform radius

plus 0.5m. The anchor vertical location is set by the water depth (location of the

seabed).

The ranges of the variables (bounds in the optimisation problem) were selected to

cover the range of designs that are likely to be considered in near-future projects, also

considering the literature review presented in Section 2.2.1. They are summarised in

Table 4.1 and detailed in the following:

• Tower base diameter ranges from the value equal to that of the tower top di-

ameter (resulting in a non-tapered tower) to a value 40% higher than the original,

ensuring the design space is not overly restrictive.

3Note that even for αmoor = 0, the mooring line will exhibit some curvature (or sag) due to chain
elasticity. This effect, while small, is not zero. Accordingly, it is important to distinguish between the
unstretched line length and the actual (stretched) line length. The formulations in this thesis are based
on the theoretical unstretched line length, whereas Figure 4.3 presents the computed line shape.
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• The tower D/t ratio of the original tower ranges from 203.7 at the top to 240.7

at the base. Here, values between 100 and 240 are investigated, corresponding

to tower base designs that are never more compact (lower D/t) than the original

top section but can be up to 100% less compact (higher D/t). Such variations

affect the system’s centre of gravity, inertia, and tower vibration modes, as well

as the structure strength and cost.

• The platform draft is capped at the reference value of 120m, as deeper-drafted

structures would be challenging to manufacture and deploy given port constraints.

As shown in Figure 4.4, drafts below approximately 68m would lead to a negative

total pitch stiffness C55 (the sum of hydrostatic and gravitational contributions),

causing the platform to lose initial stability. In addition, the draft must be

sufficient to provide a restoring stiffness greater than that required to oppose

the overturning moment from turbine rated thrust (about 720MNmrad−1 at a

pitch angle of 5◦), which is satisfied at a draft of roughly 100m. For perspective,

the lowest-draft spar-type FOWT currently installed, Hywind Scotland, has a

draft of about 78m, while typical designs range between 90m and 120m (e.g.,

OC3-Hywind reference design, Hywind Demo, Hywind Tampen, UMaine spar).

These estimates depend on the specific platform, mooring system, the full FOWT

configuration, and environmental characteristics; the practical draft range for

optimisation in this work is set to 90m–120m.

• Platform diameters are limited to only slightly smaller than the original one up

to 50% larger than the largest diameter of the original design, which is well within

the range usually considered for offshore steel structures. Larger diameters are

of interest as they may skew the proportions of gravitational versus hydrostatic

restoring moments, and also impact the effect of the mooring on the platform

(through increased fairlead radius).

• Fairlead vertical position is expressed as a fraction of the platform draft to

avoid incompatibility between the two variables. The range is set from the keel

line (zF /T = 1.0) up to just below the waterline (zF /T = 0.2). Although fair-
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Figure 4.4: Hydrostatics as a function of spar draft.

leads above the waterline could, in principle, improve the dynamic response, such

configurations are not permitted here due to potential platform access constraints.

• Anchor radius The anchor radius is bounded to ± 30% of the original design.

• Mooring line shape parameter is allowed to vary over its full generic range

from 0 to 1, covering all geometrically plausible line shapes. Depending on the

platform offsets under environmental loading, some of these shapes may not yield

the desired static or dynamic response of the FOWT. Such solutions will be

indirectly penalised during optimisation based on motion and load constraints.

• Chain nominal diameter range was decided considering the values of the two

reference designs: the 5MW design (OC3 spar [149]), as the smallest turbine

that is still likely to be useful, and the 22MW design (DTU and IEA Wind

semisubmersible [206]), as the largest public floating wind turbine design up to

date. The 5MW design uses a 50mm chain4, while the 22MW design uses

a 400mm chain. However, based on the review of the technical specifications

of offshore chain manufacturers (for example, Vicinay Marine [207]), currently,

490mm volume-equivalent diameter.
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205mm chain is the largest chain available. Therefore, the range 40mm–200mm

is selected.

Table 4.1: Design variables and their bounds.

Min Max Units

Tower

Tower base diameter (dtwr) 3.87 14.1 m
Tower base wall thickness to diameter (D/t) ratio 100 240 m

Floating platform

Draft (T ) 90 120 m
Diameters at [0, 0.25, 0.5, 0.75, 1]T (d) 6.0 13.6 m

Mooring system

Fairlead vertical position (zF /T ) 0.2 1.0 -
Anchor radius (rA) 591.64 1098.76 m
Line shape parameter (αmoor) 0 1 -
Nominal chain diameter (dmoor) 0.04 0.2 m

4.3 Design objectives

The design objectives reflect the design goals and can vary significantly depending on

the design stage, design priorities, and the capabilities of the analysis models. The con-

ceptual design stage typically prioritises the development of a floating support structure

that is feasible for the given offshore site and has a competitive CAPEX. Therefore,

economic metrics are commonly adopted as objectives, leaving technical considerations

to constraints.

Keeping the focus on the development of the efficient coupled dynamic model and its

integration within a multidisciplinary optimisation framework, this work uses a simple

mass-based metric as a proxy of the cost of the tower and floating platform:

fcost,str = csteelMsteel + cbalMbal (4.3)

The cost factors account for the cost of raw material and manufacturing. The cost
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of the mooring system is modelled as a product of the chain mass density m (mass per

unit length of the chain), unstretched length lmoor, and an empirical factor:

fcost,moor = cmoor ·m · lmoor (4.4)

The cost coefficient values are given in Table 4.2.

Table 4.2: Cost coefficient values for structure and mooring components.

Component Cost coefficient Value Unit Ref

Steel structure csteel 2.50 $/kg [6]
Ballast cbal 0 $/kg [6]
Mooring system cmoor 2.585 $/kg [208]

4.4 Design constraints

This section focuses on the formulation of the design constraint functions; to keep

it focused, only high-level formulations are provided, and the details of the models

required to evaluate these formulations are presented separately in relevant chapters

and appendices:

• Motions: Chapter 3,

• Modal analysis and flexible tower modelling: Appendix C,

• Structural loads: Chapter 6 and Appendix D.

The constraint metrics proposed for a concept-level support structure optimisation

are described below, grouped by the limit state. For each group (SLS, ULS, FLS),

the characteristic environmental conditions for evaluating the metrics are defined, as

motivated by the DLCs’ definition in IEC 61400-3-2, but significantly simplified to

make the highly iterative optimisation process tractable.
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Figure 4.5: Serviceability and ultimate limit state representative wind speed, significant
wave height and peak period selection based on conditional probabilities.

4.4.1 SLS group

The serviceability metrics are often among the first checks performed during design

feasibility studies. The SLS-group constraints are to be analysed under the rated wind

speed condition, which is the design/target condition. Using metocean data from the

Scottish sectoral marine plan site “NE8” [209], the sea state parameters were derived

based on joint wind–wave statistics, as illustrated in Figure 4.5. The dataset was first

filtered to include only records with wind speeds within a ±1.0 m s−1 interval around

the rated wind speed. Within this subset, the significant wave height Hs was defined

as the expected value of the empirical Hs distribution, and a range within ±0.25 m

of this value was selected. From within this range of records, the peak period Tp was

then taken as the expected value of the corresponding empirical Tp distribution. The

resulting environmental conditions are summarised in Table 4.3.

Although more rigorous approaches to environmental condition selection exist (for

example, the IFORM multivariate contours recommended in IEC 61400-3-2 [202]),

these methods remain an active field of research. Since the focus of this work is not

on environmental contour derivation, simplified but statistically consistent conditional

methods were adopted to provide representative inputs for the analyses.

The SLS metrics considered are outlined below, along with their respective limit-

ing values. The values are based on the consensus established in the literature (see
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Table 4.3: Environmental conditions. Vs - mean hub-height wind speed, TI - turbulence
intensity, Hs - significant wave height, Tp - wave peak period, γ - wave shape parameter,
θw - mean wave direction, Vc - current speed. ULS1 and ULS2 refer to conditions
defined in Section 4.4.2.

LS Vs TI α Hs Tp γ θw Vc

(m s−1) (%) (-) (m) (s) (-) (◦) (m s−1)

SLS, ULS1 11.4 14 0.2 1.87 7.48 1.0 0 0
ULS2 24.6 14 0.2 5.91 9.86 2.96 0 0
FLS 3.0–25.0 14 0.2 1.06–5.91 7.39–9.86 1.0–2.96 0 0

Section 2.2.1 Table 2.5).

Motions constraints

In this section, the “maximum” response quantities are approximated using the mean

response plus three standard deviations within a given short-term environmental con-

dition, consistent with the underlying linear Gaussian response assumptions adopted

in the frequency-domain framework. These quantities therefore represent statistical es-

timates of extreme response levels rather than true time-domain maxima or long-term

design extremes associated with a specified return period.

1. Estimated maximum offset: excessive rigid-body offsets may cause damage to the

power export cable. The constraint is formulated as the norm of the displacement

vector composed of surge, sway, and heave displacements, expressed as a fraction

of water depth d:56

goffset = ∥ηmax,1:3∥ ≤ 0.15d (4.5)

2. Estimated maximum tilt: excessive tilt may lead to inefficient operation of the

RNA components or loss of static stability. The constraint is formulated as the

5This is a general formulation; however, only the surge and heave translational modes are modelled
here.

6Note that since the cable attachment point is not in general located at the origin where the transla-
tional degrees of freedom are defined, rotational modes would also contribute to the offset experienced
at that point. However, this coupling is not accounted for in the present formulation of the offset
constraint, the limiting value of which is set conservatively.
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norm of the displacement vector composed of roll and pitch:7

gtilt = ∥ηmax,4:5∥ ≤ 12.5◦ (4.6)

3. Estimated maximum resultant acceleration at the hub level: uncontrolled vi-

bration or acceleration may lead to inefficient operation of the non-structural

components: yaw motor and brake, yaw, pitch and main bearings, fluid levels,

and cooling fluid movement, also driving the structural loads in the structural

components (for example, contributing to the fluctuating bending moment at the

tower base):

gacc = ∥η̈1:3∥ ≤ 0.3g (4.7)

Natural frequencies constraints

The risk of large loads due to the resonance of the exciting loads with the eigenfrequen-

cies of a FOWT makes the analysis of the system frequencies necessary. The offshore

standards recommend obtaining the coupled system’s natural frequencies (both damped

and undamped) from either a frequency-domain coupled model or a Fast Fourier Trans-

form of time-domain simulations. The modes most relevant to the design of the support

structure include: first and second global tower bending, floating substructure surge,

sway, heave, roll, pitch, and yaw, as well as the first tower torsion mode. The standards

also recommend developing a Campbell diagram to map where the structural natural

frequencies coincide with the expected excitation frequencies. A safety margin of at

least ±5% to crossings of structural eigenfrequencies with 1P (rotor frequency), 3P

(blade passing), and 6P (twice the blade passing) excitation should be kept [10].

In this work, a simplified and more time-efficient modal analysis is adapted to es-

tablish the system’s natural frequencies, focusing instead on a more comprehensive and

robust formulation of the natural frequency constraints for concept design optimisation

purposes. The floating platform and rotor-nacelle-assembly are treated as a rigid bod-

7This is a general formulation; however, only the pitch rotational mode is modelled here. In principle,
yaw should also be constrained; however, for the case of the spar-type FOWT with a symmetric mooring
system and unidirectional environmental load, this is insignificant.
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ies, while the tower is modelled as a beam with distribution of structural properties

and geometry along its height.8 The system’s rigid body in-plane modes9 and the first

tower fore-aft mode are compared against the environmental loading (wind and first-

order wave loads) and rotor characteristic (1P and 3P) frequencies. For each frequency

regime, a penalty function is introduced that reflects the risk of natural frequencies

being close to the excitation ranges. Within the optimisation, these penalty functions

provide a quantitative measure of constraint violation, guiding the design away from

resonance-prone regions.

The wave-frequency penalty function is derived by first establishing a probability

distribution of the wave peak period using metocean data [209]. A histogram is gen-

erated (panel (1) in Figure 4.6), capturing the peak periods and their corresponding

probabilities of occurrence across the whole dataset (no wind speed or wave height con-

ditioning). For each of 22 bins in the histogram, the mean of the peak period and the

mean of the significant wave height are identified, and the JONSWAP power spectrum

is computed (panel (2) in Figure 4.6).10 To incorporate the likelihood of each peak

period, the power spectra are then scaled by the probabilities from the peak period his-

togram, resulting in weighted spectra that account for both the power content and the

probability of occurrence (panel (3) in Figure 4.6). The resulting probability-weighted

spectra are summed (panel (4) of Figure 4.6) and normalised to the range 0–1 to pro-

duce a continuous and smooth penalty function (panel (5) in Figure 4.6), representing

the likelihood and severity of overlapping with the wave frequency range.

The wind range frequency penalty function is constructed following the same pro-

cedure, but using the Kaimal wind spectrum scaled with the probability of occurrence

of a given mean wind speed bin (mean value from the bin of mean wind speeds), as

illustrated in Figure 4.7. 22 bins are used.

The rotor frequency penalty was formulated as a smooth and continuous function,

8Tower flexibility is only considered in the evaluation of tower natural frequencies. While the
influence of platform dynamics on tower modes is considered, the effect of tower flexibility on platform
dynamics and structural loads is not. This is further discussed in the relevant chapters.

9This is consistent with all models across the thesis only concerning the in-plane motions and loads,
however, the method is general and could be applied to investigate arbitrary modes.

10The wave peak-shape parameter was set based on the peak period and significant wave height, as
recommended in the IEC 61400-3 Annex B [210].
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Figure 4.6: The process of deriving the natural frequency penalty for the first-order
wave excitation region.

suitable for robust use in numerical optimisation. The process is illustrated in Figure 4.8

and explained below.

Panel 1 in Figure 4.8: the turbine control curve specifies the rotor speed Ω (in

revolutions per minute) as a function of wind speed U . A long-term wind speed time

series can be mapped through this curve, giving a rotor speed value at each time step.

Conversion from rpm to Hz, and multiplication by the harmonic index (1 or 3), yields

two datasets of operating frequencies: the 1P and 3P excitation frequencies (only 1P

is considered in the figure for illustrative purposes).

Panel 2: Histogramming the 1P (or 3P) dataset produces an empirical probability

density function p(f), which describes how often the rotor operates at each frequency.

This distribution tends to be flat and relatively low in the low-frequency range, with

a concentration at higher frequencies. This reflects the dominance of the near-rated

wind speed in the metocean dataset and the corresponding operation of the rotor at

its rated speed (12.1 rpm, 0.2017 Hz), as well as flattening of the control curve in the
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Figure 4.7: The process of deriving the natural frequency penalty for the wind excitation
region.

above-rated conditions.

Panels 3 and 4: the penalty is designed to quantify how risky it is for a system’s

natural frequency fnat to lie near the rotor’s excitation frequencies. A large penalty

should result if fnat coincides with or lies close to frequencies where the rotor spends

much of its operating time, and a small penalty otherwise. It should therefore account

for two factors simultaneously:

• proximity to excitation frequencies, and

• probability of occurrence of the excitation frequencies.

Hence, the penalty at a given fnat is defined as:

P (fnat) =

∫
p(f)K(|fnat − f |) df, (4.8)

where p(f) is the empirical density and K(d) is a kernel function that decreases
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Figure 4.8: 1P frequency range penalty derivation process.
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smoothly with distance q = |fnat − f |. The kernel is chosen as a Gaussian:

K(q) = exp

(
− q2

2σ2

)
, (4.9)

which decays smoothly, matches the intuition that resonance influence diminishes with

frequency separation, and provides the differentiability required for gradient-based op-

timisation. The parameter σ (kernel width11) has the interpretation of a frequency

margin: larger values imply that frequencies further away are still considered risky.

Here, it is set to 0.009Hz.

Panel 3 shows several example kernels, while panel 4 shows the convolution terms:

p(f)K(|fnat − f |) (4.10)

illustrating the convolution mechanism.12 Each of these curves represents the local

contributions that are integrated to yield the penalty value at that fnat.

Note that the kernel centred at 0.23Hz (yellow curve in panel 3) results in a zero

convolution term (no visible shade in panel 4) due to the lack of overlap with the

empirical 1P distribution (panel 2). On the contrary, the kernel centred at 0.16Hz

fully overlaps with 1P distribution, resulting in a large convolution component (dark

green shade in panel 4).

To avoid artificial truncation of the penalty function at the operating frequency

limits, the convolution is evaluated on a slightly extended frequency grid (padded at

both ends by 3.5 kernel widths). This ensures that the penalty decays smoothly to

zero outside the occupied rotor frequency band, rather than cutting off abruptly at the

edges.

Panel 5: the convolution is evaluated over a grid of candidate natural frequencies

spanning the 1P or 3P range, resulting in a smooth penalty curve. Each point on this

curve corresponds to the sum of products p(f)K(|fnat−f |) across all frequencies f , i.e.
11σ is the standard deviation of the Gaussian kernel, more precisely.
12The convolution term p(f)K(|fnat − f |) represents the weighted contribution of each rotor fre-

quency f to the penalty at a candidate natural frequency fnat. It is defined as the product of the
empirical rotor frequency distribution p(f) and a kernel function K centred at fnat, and its integral
(the area under the curve) gives the penalty value at fnat
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Figure 4.9: Comparison between the traditional (fixed region with ± 5% margins [10])
and the new proposed resonance constraints for the rotor characteristic frequencies.

the area under the convolution term shown in panel 4.

Panel 6: the penalty curve is normalised so that its maximum equals one, ensuring

all penalty values lie in the range [0, 1]. In this way, values near unity indicate a high

resonance risk, while values near zero indicate “safe” frequencies.

In current state-of-the-art approaches, the optimiser is strictly prevented from se-

lecting designs with natural frequencies within the 1P and 3P ranges, regardless of

how likely the rotor is to operate at those frequencies. The proposed probability-aware

formulation instead applies smooth, differentiable penalties weighted by the likelihood

of excitation. As illustrated in Figure 4.9, this still protects the 1P and 3P regions,

but in a soft manner that permits solutions within these bands when the probability

of excitation is low. If a design solution slightly violates the resonance constraint but

is highly beneficial in terms of other design metrics, an optimiser might still consider

it a good candidate solution. Such a treatment not only provides greater flexibility

in the design space—potentially leading to technically and economically superior so-

lutions—but also yields smooth gradients that are more suitable for gradient-based

optimisation methods, as will be discussed further in Chapter 7.

An important consequence of this approach is that the artificial split of designs into

soft (below 1P), soft–stiff (between 1P and 3P), and stiff–stiff (above 3P) categories can

be relaxed. Under the traditional formulation, the hard barrier created by the 3P range
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meant that optimisers were effectively confined to whichever class the initial design

belonged. Hegseth et al. [51] showed that local cost minima exist in both the soft–stiff

and stiff–stiff regions for the first tower bending mode, but the 3P barrier prevented

transitions between them. By introducing smooth probability-weighted penalties, the

proposed formulation removes this restriction and enables exploration across categories,

offering greater potential for global design improvements.

Note that this is a quasi-static approach that assumes the rotor speed follows the

control curve exactly. In practice, however, platform motions, limits on blade pitch

rate, and other dynamic effects cause the rotor to deviate from the prescribed curve for

short periods, resulting in under- and overshoots. These deviations are not explicitly

captured in this approach, although the safety margin introduced through the kernel

width parameter σ partly compensates for them.

When evaluating resonance avoidance constraints, the system natural frequencies

are queried against each precomputed penalty landscape (wind, wave, 1P and 3P),

as illustrated in Figure 4.10. Separate constraints are formulated for each natural

frequency and for each excitation range, allowing the optimiser to identify specific

design changes that shift natural frequencies away from risky regions. In the present

problem, this results in 16 inequality constraints of the form:13

P (fnat) ≤ 0. (4.11)

which steer the solution outside penalised frequency ranges gently, rather than imposing

rigid cut-off bands as has been common in the literature.

13Technically, the penalty function cannot exceed zero. The constraint is expressed as an inequality
rather than an equality to remain consistent with the optimisation problem formulation and solution
approach described in Chapter 7.
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Figure 4.10: Wind, wave, 1P, and 3P range penalty functions with the reference system
natural frequencies (dashed lines: surge, heave, pitch, and tower 1st fore-aft modes).

Anchor vertical pull

Additionally, the vertical load on the anchors is constrained to account for the limited

capacity of drag-embedded anchors to resist vertical loading:

Fz,moor ≤ 30N. (4.12)

A relatively small limiting value of 30 kN is imposed, corresponding to approxi-

mately 3.5% of the pretension in the original design. While offshore standards and rec-

ommended practices typically require zero vertical load at the anchor, a small positive

allowance is introduced here to improve optimiser performance by avoiding constraint

enforcement at the boundary of a flat region in the design space. Such limited vertical

loading is not considered detrimental according to multiple sources in the literature,

depending on the anchor technology and soil conditions [211].

4.4.2 ULS group

The ULS-group constraints are analysed under two conditions: ULS1, the rated wind

speed corresponding to the maximum thrust condition, and ULS2, the wind speed just

below cut-out, corresponding to the maximum wave height condition. The sea state

parameters were selected based on joint wind–wave metocean statistics, as described in
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Section 4.4.1 and illustrated in Figure 4.5. While multivariate extreme value analysis

is typically employed to identify ULS cases, in this work a simplified yet systematic

approach is adopted.

Tower base yielding: The von Mises stress at the tower base, σVM, Sd, is compared

against the material yield stress, fy:

σVM, SdγF ≤
fy
γM

, (4.13)

accounting for γF : the load factor, and γM : the material partial safety factor. The

stress σVM,Sd accounts for axial load from the RNA and tower self-weight, bending

moment induced by aerodynamic loading on the rotor and tower, inertia effects due to

acceleration and inclination of the mass items above the tower base, and in-plane shear

from aerodynamic loading. A detailed description of the yielding check is provided in

Appendix D.3.

Tower shell buckling. Because the tower shell is thin compared to its diameter,

it can fail prematurely by buckling at stresses lower than the material yield, under axial

compression (resulting from the RNA and tower weight, as well as aerodynamic loads)

and bending (resulting from aerodynamic loads and inertia). Therefore, the tower is

checked for longitudinal shell buckling under the combined action of axial force and

global bending, assuming a circular cylindrical shell without longitudinal stiffeners in

accordance with DNV-RP-C202 [212]. Circumferential membrane stress from external

pressure and in-plane shear stress from torsion/shear are neglected because they are

small relative to the longitudinal compressive stress. The utilisation is evaluated at

the most compressed location by comparing the design longitudinal stress to the design

buckling strength:

σmax
x,Sd = σa,Sd + σm,Sd ≤ fkd , fkd =

fks
γM

. (4.14)

Here σa,Sd and σm,Sd are the design axial-membrane and bending stresses, respectively,

and fks is the characteristic shell-buckling strength for a circular cylindrical shell in

longitudinal compression obtained per DNV-RP-C202 from the elastic buckling stress
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and material yield strength, accounting for geometry (D/t, L/D), boundary conditions,

and fabrication tolerances (imperfection class). Further details of the shell buckling

assessment are given in Appendix D.1.

Global column buckling. In addition to local shell instability, the tower is

also verified against global column buckling, i.e. flexural instability of the entire tower

treated as a cantilever column. This mode is usually not governing for modern offshore

wind turbine towers, which are relatively thick-walled, but it is checked for complete-

ness, since the tower diameter and thickness are the design variables.

The axial load NSd and bending moment MSd at the tower base are compared

against the design axial and bending resistances, respectively:

NSd

NRd
+
|MSd|
MRd

≤ 1.0 , (4.15)

with

NRd =
χAfy
γM

, MRd =
Wfy
γM

,

where A is the gross cross-sectional area, W is the section modulus, χ is the reduction

factor from the Eurocode buckling curve, and γM is the material partial safety factor.

Further details of the column buckling assessment are given in Appendix D.2.

Mooring line tension: The constraint is formulated following the recommenda-

tion of DNV-OS-E301 [213], based on the mean and dynamic tension contributions

(Tmean, Tdyn) with corrosion correction. The tension in a mooring line at the fairlead

location (in the first chain link), augmented by the safety factor (SF ), should not

exceed the minimum breaking strength corrected for corrosion:

(γmeanTmean + γdynTdyn)/SF ≤MBL(dcorr/dnew) (4.16)

A corrosion rate of 0.2 mm/year over half of the design life (12.5 years) is assumed.
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4.4.3 FLS group

The environmental conditions for evaluating the FLS-group constraints were selected

from metocean data covering wind speeds from cut-in to cut-out, divided into 2m s−1

bins (the maximum allowed by DNV-OS-E301 [213] and IEC 61400-3 [214]). As illus-

trated in Figure 4.11, the midpoint of each bin was taken as the representative wind

speed. For each wind speed bin, the representativeHs was defined as the expected value

of the conditional distribution Hs | Vs. To ensure consistency, the dataset was further

filtered within ±0.25m of this Hs, and the expected value of Tp was then computed.

This sequential conditioning yields self-consistent sea state representations (Vs, Hs, Tp)

for use in fatigue analysis.

Figure 4.11: Fatigue limit state representative wind speed, significant wave height and
peak period selection based on conditional probabilities.

2m s−1 bins correspond to 11 bins in the operational range. The effect of the limited

number of bins was assessed by computing the total fatigue damage using progressively

finer binning, based on the model defined in the next chapter. As shown in Figure 4.12,

reducing the bin width below 2m s−1 has a relatively small influence on the predicted

fatigue damage.14

Although the directionality of the environmental loading is, in general, important

when assessing fatigue, this model assumes a single wind and waves direction of 0◦ and

applies a fatigue reduction factor to approximately account for the directionality of the

waves (distribution of the mean wave direction), as proposed in [215]. The metocean

14At the conceptual design level, this level of discretisation is considered sufficient; however, detailed
design would warrant a more comprehensive investigation of appropriate fatigue conditions binning.
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Figure 4.12: Fatigue bin width sensitivity. 2m s−1 bin marked in black.

data is used to obtain the probability of each mean wave direction. Then, the correction

factor is obtained according to Equation 4.17 as demonstrated in Table 4.4.

Rµ =

I∑
i=1

[
p (µi) |cosµi|3

]
(4.17)

Table 4.4: Directionality correction factor calculation.

µi (
◦) p (%) Ri

15 13.2 % 0.1277
45 5.3 % 0.0375
75 3.3 % 0.0085
105 7.9 % 0.0205
135 8.5 % 0.0598
165 10.8 % 0.1045
195 9.0 % 0.0868
225 5.6 % 0.0396
255 6.6 % 0.0170
285 9.2 % 0.0239
315 8.6 % 0.0610
345 12.0 % 0.1155

Rµ =
∑I

i=1Ri 0.7023

The fatigue analysis will be further detailed in Chapter 6. In the following, the FLS
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metrics adapted as constraints are briefly introduced.

Tower base fatigue damage The fatigue damage at the tower base section is

computed by summing up the contributions from all environmental conditions bins,

under the assumption of linear cumulative damage (Palmgren-Miner rule):

Dtwr = Td

N∑
i=1

Di,twrpiRµ (4.18)

Td is the design life of the FOWT in hours, Di and pi are the contribution to 1 h

fatigue from the i-th bin and the bin’s probability, respectively, R is the directionality

reduction factor.

The fatigue damageDi,twr is computed in accordance with DNV-RP-C203 [26] using

the hotspot stress range, which is defined as the product of the nominal stress—arising

from inertial and aerodynamic loads—and the stress concentration factor, accounting

for geometric discontinuities such as the slope between sections of varying diameters.

The corresponding constraint is formulated as:

Dtwr ≤ 1/DFFtwr (4.19)

where DFF is the Design Fatigue Factor (DFF) from DNV-OS-C101 [216], reflecting

the probability and consequence of failure. For the tower base section, a value of

DFFtwr = 1 is used, considering that it is an external structure accessible for inspection,

located above the splash zone (more than 5m above the waterline), with a 5-year

inspection interval conducted on-site afloat.

Mooring line fatigue damage The tension-tension fatigue damage (excluding

the out-of-plane bending effects) of the most loaded mooring line at the first link of the

chain (connected to the fairlead) is computed as:

Dmoor = Td

N∑
i=1

Di,moorpiR (4.20)

The stress required for the fatigue assessment is computed accounting for a corrosion

rate of 0.2 mm/year over half of the design life (12.5 years). Additionally, following
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the recommendation of DNV-OS-E301 Section 6.5.4 [213], an additional load factor

γF = 3 is applied to account for uncertainties in the fatigue analysis, assuming that

the mooring system is inspected at a suitable offshore or onshore facility. Therefore,

the constraint is formulated as follows:

Dmoor ≤ 1/γF (4.21)

4.4.4 ALS group

ALS corresponds to survival conditions during extreme loading events and addresses

system safety following local damage caused by accidental loads [108]. Load analysis

under ALS conditions examines transient phenomena resulting from events such as

emergency stops or mooring line failures, which cannot be accurately modelled using

fast engineering tools, such as the frequency-domain model developed in this work.

Consequently, ALS is typically not considered in early concept or feasibility studies

and will not be further addressed in this thesis.

4.5 Conclusion

This section provides a summary of the chapter and outlines the specific contributions

to knowledge made.

4.5.1 Summary

This chapter presents a re-formulation of the FOWT support-structure design optimi-

sation problem. The formulation is grounded in offshore standards and recommended

practices, but adapted for conceptual-level design, where design information is limited

and fast evaluation methods are required. The design variables define key features of

three subsystems—the tower, floating platform, and mooring system—chosen to bal-

ance flexibility with a tractable number of degrees of freedom. The objectives represent

cost estimates for these subsystems. The constraints include metrics that serve as prox-
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ies for the safety checks recommended in offshore standards. The complete optimisation

problem formulation is summarised in Table 4.5.

Table 4.5: Summary of design formulation: variables, objectives, and constraints.

Category Subsystem Quantity Symbol / Expression

Design Tower Base diameter dtwr

variables D/t ratio αtwr = dtwr/ttwr

Platform Draft T

Diameters d(z) at z/T ∈ {0, 0.25, 0.5, 0.75, 1}
Mooring Fairlead vertical pos. αF = zF /T

Anchor radius rA

Line shape parameter αmoor

Nominal chain diam. dmoor

Objectives Support str. Cost proxy fcost,str = csteelMsteel + cbalMbal

Mooring Chain cost fcost,moor = cmoorml

Mooring Total length fl,moor = 3l

Constraints SLS Max offset ∥ηmax,1:3∥ ≤ 0.15d

Max tilt ∥ηmax,4:6∥ ≤ 12.5◦

Hub accel. ∥η̈1:3∥ ≤ 0.3g

Nat. freq. penalty P (fnat) ≤ 0

Anchor vert. pull Fz,moor ≤ 30kN

ULS Tower yielding σVM, Sd/fyd ≤ 1.0

Tower shell buckling σa,Sd + σm,Sd ≤ fks/γm

Tower column buck-
ling

NSd
NRd

+ |MSd|
MRd

≤ 1.0

Mooring strength
γmeanTmean + γdynTdyn

SF
≤ MBL

(
dcorr
dnew

)
FLS Tower base fatigue Dtwr ≤ 1/DFFtwr

Mooring fatigue Dmoor ≤ 1/(DFFmoor γF )

The problem formulation developed here will form the basis for the dynamic model

development (Chapter 6) and optimisation case study (Chapter 7).

4.5.2 Specific contributions

The following contributions to knowledge were made:
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• Formulation of the optimisation problem grounded in offshore standards and suit-

able for the conceptual design stage.

• New parametrisation of the catenary mooring line, including a shape parameter

which allows to simultaneously vary the mooring line length and fairlead and an-

chor positions, ensuring the geometrical plausibility of the system (compatibility

of the three variables).

• New formulation of the resonance avoidance constraints, based on both the prob-

ability and power content of the exciting frequencies (wind, waves, 1P, 3P).
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Chapter 5

Unconventional metric:

instantaneous centre of rotation

This chapter is based on two published papers:

P5 Patryniak K, Collu M, Coraddu A, Rigid body dynamic response of a floating off-

shore wind turbine to waves: Identification of the instantaneous centre of rotation

through analytical and numerical analyses (2023). Renewable Energy 218

P6 Patryniak K, Collu M, Jonkman J, Hall M, Barter G, Zalkind D, Coraddu A,

Investigation into the instantaneous centre of rotation for enhanced design of

floating offshore wind turbines (2025). Wind Energy Science 10

5.1 Introduction

As discussed in Chapter 2.2.1, compact system-level metrics capable of representing

the complex dynamic behaviour of FOWTs may be valuable for design interpretation

and optimisation. Considering the instantaneous centre of rotation (ICR) as one such

potential metric, this chapter investigates the characteristics, behaviour, and potential

design relevance.

Specifically, addressing the gap identified in Section 2.2.2, this chapter proposes

methods to identify the ICR of FOWT and its statistics (Section 5.2) through time-
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domain, dynamic numerical approach.1 The dynamic analysis in regular and irregular

waves is carried out to understand the motion patterns and ICR sensitivity to wave

period and height. Then, the ICR of design variations under the complex loading con-

ditions typical of operational FOWTs is further investigated to provide understanding

supporting the design process. The initial step involves examining the influence of more

complex environmental loading conditions (Section 5.4) to enhance understanding of

ICR behaviour in realistic operational scenarios. For ICR insights to be useful in the

design process, two conditions must be met:

• The ICR must be correlated with FOWT responses that are critical for design

improvement.

• A set of design variables that can be adjusted to “control” the ICR statistics must

be identified to enable these improvements.

Accordingly, Section 5.5 explores how specific design decisions affect ICR behaviour,

followed by an investigation of the relationship between the ICR and key FOWT re-

sponses (Section 5.6). This sensitivity analysis helps identify key design features that

can be prioritised during the FOWT optimisation process. This leads to the definition

of a practical design scenario, which will be presented later in Chapter 6.5.

This Chapter focuses on the analysis performed for the spar-type FOWT. However,

corresponding analysis of the semisubmersible-type FOWT is available in previously

published work [217].

5.2 Methodology

This section outlines the methods used to derive and study the ICR of FOWTs. The

dynamic model, environmental conditions, and coordinate systems used to simulate the

motion of the FOWT are introduced, followed by the statistical methods required to

analyse the ICR. Finally, the general methodology for ICR analysis is outlined.

1Note that the models used in this chapter are not the ones developed and used in previous chap-
ters. Previous chapters focused on developing frequency-domain and hybrid domain models, while this
section uses a well-established time-domain model to study the ICR.
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5.2.1 ICR derivation

When exposed to collinear unidirectional wind, wave, and current loads, FOWTs un-

dergo general plane motion, with translational and rotational characteristics that de-

pend on the external loads and the structure’s design. In particular, the centre of the

pitch rotation depends on the amplitudes, frequencies, phases, and distributions of the

external dynamic forces, and therefore its determination is nontrivial.

A point (not necessarily within the body) of zero velocity at a particular instant in

time (i.e. ICR) can be found by analysing the velocity vectors at two arbitrarily chosen

points on the body. By definition, the ICR appears to be instantaneously at rest, all

other points in the body present pure rotation about this point; i.e. they follow circular

paths around the ICR [110]. Therefore, the ICR can be found at the intersection of the

lines perpendicular to the velocity vectors at the two points (A and B in Figure 5.1),

assuming a rigid body. In the case when the velocity vectors are parallel, of different

magnitudes, and do not cross and the line joining points A and B is perpendicular to

the velocities, the ICR can be obtained through a direct proportion2 [110], as illustrated

in the middle subfigure of Figure 5.1. Finally, in the special case of pure translation

(right subfigure of Figure 5.1), the perpendiculars to the velocity vectors do not cross,

and so the ICR tends to infinity.

Note that the location of the ICR changes as the body moves or loading conditions

change, in terms of both the body-fixed and global inertial coordinate systems, and

therefore, it only exists at a particular instant in time (hence, “instantaneous”).

The vectors required for this calculation can be found by measuring the velocities

in A and B, which are obtained from the time-domain numerical simulations (detailed

in Section 5.2.2).

5.2.2 Dynamic simulations

All simulations are performed with OpenFAST [133], a state-of-the-art, extensively

validated nonlinear aero–hydro–servo–elastic coupled time-domain model of dynam-

2Direct proportion is a relation between two quantities where the ratio of the two is equal to a
constant value.
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Figure 5.1: Construction of the ICR using velocity vectors at two points on the floating
body. Left: general case, misaligned nodes, middle: special case, aligned nodes, right:
special case, pure translation.

ics [218]. Equations of motion of OpenFAST are nonlinear and are expressed in a mod-

ular generalised state-space form with module-level states and module-to-module cou-

pling handled through input–output constraints [219]. The degrees of freedom include

six rigid-body motion modes; although possible in OpenFAST, the elastic dynamics are

not modelled, as the analysis relies on a rigid-body assumption. The aerodynamic so-

lution relies on the blade-element momentum theory with Beddoes–Leishman unsteady

blade airfoil aerodynamics model, tip and hub loss corrections. Turbulent wind exci-

tation was included according to the IEC 61400-1 Ed. 3 recommended spectrum. The

first-order potential hydrodynamics are modelled through frequency-to-time-domain

transforms based on the potential coefficients obtained from the boundary element

method (BEM) code WAMIT [220], as available in [221]. The geometry of the spar

platform was not varied within the study; therefore, one set of coefficients is sufficient.

Viscous loads are computed from Morison’s theory, with the hydrodynamic coefficients

listed in Table 5.1. Second-order hydrodynamics are not modelled. The sum-frequency

Table 5.1: Hydrodynamic model parameters.

Parameter Unit OC3 spar

Maximum Morison element size m 0.5
Maximum BEM panel size m 1
Added mass coefficient - -
Transverse viscous-drag coefficient - 0.6

loads act at frequencies exceeding the dominant natural frequencies of the spar sys-

tem, so although important from the flexible structure response point of view, they

do not excite significant rigid-body motions [147]. The difference-frequency loads for
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the spar are, in general, at least an order of magnitude smaller than the first-order

hydrodynamic loads [147, 150], and also small as compared to aerodynamic thrust, in

the order of 1% of the mean thrust [150]. The nonlinear mooring loads are computed

using either a quasi-static or a lumped-mass model.3 The initial investigation uses a

quasi-static model MAP++ [222, 223]. The code calculates steady-state forces on the

mooring lines’ segments, including the effects of the seabed contact (kinetic friction

force calculated as the product of a kinetic friction coefficient and the seabed contact

normal force). The catenary line profile and effective forces are computed based on the

distributed line mass, strain, and elasticity, for a line suspended in static equilibrium

(hence quasi-static). Forces arising from the inertia, viscous drag, internal damping,

bending and torsion are all ignored. The latter investigation of the ICR sensitivities

is performed using a lumped-mass mooring line model, MoorDyn [224]. The model

includes the effects of axial stiffness and damping, weight and buoyancy, hydrodynamic

viscous forces, and vertical spring-damper forces from contact with the seabed.

5.2.3 Environmental conditions

The fundamental study presented in Section 5.3 considers a range of regular and irreg-

ular wave periods and heights outlined in Table 5.2. The selected wave periods were

Table 5.2: Case study definition - wave conditions.

Waves type (Peak) period (Significant) wave height
(-) (s) (m)

Regular 10.47–125.66 2.0, 4.0, 8.0
Irregular 10.47, 31.25, 125.66 2.0, 4.0, 8.0

chosen to span the low-frequency response regimes most relevant to rigid-body motion

of FOWTs, including conditions near the surge, pitch, and heave natural periods, in

order to isolate and interpret the fundamental mechanisms governing ICR behaviour.

The more detailed study presented in Section 5.4 investigates the ICR under increas-

ingly realistic environmental conditions, including shorter irregular waves and combined

3The latter investigation was an extension of the initial research and used a generally more accurate
model.
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environmental loading. Instead of relying on the predefined design load cases (e.g. DLC

1.6, which involves an operational turbine in normal wind and severe sea state condi-

tions, and DLC 6.1, which considers a parked turbine experiencing extreme wind and

sea conditions, as outlined in the IEC 61400-3-2 standard [225]), this study selectively

applies different loading components. This approach aims to provide deeper insights

into the ICR behaviour related to specific sources of loading. The wind conditions

are characterised by the mean hub-height wind speed, profile (shear), and turbulence

intensity, and the wave conditions (sea states) are characterised by the (significant)

wave height and (peak) period. Wind and wave are co-directional and aligned with the

positive x-axis. The wave peak-shape parameter is set based on the peak period and

significant wave height, as recommended in the IEC 61400-3 Annex B [210].

Sections 5.5 – 5.7, on the other hand, investigate ICR over a range of realistic envi-

ronmental conditions. Each design variant is simulated in 10 environmental conditions,

listed in Table 5.3, representing binned metocean data obtained for the Scottish sec-

toral marine plan for the NE8 site [209] (these bins account for 98.4% of cumulative

probability). The responses presented in this chapter refer to the average responses

weighted by the probability of each of the 10 conditions. Each simulation is run for

1 hour (excluding the initial transient phase) with a single random seed (the same seed

in all simulations).

Table 5.3: Environmental conditions binning. Wind shear fixed at 0.2 and turbulence
intensity at 14%.

Condition 1 2 3 4 5 6 7 8 9 10

Vs (m s−1) 4.1 6.3 8.5 10.7 12.9 15.1 17.3 19.5 21.7 23.9
Hs (m) 1.09 1.23 1.44 1.75 2.17 2.68 3.27 3.95 4.71 5.42
Tp (s) 8.68 8.54 8.14 7.65 7.51 7.63 8.04 8.58 9.16 9.58
Probability 0.087 0.213 0.266 0.230 0.134 0.052 0.013 0.002 0.001 0.001

5.2.4 Floating system and coordinate system

The results presented here relate to the case of the OC3 Hywind spar platform with

a catenary mooring system, as defined in [226], and the NREL 5MW reference wind
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turbine, as defined in [43]. 4 The details of the reference design are given in Tables 5.4–

5.5 and Figure 5.2.

Table 5.4: OC3 Hywind spar FOWT original design characteristics. CG – centre of
gravity; CB – centre of buoyancy.

Property Unit OC3 spar

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 · 106
Vertical CG m −89.92
Pitch inertia about CG kgm2 4.23 · 109

Hydrostatics:
Vertical CB m −61.17
Metacentric height m 28.7
Stiffness coefficient:

Heave Nm−1 3.33 · 105
Pitch Nmrad−1 −4.99 · 109

Infinite-frequency added mass:
Surge–surge kg 7.569 · 106
Heave–heave kg 2.35 · 105
Pitch–pitch kgm2 3.7 · 1010
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 853.87
Unstretched line length m 902.20
Chain diameter (volume-equivalent) m 0.09

Pretension kN 910
Natural frequency:

Surge Hz 0.008
Heave Hz 0.032
Pitch Hz 0.034

This study employs two distinct coordinate systems. The global inertial coordi-

nate system, illustrated in Fig. 5.2, offers a reference frame for examining how the

ICR responds to varying environmental loading conditions and design parameters. By

remaining unaffected by the structural displacements, it provides a clear view of how

4OC3: offshore code comparison collaboration; OC4: offshore code comparison collaboration con-
tinuation
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Table 5.5: NREL 5MW reference rotor characteristics.

Property Unit Value

RNA mass kg 350000
Hub height m 90.0
Cut-in, rated, cut-out wind speed m s−1 3, 11.4, 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

external forces influence the ICR. It is centred at the intersection of the mean wa-

terline and the undisplaced tower axis (centroid of the undisplaced initial waterplane

area). Conversely, the body-fixed coordinate system is used for design-focused evalua-

tions, where the goal is to position the ICR relative to specific locations on the floating

structure. This system initially coincides with the global inertial coordinate system

but moves (both translating and rotating) with the floating body. Throughout the

chapter, the results are primarily presented in the global inertial frame, except where

the local frame is used to support the interpretation of observed design trends (where

appropriate).

Figure 5.2: FOWT design variables and coordinate system.
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5.2.5 ICR statistics

Since the ICR can exhibit asymptotic behaviour (even during a well-behaved single-

frequency sinusoidal motion - as will be shown later) and is very irregular under stochas-

tic environmental loading conditions, analysing time-domain signals directly can be dif-

ficult and not readily applicable to the design context. Therefore, a statistical analysis

approach is followed instead.

The ICR is evaluated over the final 10 pitch periods to characterise representative

behaviour while excluding the initial transient response and maintaining consistent

coverage of the periodic response. Since the coupled FOWT motions contain multiple

frequency components, the selected window does not fully isolate all dynamic contri-

butions and therefore represents an approximation. Nevertheless, the adopted window

was found sufficient to capture the dominant ICR trends and distributions discussed in

this study.

The distribution characteristics of the in-plane coordinates of the ICR (type, mean,

mode, expected value, standard deviation, skewness and kurtosis) are investigated.

The mode (position of the peak of the distribution) gives a useful indication of the

most often encountered values. However, in the cases where the ICR distributions are

multimodal, the expected value is a more useful statistic. It is defined as the value

that is the most likely result of the next repeated trial of a statistical experiment [227]

and uses the probabilities of possible outcomes as weights in the process of finding the

weighted average of the data in a data set. Here, it is adapted to find the average ICR

coordinates weighted by the frequency of occurrence in the time signal recorded over

10 pitch periods, sampled at 0.0125s. Additionally, time histories and histograms of

the ICR and rigid motions are presented to complete the picture.

The one-sample Kolmogorov–Smirnov (K–S) test with hypothesis testing [228] is

performed to establish whether the ICR follows a normal distribution. This test com-

pares data sampled from a fitted normal distribution with the samples from the original

data and outputs two metrics: the K–S statistic, which measures the maximum dis-

crepancy between the empirical cumulative distribution functions of the two samples,

and the p-value, which indicates the probability of observing the test results under
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the null hypothesis. The null hypothesis is that the two samples come from the same

distribution. A high p-value above the significance level of 0.05 suggests insufficient

evidence to state that the two samples come from different distributions. Therefore, a

low K–S value and a p-value above 0.05 are needed to confirm that the data closely

follow a normal distribution.

To analyse the relationships between design variables, the ICR, and FOWT re-

sponses, the Spearman rank correlation coefficient5 is used, which quantifies the sta-

tistical dependence between two variables. As illustrated in Table 5.6, for each pair of

variables (for example, the standard deviation of the tower base bending moment and

the standard deviation of zICR), their values from different simulations are listed and

ordered (the smallest value in a list gets rank 1, the second-smallest value gets rank

2, etc.). The Spearman correlation coefficient ρs is computed based on the sum of the

differences in the ranks of the paired values:

ρs = 1−
6
∑n

i=1 d
2
rank,i

n(n2 − 1)
(5.1)

drank,i is the difference between the ranks for sample (simulation) i, and n is the number

of observations (simulations).

Table 5.6: Spearman rank correlation calculation example.

Sample My std (kNm) Rank zICR std (m) Rank drank,i

1 2.65E+03 5 120.55 4 1
2 2.66E+03 4 119.29 5 -1
3 2.87E+03 3 126.24 2 1
4 3.21E+03 2 122.14 3 -1
5 3.72E+03 1 149.58 1 0

Spearman’s correlation assesses the strength of a monotonic relationship, making

no assumptions about the underlying data distribution. A correlation close to +1 or

−1 indicates a strong monotonic relationship:

• ρs ≈ 1: as one variable increases, the other tends to increase.

5The rank of a value is its position within a sorted list of data points, ordered from smallest to
largest.
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• ρs ≈ −1: as one variable increases, the other tends to decrease.

• ρs ≈ 0: there is little to no monotonic relationship between the variables.

Since Spearman’s correlation is based on ranks rather than raw values, it is robust to

nonlinearity and less sensitive to outliers than Pearson’s correlation. However, it does

not imply causation, meaning that a strong correlation does not indicate that changes

in one variable directly cause changes in another.

5.2.6 Analysis approach

The remainder of this chapter will use the numerical method introduced in Section 5.2.1

to investigate the ICR of FOWTs in synthetic and real operational environmental

loading conditions. As outlined in Figure 5.3, the analysis starts with a series of time-

domain analyses carried out in regular and irregular waves to study the time-dependent

behaviour of the ICR and to establish its sensitivity to wave frequency and height in

a simple scenario of wave-only loading following the approach derived in Section 5.2.1.

Building on that, the next, more involved and applied analysis stage, depicted in the

bottom part of Figure 5.3, aims to i) understand the behaviour of the ICR in a complex,

realistic environment, and ii) demonstrate how knowledge of ICR behaviour can be

leveraged to improve FOWT designs.

The ICR can serve as a useful metric in the FOWT design process, provided that

1. the FOWT design can be modified in ways that influence the ICR statistics, and

2. the ICR statistics significantly affect the responses of interest (i.e. the perfor-

mance of the FOWT).

Therefore, to facilitate the practical application of new knowledge about the ICR of

FOWTs, this study examines the relationships among design variables, ICR statistics,

and response statistics. In particular, design variables significantly correlated with the

ICR statistics, and ICR statistics significantly correlated with the responses of interest

are investigated, as illustrated in the middle blocks of Figure 5.3.
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Figure 5.3: The procedure for investigating the ICR of FOWT, including an initial
theoretical study (P5) and a more detailed study aimed at practical application (P6).

The study begins with one-at-a-time perturbations of multiple design variables,

which are features of the floating platform and mooring system. This approach al-

lows for the examination of correlations with ICR statistics (the mean and standard

deviation of horizontal and vertical ICR components). Although more comprehensive

experimental designs, such as full-factorial or Latin hypercube, offer deeper insights

into design space behaviour, perturbing one variable at a time while keeping all other

variables at their original design values allows for a clear presentation and interpretation

of the results and significantly reduces the design space size, keeping the computational

cost tractable.

Once the relationships between the design variables and ICR are established, the

most impactful parameters are identified for down selection. These parameters are then

subjected to a more thorough sensitivity analysis using a full-factorial approach. This

analysis explores the relationships between all combinations of the selected parameters

and the responses of interest (i.e. design performance metrics).

At this stage, highly correlated pairs of design variables and ICR statistics are fur-

ther refined to include only those that also show strong correlations with the responses

of interest. This systematic procedure helps identify design directions that may lead to
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Figure 5.4: Wave energy spectra for 9 sea conditions (JONSWAP).

significant improvements in the performance of the FOWTs through changes to ICR

statistics, supporting the definition of the design case studies (last block of Figure 5.3).

5.3 ICR in waves

The method described in 5.2.1 was applied to study the time history and statistics of

the ICR coordinates during the motion of the moored platform in regular and irregular

waves. The simulations were carried out for a range of wave periods and heights outlined

in Table 5.2 in Section 5.2.3. The JONSWAP frequency spectrum was used to generate

irregular waves, as recommended by the IEC 61400-3 Annex B [214] and shown in

Figure 5.4. The results of the two series of tests will be presented in turn.

5.3.1 Regular waves

The simulations were carried out in regular waves of three different heights (2m, 4m,

and 8m), at periods ranging from 10.47 s to 125.66 s. Figure 5.5 presents the time

history of the horizontal and vertical coordinates of the ICR (xICR and zICR) during

the platform’s motion in 2m waves of frequency equal to the natural pitch frequency

(0.2 rad s−1), plotted together with the pitch motion signal. The transient part of the

signal is excluded, and the last 10 pitch periods are shown. Both xICR and zICR present

periodic behaviour with tangent-like and parabolic shapes, which are the consequence

of the pitch motion changing direction twice every cycle. At instances when the pitch

142



Chapter 5. Unconventional metric: instantaneous centre of rotation

Figure 5.5: ICR time history in pitch natural frequency regular waves motion for 10
pitch periods.

velocity is zero (i.e., pitch displacement reaches maximum or minimum), the ICR be-

comes infinity. The physical interpretation can be made by examining a single pitch

period, as displayed in Figure 5.6. Four phases of the pitch motion can be distinguished,

each with characteristic ICR behaviour:

• Phase 1: as the pitch angle increases from zero to maximum, the x-coordinate

of the ICR decreases from 19.5 m to minus infinity. The infinite xICR at the

pitch motion peak corresponds to an instantaneous lack of rotation or a pure

translation. As mentioned before, this is to be expected as, at this point, the

pitch motion changes direction, hence the platform momentarily becomes static.

zICR presents a similar behaviour, except, it increases to plus infinity at the end

of the phase. A discontinuity is seen in both coordinates shortly after half of the

phase - as will be shown later in this section, this is the effect of the mooring lines

restraining the motion of the platform.

• Phase 2: as the pitch angle decreases from maximum to zero, the x-coordinate of

the ICR decreases from plus infinity to a finite value of 22.2m. zICR follows an

143



Chapter 5. Unconventional metric: instantaneous centre of rotation

Figure 5.6: ICR time history in pitch natural frequency regular waves motion for 1
pitch period, derived from Figure 5.5.

opposite trend, increasing from minus infinity to a negative value of −61.9m.

• Phase 3: as the platform pitches towards the opposite direction, xICR repeats the

same pattern as in phase 1. zICR increases to plus infinity, with a discontinuity

shortly after the half of the phase.

• Phase 4: as the platform returns to its initial position, xICR decreases back to

19.5m, and zICR increases back to −61.9m. Note the anti-symmetry of the xICR

plot.

Both coordinates span infinite ranges. Although the above analysis aids the un-

derstanding of the dynamics of the platform pitch motion, it does not allow for the

identification of a point of minimum additional translation due to the rotation during

general motion, which is of practical interest. For this reason, the statistics of xICR

and zICR are examined next, as listed in Table 5.7.

The positive value of mode of xICR indicates motion asymmetry - the ICR concen-

trates 27.98m aft of the centre of flotation (i.e., the origin of the assumed coordinate

system). The consequence of this is that the side of the floater facing the incoming
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Table 5.7: Statistics of the ICR components based on the last 10 pitch periods, for the
pitch natural frequency.

xICR zICR

Statistic (m) (m)

Mean 30.73 -101.35
Mode 27.98 -102.38
Expected value 20.61 -62.27
Standard deviation 3019.99 264.24

waves experiences a higher amplitude of motion. The mode of zICR (−102.38m) is

at a depth not coinciding with any of the commonly considered characteristic points

(i.e., the centre of flotation, buoyancy, gravity and the fairlead attachment point). The

large vertical distance from the most often encountered centre of rotation from the hub

impacts the velocities and accelerations encountered at the hub level. Both coordinates

have a high standard deviation, indicating that the values are spread out over a wide

range. While xICR distribution is almost perfectly symmetric around the mean, zICR

is skewed away from the mean. This is a consequence of the fact the zICR of FOWT

in regular waves follows a bi-modal distribution, as illustrated in Figure 5.7, where the

space centrode of ICR (or locus: a curve formed by all ICR points) is plotted together

with the probability distributions.

The space centrode of ICR consists of four curves, with the points concentrated

near the centre of the plot. This shows that, at this frequency, the rotational behaviour

of a FOWT is significantly more complex than that of FPSO vessels, the centrodes of

which have been reported to be straight lines in multiple references, including [121]

(refer to the literature review in Section 2.2.2). Hence, unlike for FPSO, the derivation

of an analytical model for the ICR centrode would be very challenging.

Lastly, the dependence of the ICR coordinates on the frequency and height of the

incoming regular waves was studied.

Wave frequency effect A clear dependence of both ICR coordinates on the fre-

quency of the waves was observed (Figure 5.8). E(xICR) peaks at a frequency slightly

higher than the surge natural frequency, following a downward trend thereafter. An

opposite tendency is observed for E(zICR). In the low-frequency limit, xICR and zICR
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Figure 5.7: ICR space centrode with probability distributions of the x and z coordi-
nates. The coordinates of the ICR were z-score normalised (their distribution has a
mean of 0 and a standard deviation of 1).

tend to infinity, which corresponds to a pure translation. The value of ICR increas-

ing with the frequency decreasing is consistent with the behaviour observed previously

in [117], where the large ICR values were associated with the condition of the long

waves, whereby a floating body with a long natural period follows the profile of the

sea surface, which corresponds to the motion dominated by translation, with minimal

rotation (pitch). In the high-frequency limit, both E(xICR) and E(zICR) tend to zero

(i.e., the centre of flotation). At the heave natural frequency (0.201 rad/s), E(xICR)

peaks slightly due to the resonance between the rigid DOF and the oscillatory wave

load, achieving values of 28.32m to 47.66m, depending on the wave amplitude.6 Note

that these values do not coincide with either the centre of flotation/gravity or the moor-

ing attachment point. Divergence from the values obtained by the analytical approach

(initial centre of rotation) is also observed (recall the result of the analytical approach:

xICR = zICR = 0.0 m). See Figures G.1 and G.2 in Appendix G for a comparison of

the time series of ICR coordinates at different frequencies.

6This situation is similar to that illustrated in the right panel of Figure 5.1–for a given horizontal
velocity, increasing the vertical velocity leads to the x-coordinate of the ICR shifting away from the
body. This will be better explained in Section 5.4.2.
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Figure 5.8: The expected value of ICR as a function of frequency for different wave
heights.

Wave height effect As can be seen in Figure 5.8, the expected values of both coor-

dinates present significant sensitivity to the wave height at low frequencies and almost

no sensitivity to the wave height at the frequencies higher than the pitch natural fre-

quency. This characteristic behaviour at the low frequencies can, among other factors,

be attributed to:

• Mooring loads, nonlinear in platform offset: a catenary mooring system provides

the station-keeping ability in the function of the weight of the suspended line

length: when the platform is displaced away from the equilibrium position, a

portion of the upwind line resting on the seabed is lifted, increasing the length

of the free-hanging chain and changing the angle of the lines, which nonlinearly

affects the tension in the lines and the load on the floating platform [36].7 The

changes in mooring stiffness due to the platform offsets impact the low-frequency

surge motions [32,33].

• Viscous drag, nonlinear in wave amplitude: the viscous drag depends on the

square of the relative velocity, i.e., the sum of the water particle velocity and

the platform motion velocity [159], dependent on the wave height. The response

of the FOWT near the resonant frequency (surge natural frequency) is highly

dependent on the viscous loading on the platform [229,230].

7Note that this is true for the lines opposite to the direction of the platform movement; the opposite
is true for the other lines.
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Therefore, to explain the low-frequency discrepancies, the expected value of ICR has

been recalculated modifying the underlying physical model to exclude the two nonlinear

effects. The nonlinear mooring loads were eliminated by replacing the quasi-static

mooring model with a linearised one (fixed stiffness matrix obtained at the undisplaced

platform position). The nonlinear viscous loads were eliminated by setting the viscous

drag coefficient within OpenFAST’s strip theory approach to zero.

As presented in Figures 5.9 and 5.10, both nonlinear effects (mooring and viscous

loads) had a significant effect on the sensitivity of ICR to the wave height. Replacing the

quasi-static mooring model with a linear one led to the reduction in the discrepancies

in the zICR at all but the lowest two frequencies considered. Removing the viscous drag

from the hydrodynamic model resulted in a significant reduction in the discrepancies

in xICR at all frequencies. The two effects combined in such a way that the sensitivity

of the ICR to wave height was greatly lowered (Figures 5.9c and 5.10c).

(a) Linear mooring model:
Cm = const

(b) Drag coefficient cD = 0 (c) Combined effects: Cm =
const, cD = 0

Figure 5.9: Impact of nonlinear effects on E(xICR).

The part of the mooring load linear in platform displacement was also found to

contribute to the observed relationship between the ICR and wave height. Figure 5.11

presents E(xICR) and E(zICR) as functions of wave frequency for different wave heights,

obtained for an unmoored structure.

A significant reduction in discrepancies at low frequencies can be seen, as compared

to the standard systems’ results (Figure 5.8). Additionally, when the mooring load
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(a) Linear mooring model:
Cm = const (b) Drag coefficient cD = 0

(c) Combined effects: Cm =
const, cD = 0

Figure 5.10: Impact of nonlinear effects on E(zICR).

Figure 5.11: Expected value of ICR as a function of frequency for different wave heights
H, obtained for an unmoored system. The surge, heave, and pitch natural frequencies
are marked with vertical lines for reference.

was removed from the model, both coordinates of ICR at 0.05 rad s−1 changed their

signs, making the xICR(ω) and zICR(ω) curves monotonic. One more time, a significant

impact of the mooring system on the dynamic behaviour of FOWT in low-frequency

waves has been revealed.8

Since the ICR is computed based on velocity vectors, its sensitivity to the wave

height primarily stems from the sensitivity of the motion velocity to the wave height.

8An effect not directly discussed in the above is that of the surge natural frequency ”vanishing” in
the absence of the mooring system; due to no stiffness in the surge direction, the only oscillation in
the surge direction is due to the pitch rotation, and one can no longer speak about the resonance with
the waves in the low-frequency range, which might contribute to the observed reduction in the ICR
sensitivity to wave amplitude.
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Indeed, Figure 5.12b shows the highly nonlinear relationship between the wave height

and the platform motion velocity (measured at the system’s origin), but only in the

low-frequency case — this is not seen in the higher frequency (10 s) case (Figure 5.12a).

(a) Wave period 10 s (high frequency) (b) Wave period 125 s (low frequency)

Figure 5.12: Comparison of the surge and heave displacement and velocity time histories
for two different wave frequencies.

As noticed before, the complex motion behaviour at the low frequency (i.e., in long

waves) is partly due to the effect the moorings have on the system. In the coupled 6

DOF motion, due to large surge offsets in near-resonant conditions, the mooring loads

lead to the distortion of the heave and pitch motion patterns, as can be observed in

Figure 5.13a.

The nature of this distortion depends on whether the mooring load is linear or

nonlinear in platform displacement, and can be understood through the concept of

signal clipping borrowed from signal processing [231,232].

Consider the pitch displacement of a freely floating (unmoored) platform in steady-
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(a) Pitch time history (b) Pitch FFT amplitude

Figure 5.13: The time history and FFT plots of the pitch motion obtained with different
dynamic models.

state response to regular waves: since the hydrodynamic forcing is at a single frequency

ω and the system is linear in the absence of moorings, the pitch motion is purely

sinusoidal,

θ(t) = Θ sin(ωt), (5.2)

where Θ is the pitch amplitude. The linear mooring stiffness restrains the platform’s

surge motion, which feeds back into pitch through the geometric surge–pitch coupling.

Crucially, a linear (constant) stiffness matrix is symmetric: it provides equal restoring

force for positive and negative platform displacements. This symmetry means that

the distortion it imposes on the pitch signal satisfies f(−θ) = −f(θ), i.e., it is an odd

function of displacement. When an odd-symmetric distortion is applied to a sinusoidal

signal sin(ωt), the Fourier series of the resulting waveform contains only odd harmonics
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of the excitation frequency:

θ(t) ≈ a1 sin(ωt) + a3 sin(3ωt) + a5 sin(5ωt) + · · · (5.3)

This is the so-called hard clipping : the linear mooring stiffness flattens the peaks of

the pitch signal symmetrically, which resembles clipping in an audio amplifier. The

result is visible both in the time history (Figure 5.13a, middle row) and in the FFT

(Figure 5.13b, middle row), where harmonics at odd multiples of the wave frequency

appear.

The nonlinear (catenary) mooring, by contrast, introduces an asymmetric restoring

force: when the platform surges in one direction, the upwind mooring line tightens

nonlinearly while the downwind line slackens, so the stiffness is greater in one direction

than the other at large amplitudes. This asymmetry means f(−θ) ̸= −f(θ), i.e., the

distortion is no longer an odd function, and the Fourier series of the pitch response

acquires both odd and even harmonics (as well as a non-zero mean offset a0):

θ(t) ≈ a0 + a1 sin(ωt) + a2 sin(2ωt) + a3 sin(3ωt) + · · · (5.4)

This is soft clipping : the positive and negative peaks of the pitch signal are rounded

off differently, as visible in the bottom rows of Figures 5.13a and 5.13b.

The strength of both clipping effects increases with wave height, since larger waves

drive larger surge offsets and therefore stronger mooring-induced distortion.

A complementary source of nonlinearity is the viscous (Morison) drag, which is

quadratic in the relative velocity between the water particles and the platform (urel):

FD ∝ |urel|urel. (5.5)

For a sinusoidal relative velocity urel = U sin(ωt), the drag force is an odd-symmetric

function of urel, and its Fourier expansion contains only odd harmonics of ω. In the

unmoored case, the platform moves freely with the long waves, keeping the relative

velocity small and drag largely insignificant. Once the linear mooring stiffness is in-
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troduced, the platform is restrained and no longer tracks the wave motion freely; the

relative velocity increases, activating the quadratic drag as a meaningful source of odd

harmonics. This effect is further amplified at higher wave heights, since larger wave

particle velocities increase urel and therefore the drag force, consistent with the wave-

height sensitivity seen in Figure 5.13b.

Both effects — mooring-induced clipping and quadratic drag — share the same

root cause: the large surge motion at low frequencies, which grows with wave height.

Although the linear mooring stiffness is itself a linear addition to the system, the

equations of motion solved by OpenFAST are nonlinear: by restraining surge while pitch

remains primarily governed by hydrostatic restoring forces, the linear mooring stiffness

creates a phase imbalance between the two DOFs that is absent in the unmoored case.

It is this mooring-imposed phase difference that activates the geometric surge–pitch

coupling and introduces harmonic distortion — confirmed by the fact that disabling

the surge–pitch coupling9 suppresses the even harmonics, as depicted in Figure H.1 in

Appendix H.

5.3.2 Irregular waves

The study of the ICR of FOWT subjected to regular wave loading provided a good

basis for the investigation of its behaviour in irregular waves, being one step closer to

a real operational scenario which is of practical interest.

As shown previously in Figures 5.5–5.6, in regular waves (a purely theoretical condi-

tion), the ICR coordinates exhibit a distinctive, regular time history pattern. When the

pitch displacement reaches its minimum or maximum, the pitch velocity is zero (pure

translation), and the ICR tends toward infinity. At other points, the ICR concentrates

around finite locations. The phases before and after each pitch extremum cause the

ICR to cluster around unique points, as illustrated in the histograms of Figure 5.7,

resulting in a bi-modal distribution. In a more complex, stochastic environment, this

regular pattern is not observed (Figure 5.14). However, the ICR coordinates still follow

9Achieved in OpenFAST by disabling all rigid-body translational and rotational DOF except for
the pitch rotation.
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a well-defined, uni-modal distribution, as shown in Figure 5.15. This also means that,

unlike in the case of regular waves, the expected value is equivalent to the mean of the

ICR coordinates.

Figure 5.14: ICR time history during platform motion in a realistic environmental
condition.

Figure 5.15: Histogram of ICR coordinates for a FOWT in a realistic environmental
condition.

To study the sensitivity of the ICR to irregular waves parameters, the JONSWAP

spectrum has been used to generate sea states of three different peak periods and three

different significant wave heights, as per Table 5.2. For each condition, 30 random real-
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isations were computed,10 each including 3600s of signal, sampled at 0.0125 s. E(xICR)

and E(zICR) were computed for each random realisation, and then the distributions

over the 30 realisations were studied, as shown in Figures 5.16 and 5.17. Similarly to

the regular waves test, the focus was on the sensitivity of E(xICR) and E(zICR) to

wave frequency (peak period in this case), and to the wave height (or, significant wave

height).

Figure 5.16: E(xICR) in irregular waves, for three frequencies and three wave heights.
Box plots based on 30 random realisations.

Figure 5.17: E(zICR) in irregular waves, for three frequencies and three wave heights.
Box plots based on 30 random realisations.

E(xICR) generally decreases, and E(zICR) increases with frequency increasing, for

all wave heights studied. This behaviour is consistent with that observed in the reg-

ular waves test, except for the lowest frequency (0.05 rad s−1), where the regular and

irregular waves loading resulted in opposite sign E(xICR) and E(zICR).

No statistically significant dependence of ICR on wave height was observed. As

can be seen in Figures 5.16 and 5.17, for any frequency, the ranges of the expected

10The number of random realisations was dictated by the number of samples required to perform the
t-test, to study the statistical significance of the trends observed.
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value of ICR are overlapping, as also confirmed by the Student’s t-test.11 As shown in

Section 5.3.1, regular low-frequency waves excite nonlinear hydrodynamic and mooring

loads, which highly affect the rotational behaviour of the platform, increasing the sen-

sitivity of the ICR to wave height. However, since an irregular sea state is composed

of waves of various frequencies, these nonlinear effects are alleviated by the effect of

higher frequency waves, which reduce that sensitivity.

5.4 ICR sensitivity to complex environmental conditions

The study of the ICR of FOWT in waves only provided a limited understanding of

the behaviour in real operational scenarios. Therefore, this test aims to establish the

dependence of the ICR on more complex environmental loading conditions, to under-

stand the factors driving the ICR, and to establish the applicability of the ICR as a

design metric.

5.4.1 Study setup

The sensitivity of the ICR to environmental loading conditions is studied through a

series of simulations of gradually increasing complexity, as outlined in Table 5.8.

Table 5.8: Impact of varied environmental loading on the ICR – conditions considered.
γ – peak-shape factor.

Wind Waves Current

Group Type Vs TI Shear Type Hs Tp γ Vc

(-) (-) (m s−1) (-) (-) (-) (m) (s) (-) (m s−1)

A - - - - Reg 1.87 5–17.0 - -
B - - - - JONSWAP 1.87 7.47 1.0 -
C Steady 3–25 - 0.2 Reg 1.87 7.47 1.0 -
D Steady 11.4 - 0.1–0.4 Reg 1.87 7.47 1.0 -
E Turbulent 11.4 0.1–0.3 0.2 Reg 1.87 7.47 1.0 -
F - - - - Reg 1.87 7.47 1.0 0.5–1.2
G Turbulent 11.4 0.17 0.2 JONSWAP 1.87 7.47 1.0 0.85

First, a simple test in regular waves is performed for a wide range of wave periods (or

frequencies), keeping the wave height fixed (group A in Table 5.8). Subsequently, the

11Two-tail test, α = 0.05, tcritical = 2.042, tvalue ∈ [0, 0.722].
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response in irregular waves is simulated, keeping the peak period and significant wave

height at the previously set values (group B). Irregular sea state includes the component

waves at various frequencies, with the highest energy content around the peak frequency

and contributions from lower- and higher-frequency waves. The complexity is then

increased by including the effect of steady wind (from cut-in to cut-out), which puts

the FOWT into a new equilibrium position (group C), as well as the effect of the wind

shear, which affects the vertical distribution of the wind load (group D). Group E

simulations are run in the rated wind speed condition, this time with turbulent wind

inflow of varying turbulence intensities. The turbulent wind is expected to increase the

dynamic responses at very low frequencies that are not excited otherwise (the second-

order wave loads are not modelled). Group F adds the effect of the subsurface current

speed (the power law exponent is kept at a value of 1/7). Finally, group G represents

the conditions likely encountered by an operational FOWT, including the combined

effects of the stochastic wind, wave, and current loads.

The results obtained for each group will be presented in turn; all results are given

in the global inertial coordinate system.

5.4.2 Results

The simulations conducted under group-A environmental conditions (regular waves)

are analysed to understand how the external load period (or frequency) influences the

motion behaviour and the ICR of the floating system. As presented in Figure 5.18 and

Table 5.9, the mean of the x-coordinate of ICR remains around zero regardless of the

wave period, and the mean of the z coordinate approaches zero as the wave period

increases. As the wave period increases (which corresponds to a decrease in frequency),

the distribution of zICR becomes wider (higher standard deviation).

Two mechanisms are important: i) the difference in the horizontal velocity’s increase

at two points on the structure due to the increase in pitch motion as the wave period

increases towards 31 s and ii) the higher horizontal velocity at both points due to the

increased surge motion as the wave period approaches 125 s.

More specifically, the ICR is computed based on the intersection of the lines perpen-
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Figure 5.18: Effect of the regular wave period on the distribution of ICR coordinates
(group A).

Table 5.9: The ICR of a FOWT in regular waves (group A).

Surge Heave Pitch xICR zICR

Tp mean std mean std mean std mean std mean std
(s) (m) (m) (m) (m) (◦) (◦) (m) (m) (m) (m)

5.00 -0.09 0.07 0.02 0.00 -0.0723 0.0405 3.55 6.28 -34.52 0.63
7.47 -0.10 0.21 0.02 0.02 -0.0766 0.1169 -1.70 21.49 -31.12 0.61
10.00 -0.09 0.38 0.02 0.05 -0.0619 0.2045 -6.38 39.50 -25.79 1.94
12.50 -0.09 0.51 0.02 0.09 -0.0651 0.2577 -4.77 51.61 -19.08 5.15
15.00 -0.09 0.62 0.03 0.14 -0.0637 0.2967 -6.69 62.63 -13.90 10.08
17.50 -0.09 0.76 0.02 0.16 -0.0649 0.3564 -6.85 70.59 -11.43 17.74

dicular to the velocity vectors at two points on the structure located at zA = −120m

and zB = −12m. When the wave period approaches the pitch natural period (31 s),

the pitch motion increases. Higher pitch motion about a point not coinciding with the

midpoint between A and B induces a higher contribution to the horizontal velocity

at the point further away from the centre of rotation. With higher pitch motion, the

imbalance between the two points becomes more pronounced, and the ICR shifts either

higher or lower, depending on the direction of the pitch rotation. This leads to the ICR

fluctuating over a wider range.

The second effect becomes more prominent when the wave period is closer to the

surge natural period (125 s). In this case, higher surge motion imposes the same increase

in horizontal velocity at both points. Figure 5.19 illustrates that, for a given rotational

velocity, if a significant horizontal translational velocity is superimposed, the ICR,

defined as the point where the normals to the velocity vectors intersect, shifts either

higher or lower depending on the direction of the translation and the instant of the

158



Chapter 5. Unconventional metric: instantaneous centre of rotation

periodic motion (i.e. the phase difference between the translation and rotation).12 This

results in both lower and higher values of the ICR, thereby widening the distributions

as was observed.

Additional figures supporting this discussion are provided in Figures I.1– I.2 in

Appendix I.

Figure 5.19: The effect of superimposing rotational velocity with (left) horizontal and
(right) vertical translational velocities on the position of the ICR.

The mean of the x-coordinate of the ICR remains close to zero across all wave

periods, which is consistent with the very small heave motion observed in Table 5.9.

As illustrated in Figure 5.19, it is vertical translational velocity that shifts the ICR

horizontally away from the central axis; with negligible heave, no such horizontal shift

is induced and x̄ICR remains near zero.

Finally, the mean zICR is consistently negative, indicating that the effective centre

of rotation lies below the waterline, and shows a trend toward zero with increasing

wave period. As illustrated in Figure 5.19, the direction of the ICR shift depends on

the phase relationship between the surge and pitch motions. The fact that z̄ICR is

shifted upward suggests that, for the conditions considered, surge and pitch are most

often of opposite sign — that is, when the platform pitches in one direction, it tends

to translate in the opposite direction — which systematically biases the ICR upward.

The simulations of the group C environmental conditions (steady wind) are analysed

to understand how the magnitude of the non-fluctuating load applied at the rotor height

12Similarly, larger vertical velocity shifts the ICR horizontally away from the platform.
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influences the motion behaviour and the ICR of the floating system.

The results presented in Table 5.10 and Figure 5.20 show that the mean of xICR

increases slightly with wind speed while the mean of zICR follows a nonmonotonic trend.

The dynamic motion amplitudes (standard deviations of surge, heave, and pitch) remain

largely unchanged across wind speeds, making it difficult to attribute the trend in x̄ICR

to any single physical mechanism with confidence. The nonmonotonic trend in z̄ICR

is, however, consistent with the subtle nonmonotonic variation in the heave standard

deviation observed in Table 5.10: as illustrated in Figure 5.19, vertical translational

velocity shifts the ICR horizontally, and a varying heave dynamic amplitude would

therefore induce a corresponding variation in z̄ICR. As seen previously for the regular

wave cases, the distribution of the vertical coordinate gets wider as the wind speed

increases.

Table 5.10: The ICR of a FOWT in steady wind (group C).

Surge Heave Pitch xICR zICR

Vs mean std mean std mean std mean std mean std
(m s−1) (m) (m) (m) (m) (◦) (◦) (m) (m) (m) (m)

0.0 -0.08 0.20 0.02 0.03 -0.06 0.10 -2.59 29.80 -20.25 1.07
3.0 2.46 0.20 -0.01 0.02 0.47 0.11 -1.27 19.78 -31.71 2.65
4.9 6.60 0.20 -0.06 0.02 1.34 0.11 -1.19 19.83 -31.76 6.18
6.7 12.90 0.20 -0.18 0.02 2.60 0.11 -0.29 19.70 -31.11 11.31
8.6 21.34 0.20 -0.42 0.03 4.25 0.11 1.17 19.39 -29.59 18.24
11.4 36.15 0.20 -1.13 0.03 7.54 0.11 4.16 20.05 -25.11 28.31

Figure 5.20: Effect of the steady wind speed on the distribution of ICR coordinates
(group C).

The next group of simulations (group D) was conducted with a fixed mean hub-

height wind speed of 11.4m s−1, varying the power exponent of the power law wind

profile (shear). While typical offshore values lie around 0.10–0.14 [233], higher expo-
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nents can occur under stable atmospheric stratification, within wind farm wakes [234],

or at nearshore sites; the full range is explored here to assess sensitivity. As illustrated

in Figure 5.21, the distribution of xICR remains mostly unaffected by the wind pro-

file, as explained by negligible changes to the vertical motion (refer to Table 5.11).

However, zICR exhibits a strong dependence on the vertical distribution of wind. No-

tably, as the power exponent increases, multiple coupled changes can be observed in the

rotor-averaged wind speed, the centre of application of the aerodynamic load (centre

of effort - shifts upwards), the mean pitch inclination angle, the thrust coefficient, and

the aerodynamic damping.13 Depending on the trade-off between these interconnected

factors, the shear exponent change leads to changes in the mean and dynamic motions

of the system, which subsequently affect the mooring loads and the horizontal velocities

of the FOWT, which influence the behaviour of zICR.

Table 5.11: The ICR of a FOWT in steady wind with shear (group D).

Surge Heave Pitch xICR zICR

Shear Mean Std Mean Std Mean Std Mean Std Mean Std
(-) (m) (m) (m) (m) (◦) (◦) (m) (m) (m) (m)

0.10 2.5 0.2 -0.01 0.02 0.47 0.11 -1.3 19.8 -31.7 2.7
0.15 12.9 0.2 -0.18 0.02 2.60 0.11 -0.3 19.7 -31.1 11.3
0.20 36.2 0.2 -1.13 0.03 7.54 0.11 4.2 20.1 -25.1 28.3
0.25 6.6 0.2 -0.06 0.02 1.34 0.11 -1.2 19.8 -31.8 6.2
0.30 21.3 0.2 -0.42 0.03 4.25 0.11 1.2 19.4 -29.6 18.2
0.35 35.9 0.2 -1.11 0.03 7.57 0.11 4.3 20.0 -25.6 29.0
0.40 36.0 0.2 -1.11 0.03 7.61 0.11 4.1 20.2 -25.5 28.9

Figure 5.21: Effect of the wind shear on the distribution of ICR coordinates (group D).

Figures 5.22–5.23 and Tables 5.12–5.13 demonstrate that the ICR distribution does

not significantly change in response to changing turbulence intensity (group E) or sub-

13As seen in Figure A.1.
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surface current velocity (group F).14 The distributions at all turbulence levels remain

normal, with a slightly increasing standard deviation due to increased horizontal load

(higher turbulence intensity leads to a higher aerodynamic fluctuating load for any

mean wind speed given). The current load on the slender cylinder of the spar floating

structure is insignificant compared to other loads on the system.

Table 5.12: The ICR of a FOWT in turbulent wind (group E).

Surge Heave Pitch xICR zICR

TI Mean Std Mean Std Mean Std Mean Std Mean Std
(%) (m) (m) (m) (m) (◦) (◦) (m) (m) (m) (m)

0 36.2 0.20 -1.13 0.03 7.54 0.11 4.2 20.1 -25.1 28.3
10 36.2 0.25 -1.13 0.04 7.53 0.12 4.1 20.3 -25.2 29.7
15 36.2 0.30 -1.13 0.04 7.52 0.13 3.8 20.3 -24.8 31.3
20 36.2 0.35 -1.14 0.05 7.53 0.14 3.8 20.9 -25.1 33.2
25 36.4 0.39 -1.15 0.05 7.56 0.15 3.9 21.4 -25.4 34.7
30 36.6 0.43 -1.16 0.06 7.60 0.16 3.6 22.1 -26.4 37.6

Figure 5.22: Effect of the turbulence intensity on the distribution of ICR coordinates
(group E).

Table 5.13: The ICR of a FOWT simulated in varying current velocities (group F).

Surge Heave Pitch xICR zICR

Vc Mean Std Mean Std Mean Std Mean Std Mean Std
(m s−1) (m) (m) (m) (m) (◦) (◦) (m) (m) (m) (m)

0.00 -0.10 0.21 0.02 0.02 -0.08 0.12 -1.6 21.4 -31.1 0.62
0.25 0.39 0.17 0.02 0.02 -0.10 0.10 -1.4 19.4 -31.1 0.60
0.50 2.01 0.20 0.02 0.02 -0.04 0.11 0.0 20.9 -31.2 0.66
0.70 3.94 0.20 0.01 0.02 -0.01 0.12 -0.2 21.4 -31.2 0.82
0.80 5.27 0.20 0.01 0.02 0.01 0.11 -0.3 20.6 -31.2 0.91
1.00 8.41 0.21 -0.02 0.02 0.05 0.12 -0.4 23.2 -31.1 1.23
1.20 12.39 0.21 -0.07 0.02 0.11 0.12 0.0 23.2 -31.2 1.60

14Notice the small range on the y-axis.
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Figure 5.23: Effect of the current speed on the distribution of ICR coordinates (group
F).

Finally, Figure 5.24 compares the distributions of the ICR coordinates of a FOWT

placed in increasingly complex environmental conditions.

Figure 5.24: Effect of the increased environmental loading complexity on the distribu-
tion of ICR coordinates. The regular/irregular wave cases only include regular/irregular
wave loads; the steady wind case includes steady wind in addition to irregular waves;
the complete environment includes irregular waves, turbulent wind, and current loads.

The mean of zICR shifts nonmonotonically across conditions, a trend that mirrors

the nonmonotonic variation in the surge standard deviation (Table 5.14): as discussed

previously, the phase relationship between surge and pitch determines the direction

of the ICR shift, and a varying surge dynamic amplitude modulates this effect across

conditions. The surge standard deviation is largest in the complete environment due

to the additional stochastic loads from turbulent wind. The distribution of xICR re-

mains centred near zero throughout, consistent with heave remaining small across all

conditions.

In the presence of regular waves, the vertical coordinate of ICR is confined to a

narrow range. However, as irregular waves, wind, and current are gradually introduced,

this range expands considerably. Figure 5.25 provides a more detailed view of the effect

of the environment complexity on zICR range. For each loading condition case, the
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confidence interval bounds were calculated using the mean and standard deviation of

zICR for various confidence levels. The ranges displayed in the figure represent the

differences between the upper and lower bounds, indicating the intervals within which

the true mean zICR is expected to lie, given the specified confidence level. For any

confidence level, more complex environmental loading leads to a broader range. This

suggests that the complexity of the loading significantly impacts the variability in zICR

and the potential for extreme values. Importantly, broader ranges are also related

to increased uncertainty in predicting the true mean of ICR, which may affect the

usefulness of the ICR as a metric in the FOWT design process, as it is less likely to

remain near a target location.

Figure 5.25: zICR range for different confidence intervals.

As reported in Table 5.14, the cases with no stochastic loads (i.e. regular wind

and/or steady wind) show a relatively low K–S statistic and a high p-value (these

metrics are introduced in Section 5.2.5), meaning that the ICR closely follows a normal

distribution in these scenarios. In contrast, the low p-value observed for the stochastic

loading cases (irregular waves and/or turbulent wind) suggests that the same conclusion

cannot be made regarding the normality of the ICR distribution in those instances.

In those cases, the observed distribution of zICR has significantly increased skewness

(more asymmetric) and excess kurtosis (heavier tails and sharper peaks), as illustrated

in Figure 5.26.
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Table 5.14: The ICR of a FOWT under environmental loading conditions of varying
complexity. Each row represents one case of a group listed in Table 5.8.

Surge Heave xICR zICR

Condition Mean Std Mean Std Mean Std K–S p Mean Std K–S p
(m) (m) (m) (m) (m) (m) (-) (-) (m) (m) (-) (-)

Reg. waves (A) -0.08 0.20 0.02 0.03 -2.59 29.80 0.11 0.58 -20.25 1.07 0.14 0.28
Irreg. waves (B) -0.08 0.13 0.02 0.02 -1.04 25.52 0.10 0.72 -30.10 7.09 0.16 0.16
Steady wind (C) 36.15 0.20 -1.13 0.03 4.16 20.05 0.07 0.98 -25.11 28.31 0.12 0.46
Complete env. (G) 40.48 0.24 -1.38 0.03 2.28 29.23 0.13 0.34 -26.87 47.36 0.15 0.17

Figure 5.26: Skewness and kurtosis of zICR distribution for different environmental
loading conditions.

5.5 ICR sensitivity to design variables

For any environmental loading condition, the motion response of different FOWT de-

signs differs due to unique hydrostatic, hydrodynamic, mooring, and inertial character-

istics.15 Therefore, this test investigates the design features (or variables) that can be

adjusted to achieve the desired ICR “location”.

The study includes four design variables: mooring line length, fairlead vertical

position and radius, and platform centre of mass vertical position. These are illustrated

in Figure 5.2 and listed in Table 5.15. The anchor vertical position (water depth)

is adjusted together with the fairlead vertical position variable to keep a constant

anchor–fairlead vertical distance and only vary the point of application of the mooring

load on the platform.16

Note that this set of variables is not exhaustive, and each parameter is varied

15The impact of design parameters on the system dynamics was studied in [235].
16Because it is deep water, the relatively small changes in the water depth do not significantly affect

the hydrodynamic loads on the platform.
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independently. In particular, the fairlead position is adjusted without consideration

of the floating platform dimensions, which keeps the effects isolated but neglects the

proper physical interface between the fairleads and the platform. The catenary mooring

line length is modified without altering the fairlead and anchor positions, resulting in

changes to the line angle at the fairlead, to the suspended line profile, and to the portion

of the line resting on the seabed.

The broad range of design variables ensures that the study covers the entire design

space, including some unconventional but realistic designs showing a wide range of

motion responses. Special attention was given to the mooring line length parameter,

with the range chosen based on mooring pretension. Specifically, the study examined

mooring line lengths that resulted in a ±40% variation in pretension compared to the

original design to cover a plausible range of designs.

Note that these design variable perturbations may affect the mean heave (draft) of

the floating platform due to changes in the underwater geometry and/or the weight of

the structure. This effect could significantly impact the response of the FOWT and

may be undesirable, as the draft is a critical design parameter established early in the

design process. It is often constrained by factors such as port depth and manufacturing

or assembly capabilities. Therefore, an additional step was implemented whenever the

underwater geometry was modified: the floating platform was re-ballasted to maintain

the original draft. This not only affected the total weight of the system but also

influenced the weight distribution and centre of mass.

The design variables were perturbed one at a time, and the change in the ICR

statistics (in the global inertial coordinate system) was studied. As introduced in Sec-

tion 5.2.3, the results for each design variant were averaged over 10 environmental

condition bins at the Scottish NE8 site [209], with weights based on bin probability, as

outlined in Section 5.2.2. The design variables presented in the figure were normalised

to 0–1 for clarity and for unbiased comparison between the variables of different mag-

nitudes. The absolute ranges of the variables are given in Table 5.15 for reference; note

that these were purposefully selected to cover a very wide design space.

Based on the design trends presented in Figure 5.27, it is clear that variations in
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Table 5.15: Original values and ranges of design variables. All values are in (m).

Design variable Original Lower bound Upper bound

Line length (l) 902.2 891.6 924.1
Fairlead radius (rF ) 5.2 4.0 8.0
Fairlead z (zF ) -70.0 -120 3.5
Platform CM (zCM ) -89.92 -110 -84.29

certain design variables significantly impact the position of the ICR. In particular, the

results highlighted the significant influence of the vertical location of the centre of mass

on the ICR statistics. This effect was most evident for the z coordinate (lower two

plots), where the mean and standard deviation of the ICR showed strong negative

and positive trends with the vertical position of the centre of mass, respectively. The

vertical position of the fairlead was also found to be an important feature affecting the

mean of xICR.

The vertical position of the centre of mass affects the ICR primarily through its

influence on pitch stiffness: a lower centre of mass increases the gravitational restoring

moment, reducing pitch motion for a given surge excitation. This effectively increases

the ratio of surge to pitch velocity, which — given that surge and pitch are predomi-

nantly in phase — shifts the ICR downward according to the superposition illustrated

in Figure 5.19, consistent with the observed decrease in z̄ICR. The vertical position of

the fairlead primarily affects x̄ICR, which as established is driven by dynamic heave

velocity relative to pitch. Since the anchor position is varied in line with the fairlead,

the mooring line angle is preserved, but the point of load application along the spar

changes, altering the heave-pitch coupling and consequently the phase relationship be-

tween the two motions. As established, it is this phase relationship that determines

the direction of the horizontal ICR shift, making the fairlead vertical position an in-

fluential parameter for x̄ICR. These physical interpretations are proposed as plausible

explanations consistent with the observed trends; they are not directly supported by

dedicated analyses, and should be treated as hypotheses for future investigation.

The effects of other variables on the ICR metrics were relatively minor. Notably,

no clear trends were observed for the standard deviation of xICR, suggesting that the
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variables examined do not significantly influence this metric independently.17

Figure 5.27: ICR statistics for different one-at-a-time design variable perturbations.
Original design values are marked with black outlines. Results are averaged over 10
environmental conditions.

To provide more quantitative insights, a sensitivity analysis was conducted using

the data from Figure 5.27 to compute the Spearman correlation coefficient for each

pair of design variables and ICR statistics (as detailed in Section 5.2.5). As shown in

Figure 5.28, the sensitivity analysis confirmed the earlier observations.

These quantitative results allow for ranking the design variables according to their

impact on the ICR statistics, helping to identify the variables that offer the greatest po-

tential for ICR-driven design optimisation. This will be further explored in Section 5.7.

17The “wiggly” behaviour of the curves in Figure 5.27 arises partly because each data point represents
a weighted average over multiple environmental condition simulations. While trends for a single selected
condition would appear smoother, the present analysis is carried out in the context of applying the ICR
concept to a realistic design scenario. Therefore, the average behaviour across a range of conditions is
of greater relevance. All simulations were performed with the same random seed; therefore, the random
realisation has no impact on the smoothness of the trends.
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Figure 5.28: Spearman correlations between the statistics of ICR and the design vari-
ables. Values closer to 1 and -1 indicate a stronger correlation. See Figure J.1 in
Appendix J for correlations of all responses.

5.6 Responses sensitivity to ICR

To determine the responses that can be improved by incorporating ICR into the design

process, a sensitivity analysis was performed based on the full-factorial design of ex-

periments of the two most impactful design variables identified in Section 5.5 (vertical

fairlead position and platform centre of mass), resulting in 64 variations of the floating

systems.

The metrics considered included the nacelle fore–aft acceleration (referred to as

NcIMUTAxs in tables and figures), blade root out-of-plane and tower base fore–aft

bending moments (RootMyc1, TwrBsMyt), and the most loaded mooring line tension

at the fairlead (FAIRTEN2), as well as the computed x and z coordinates of ICR (in the

global inertial coordinate system). For each pair of responses, distribution statistics and

the Spearman rank correlation coefficients were computed, as detailed in Section 5.2.5.

As illustrated in the correlation matrix in Figure 5.29, a significant negative cor-

relation (−0.73 to −0.59) was observed between the standard deviation of the ICR

horizontal coordinate and several responses, including nacelle acceleration and both

the mean and standard deviation of the tower base and blade root bending moments.

A strong negative correlation was also observed between the mooring tension and the

mean of xICR (−0.61 to −0.59). A weaker yet significant correlation (0.43 to 0.46)

exists between the mean of xICR and the mean of the tower base and blade root loads.

The standard deviation of zICR also exhibits a moderate correlation with these loads

(0.41 to 0.45). Other statistics, such as skewness and kurtosis, were computed and

169



Chapter 5. Unconventional metric: instantaneous centre of rotation

analysed; however, they did not yield significant correlations and are therefore omitted

for clarity. Similarly, the expected value is not included, as it was found to be very

close to the mean of the distributions.

Figure 5.29: Spearman correlations between the statistics of ICR and the loads, ob-
tained by varying the design features. Values closer to 1 and -1 indicate a stronger
correlation.

The correlation analysis presented here provides information about the strength and

direction of a monotonic relationship. However, it does not give specific information

about the magnitude of the change in one parameter in response to a shift in another.

Therefore, to assess the potential impact of the ICR on the responses of interest, the

correlation results should be interpreted together with the information about the ranges

of the responses’ statistics, as provided in Table 5.16. By analysing the minimum,

median, and maximum values, it can be concluded that the ranges of the responses

highly correlated with ICR are sufficiently broad to be regarded as useful design metrics,

offering adequate design flexibility.

5.7 Design application prime

The insights gained in this Chapter can be applied to a design scenario. The design

case is defined based on the identification of the responses that are most sensitive to

the ICR (i.e., those that can be improved by adjusting the ICR) (Section 5.6) and the

design variables that have a significant impact on ICR and enable these improvements
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Table 5.16: Summary statistics of responses based on the data used for the correlation
analysis.

Unit Min Median Max

NcIMUTAxs std m s−2 0.06 0.08 0.12
FAIRTEN2 mean kN 637.04 1276.43 2977.12
FAIRTEN2 std kN 0.59 7.80 29.98
TwrBsMyt mean MNm -5.58 24.14 100.74
TwrBsMyt std MNm 3.33 4.35 6.48
RootMyc1 mean MNm 0.80 3.31 9.50
RootMyc1 std MNm 0.08 0.19 0.76
xICR mean m -8.43 -1.88 4.72
xICR std m 20.40 32.44 110.56
zICR mean m -35.47 -26.60 -18.86
zICR std m 5.97 13.84 46.28

(Section 5.5). The relevant correlations are summarised in Figure 5.30.

Figure 5.30: ICR case study: design variables considered and their correlation with the
ICR and responses statistics. Green/red arrows indicate a positive/negative correlation.

One major area would be particularly worth investigating in the context of de-

sign improvements through appropriate ICR “location”. Namely, by maximising the

standard deviation of the horizontal coordinate of ICR (i.e. by shifting it towards the

positive x direction), one could simultaneously reduce the nacelle acceleration and the

tower base and blade root bending moments.18 Lower nacelle acceleration is desired

from the point of view of the wind turbine’s efficient and safe operation; reducing the

standard deviation of the tower and blade loads is important for system-wide fatigue

damage reduction. However, for these improvements to be possible, it would be nec-

essary to find a set of design variables correlated with the standard deviation of the

horizontal coordinate of the ICR and the mean of the ICR coordinates. As can be seen

18Note that the nacelle acceleration is one of the factors contributing to the tower base bending
moment; therefore, these responses are not independent.
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in the correlation matrix in Figure 5.28 in Section 5.5, none of the variables considered

gives any control over the standard deviation of xICR. Therefore, this metric cannot

be modified in a design scenario.

Instead, the mean of xICR was seen to be strongly negatively correlated with the

mean and standard deviation of the mooring loads and, at the same time, negatively

correlated with the fairlead position. Therefore, it seems desirable to lower the fairlead

position to increase the mean of xICR to, in turn, decrease the mean and dynamic

tension. However, the mean of xICR is also positively correlated with the mean of the

tower and blade loads; therefore, shifting the ICR towards a position that improves the

tension characteristics might increase the tower and the blade loads. This effect can

be compensated for by lowering the platform centre of mass to effectively reduce the

tower and blade loads.

Therefore, the case study presented in Chapter 6.5 will attempt to improve the

mooring loads by varying two design variables: the vertical position of the fairlead and

the platform centre of mass, keeping the tower base and blade roots mostly unaffected.

5.8 Conclusion

This section provides a summary of the chapter and outlines the specific contributions

to knowledge made.

5.8.1 Summary

The instantaneous centre of rotation (ICR) of floating offshore wind turbines (FOWT)

was investigated through two studies:

• A fundamental study: derivation of the methods for ICR identification and anal-

ysis of the ICR sensitivity to regular and irregular wave load characteristics,

• An applied study: sensitivity of the ICR to more complex environmental condi-

tions characteristics and FOWT design features.
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Fundamental investigation The fundamental study aimed to improve the under-

standing of the dynamic behaviour of FOWT through an investigation of the ICR.

A method to calculate the ICR in the time domain and to analyse its statistics have

been proposed. Then, a series of time-domain analyses were carried out in regular and

irregular waves to study the behaviour of the ICR, and to establish its sensitivity to

the wave frequency and height.

Results showed that FOWT rotates about a point that is not fixed in time or space,

and the instantaneous centre of rotation term should be used; as a matter of fact, the

often used terms Centre of Rotation/Pitch Centre imply the existence of a single point

fixed in time and space, and, as such, should be avoided.

Both coordinates of the ICR span infinite ranges, however, they tend to concentrate

around finite locations. From a statistical point of view, the mean and mode of the

ICR distributions are generally different from zero, indicating motion asymmetry: the

side of the floater facing the incoming waves experiences a higher amplitude of motion.

While the x coordinate of the ICR is distributed symmetrically around its mean and

follows a unimodal distribution (single peak), the z coordinate presents multimodal

distribution with significant skew. Due to the above considerations, it was proposed to

use the most likely point of rotation in given environmental conditions, calculated as

the expected value of the ICR.

The expected value of the ICR depends on the wave frequency but is insensitive

to wave amplitude, except for the lowest frequency case, primarily due to the mooring

loads, both linear and nonlinear in platform offset, and viscous loads, nonlinear in

wave amplitude. The mechanism leading to this relationship has been identified: large

offsets of the platform in the surge direction in long (low-frequency) waves lead to

increased mooring loads, which, towards the end of each half of the surge cycle, affect

the heave and pitch displacements and velocities introducing higher harmonics to these

responses. Through this surge–heave–pitch coupling, the vertical velocities become

highly nonlinear in wave height, hence resulting in the highly nonlinear ICR. This

distortion of the heave and pitch motion patterns is attributed to two effects: i) hard

clipping (flattening out the peaks of the signal), which introduces odd harmonics, ii)
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saturation, or the so-called soft clipping (change of the curvature of the peaks of the

signal), which introduces both odd and even harmonics. These two effects are caused

by the linear and nonlinear parts of the mooring load, respectively. Similar phenomena

are commonly recognised in nonlinear optical/audio signal processing engineering. In

the high-frequency limit, the expected value of both coordinates of the ICR tends to

be zero. In the low-frequency limit, xICR and zICR tend to infinity, which corresponds

to a pure translation.

Finally, the ICR excited by irregular waves is sensitive to peak period (or frequency);

the trend of ICR(ω) is the opposite of that observed for the regular waves, exhibiting

the opposite sign at low frequencies. The high-frequency limit ICR in irregular waves

is identical to the regular waves’ case. In an irregular sea state, statistically significant

sensitivity to wave amplitude was not observed due to the contributions from multi-

ple component waves of different frequencies and the relatively lower (“averaged-out”)

influence of the nonlinear effects.

Applied investigation This part of the study investigated the ICR of FOWT through

time-domain analysis. It examined the dependence of ICR on complex environmental

loading conditions and design features of the support structure, as well as the relation-

ships between the ICR statistics and key FOWT responses.

The statistics of ICR coordinates under increasingly complex external loading con-

ditions were analysed, isolating the impacts of mean wind speed, shear, turbulence

intensity, regular wave frequency, irregular waves, and current speed. The results indi-

cated that the ICR coordinates of FOWTs operating in realistic environmental condi-

tions exhibit significant variability, following a heavy-tailed, sharp-peaked distribution

with a high likelihood of extreme values. Notably, at a moderate confidence level of

60%, the range of the vertical ICR coordinate of the spar-type FOWT was approxi-

mately 80m, indicating that precise placement of the ICR is challenging in complex

environments.

To inform practical design applications, design variables that could be adjusted to

influence ICR statistics are explored, along with how these statistics correlate with
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key responses. The design variables most correlated with ICR were identified as the

platform’s centre of mass and the vertical position of the fairlead. A full-factorial

design of experiments revealed significant correlations between ICR and the responses

of interest: nacelle acceleration, tower base fore–aft bending moment, blade root out-

of-plane moment, and mooring line tension. These were most significantly correlated

with the horizontal ICR coordinate.

Sets of highly correlated design variables, ICR statistics, and responses were selected

and used to formulate case study – this will be presented in Chapter 6.5 together with

other optimisation cases.

5.8.2 Specific contributions

The following contributions to knowledge were made:

• Demonstration that the FOWTs pitch about an axis that is not fixed in time or

space, invalidating a common misconception in the field, and development of an-

alytical and time-domain methods to study the instantaneous centre of rotation.

• Determination of the sensitivity of the ICR to characteristics of environmental

loading: mean wind speed, turbulence intensity, wind profile, wave frequency, and

current speed, and to design features of the support structure.

• Determination of how to apply new insights to modify the designs of floating

support structures to simultaneously reduce loads on the mooring lines, tower

base, and blade roots, with the caveat that the ICR, alongside other effects,

primarily influences the trade-off between dynamic loads at different locations on

the structure.

DOUBLE CHECK FOR ”semisubmersible”!
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Chapter 6

Hybrid-domain,

surrogate-augmented model

This chapter is based on the published paper:

P4 Patryniak K, Collu M, Yeter B, Minisi S, Oneto L, Coraddu A, Hybrid frequency-

time domain surrogate-augmented model of dynamics of floating offshore wind

turbines. (TBC). Under review in Ocean Engineering

Co-authors of this paper contributed to the chapter by training the sur-

rogate models and describing the training process. The sections not inde-

pendently written by K. Patryniak will be clearly marked throughout this

chapter.

6.1 Introduction and previous work

Chapter 3 introduced the baseline coupled MDAO framework for integrated FOWT

optimisation, while Chapter 4 established the optimisation problem formulation and

associated constraints. While the baseline framework presented in Chapter 3 relied on

relatively efficient frequency-domain disciplinary models, the evaluation of the optimi-

sation criteria introduced in Chapter 4 requires higher-fidelity approaches, particularly

176



Chapter 6. Hybrid-domain, surrogate-augmented model

for accurate fatigue assessment under long-term environmental loading. At the same

time, the computational cost must remain tractable for iterative optimisation.

This chapter addresses this challenge through the development of a hybrid-domain,

surrogate-augmented dynamic model. The remainder of this section reviews the specific

modelling challenges associated with motion, load, and fatigue prediction, organised ac-

cording to the modelling paradigm, in addition to those already discussed in Chapter 2.

6.1.1 Efficient physics-based models

For clarity, the physics-based models are discussed first in terms of motion and load

response modelling, followed by fatigue assessment considerations.

Motion and load response

Simplified dynamic models have long been used to capture the essential coupled dy-

namics of FOWT systems [236], and linearised formulations in particular offer clear

advantages for iterative optimisation. A comprehensive review of such methods is given

in [237] and Chapter 2.3. In what follows, a small number of representative models are

discussed 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 [238] modelled wave-driven motions by

multiplying the hydrodynamic response amplitude operators (RAOs) with the inci-

dent wave spectrum, and obtained wind-driven motions by combining wind RAOs

with a thrust spectrum precomputed in the time domain. More integrated FD for-

mulations have since been developed. Hegseth et al. [51] 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 the-

ory, 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 were represented using the simplified

FD model of [161]. While the aerodynamic predictions compared well with a nonlinear
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reference, full-system verification was not demonstrated.

Recent (2020-2026) frameworks incorporate more accurate disciplinary models while

retaining computational efficiency. RAFT [239], for example, 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 agree-

ment with OpenFAST for global motions, though noticeable discrepancies remained in

predicted tower-base loads. Overall, FD models have progressed from highly simplified

spectral formulations to more comprehensive multi-physics frameworks, improving ac-

curacy while maintaining tractability for design-space exploration. Nevertheless, most

published models still lack systematic verification or show notable inaccuracies in load

prediction.

One specific challenge in FOWT simulation is the accurate modelling of mooring

loads. While platform motions can be adequately reproduced with a quasi-static moor-

ing model [135,240], the quasi-static approach neglects hydrodynamic drag, inertia, and

added-mass forces along the line, causing it to significantly underpredict fairlead ten-

sions, including extreme and fatigue loads relative to experimental measurements [224].

Predicting mooring tensions, therefore, requires a dynamic model, especially in the

cases of taut and semi-taut mooring systems, where nonlinear restoring becomes pro-

nounced, and linear model errors can reach unacceptable levels, potentially biasing

mooring design [241].

Four main families of time-domain formulations can be distinguished: the lumped

mass method (LMM), the finite element method (FEM), the finite difference method

(FDM), and multi-body dynamics (MBD), although the last is rarely applied in FOWT

analysis [242]. In the LMM, such as MoorDyn [224], the line is discretised into point

masses connected by massless springs and dampers, with hydrodynamic forces applied

via Morison’s equation at each node. FEM-based models (e.g., [243,244]) additionally

model bending and torsional stiffness. Under wave-frequency excitation, all three per-

form comparably at low and intermediate frequencies [242]; at high frequencies, only

FEM remains reliable.

An intermediate approach is the quasi-dynamic model of Trubat et al. [245], which
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retains the static catenary shape but corrects the fairlead tension by updating the

distributed vertical force along the line to account for inertia and drag — approaching

the accuracy of dynamic models at quasi-static computational cost.

Despite their accuracy, fully dynamic time-domain approaches are computationally

demanding in the context of design optimisation. Frequency-domain approaches ad-

dress this: Larsen and Sandvik [161] proposed early simplified models based on the

catenary equations with drag and inertia corrections, including a single-DOF repre-

sentation of mooring line dynamics. Touzon et al. [246] later linearised a full lumped-

mass mooring model for frequency-domain solution, demonstrating adequate tension

spectra prediction for catenary moorings. More recently, Abdelmoteleb and Bachynski-

Polič [247] developed a frequency-domain LMM, implemented in MoorPy, that delivers

comparable fatigue and extreme-tension estimates to time-domain equivalents across

catenary and semi-taut FOWT mooring designs at a fraction of the computational cost.

A common validation approach for mooring models is to prescribe the fairlead

motion directly, either as a time series or a harmonic displacement, and use it to drive

the tensions as the model output, decoupled from any platform hydrodynamic model.

This has been used to validate lumped-mass and finite element models against wave

tank experiments [224, 240, 242], and to characterise the tension response to harmonic

excitation analytically in both time and frequency domains [248,249].

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 sta-

tistical properties, as they act in different (although not completely disjoint) frequency

regimes. Depending 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 consid-

ered narrow-band, the total load follows a more complex distribution. Consequently,
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narrow-band spectral methods are not suitable when both wind and wave loads are ap-

plied simultaneously [250], and, as shown in [251], 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 importance of incorporating wind and wave-induced loading

in fatigue and reliability analyses of FOWTs. The work of Sorensen [252], Burton

et al. [164], and Song et al. [253] showed that the variable aerodynamic loads can

significantly contribute to fatigue damage of FOWT. Xu et al. [254] and Wang et

al. [255] 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. [256] 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 [26, 105]. Ma et

al. [105] propose two practical solutions: the combined-spectrum method, which com-

putes 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 con-

tributions of the two frequency bands. Appendix D of DNV-RP-C203 [26] also pro-

vides a simplified combination rule based on mean zero-upcrossing periods. Beyond

these, wide-band spectral methods such as the Dirlik [257] and Tovo–Benasciutti [258]

formulations are widely regarded as the state-of-the-art in frequency-domain fatigue

estimation. A comprehensive overview was given in [259], 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 dis-

tributions were obtained. Their parameters are therefore tuned to reproduce rainflow

statistics, but they remain approximations of the underlying time-domain process. Ac-
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cordingly, 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 multi-

body or FEA structural assessments, the spectral methods are generally conserva-

tive [105, 259] and lead to over-engineered structures. In contrast, the rainflow count-

ing 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 [105]. When dynamic responses can be efficiently obtained for

selected structural details/locations under the relevant metocean and operational con-

ditions, time-domain rainflow counting offers a balance between accuracy and compu-

tational cost, making it highly suitable for fatigue evaluation during early-stage design.

6.1.2 Data-driven models

(This section has been written with significant input of A. Coraddu and L.

Oneto - co-authors of P4)

From a methodological standpoint, surrogate modelling encompasses a broad fam-

ily of regression techniques. Classical approaches include low- and high-order poly-

nomial response surfaces, Gaussian process/Kriging models, and radial-basis-function

networks, which provide smooth global approximations and, in the case of Gaussian

processes, principled uncertainty quantification [171, 260]. 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 and very large datasets [261, 262]. 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 [262].

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 comprise both design variables (e.g., platform geometry, mooring-system
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properties, and controller parameters) and environmental descriptors (e.g., wave spec-

trum, 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 that learns the mapping from inputs to system responses. Once trained

and carefully validated, the surrogate can be evaluated within its domain of applica-

bility in milliseconds, acting as an efficient emulator of the full nonlinear time-domain

model. This enables extensive design-space exploration, sensitivity analysis, and sce-

nario screening that would otherwise be computationally prohibitive, particularly in

early-stage FOWT design where thousands of evaluations are required before commit-

ting resources to a limited number of detailed simulations.

As reviewed in Section 2.3.7 of the literature review chapter, in the last four years

(2022–2025) several studies have explored the application of machine learning tech-

niques—such as response surface methods [145,176], artificial neural networks [177,179],

Kriging [178], and XGBoost [180]—to predict FOWT motions, natural frequencies, and

mooring loads. To reiterate two important observations of that Section:

• Most existing studies employ surrogate models within stochastic optimisation

frameworks to approximate design objectives and constraints, rather than re-

placing specific computational bottlenecks within the coupled dynamic solution

process (with one notable exception [180]).

• The trained models are typically limited to narrow design and environmental

envelopes: studies focusing on mooring loads are tied to particular platform de-

signs, while platform motion studies assume fixed mooring configurations, thereby

restricting broader applicability.
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6.1.3 Chapter outline

Building on the simple coupled model introduced in Chapter 3 and the design problem

defined in Chapter 4, this chapter 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 conceptual design stage. Progressively more complex

dynamic models are introduced, starting with a baseline frequency-domain linear model

(Section 6.3.1), followed by a hybrid frequency-time domain model (Section 6.3.2), and,

finally, a hybrid-domain hybrid-paradigm model incorporating surrogates for potential

coefficients and mooring loads (Section 6.4). Each model is evaluated for accuracy and

efficiency, with identified limitations addressed in subsequent models. A demonstration

of design optimisation performed with each model is presented in Section 6.5, with the

chapter concluding in Section 6.6.

6.2 Methodology

The three increasingly complex coupled models presented in this chapter differ in their

modelling paradigms: physics-based (PM) or data-driven (DDM), and modelling do-

mains: frequency domain (FD) or time domain (TD), as summarised in Figure 6.1.

Each successive model builds upon the previous one, aiming to achieve an optimal bal-

ance between accuracy and computational efficiency. The baseline model (C1) relies

entirely on the motion and load response solution in the frequency domain. As will be

demonstrated in Section 6.3.1, such a model has limitations in both accuracy, particu-

larly regarding the prediction of mooring tension and tower base bending moment, and

efficiency, especially in solving the hydrodynamic problem. The second model intro-

duces two modifications to address these issues. Firstly, the motion response, which is

efficiently computed in the frequency domain, is transformed to the time domain (Sec-

tion 6.3.2). This transformation enables the direct calculation of structural loads in the

time domain, allowing for accounting for some motion-load nonlinearities (a method

inspired by the work of Pegalajar-Jurado et al. [263]). Secondly, in Section 6.4, two
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surrogate models are implemented: one to replace the boundary element method for

hydrodynamic coefficient computation, and another for the computation of the mooring

loads.

Figure 6.1: Dynamic models overview. PM–physical model; DDM–data-driven model;
FD–frequency domain; TD–time domain.

6.2.1 FOWT system

The models developed are tested on the example of the OC3 Hywind spar floating

platform [149] with the 5MW reference rotor [264], as detailed in Tables 5.4–5.5 in

Chapter 5. For the study of this chapter, however, 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.1 The charcateristics of the modified

mooring system are given in Table 6.1.

Table 6.1: Mooring characteristics of the reference FOWT design.

Property Unit Value

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

1This 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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Figure 6.2: Reference spar FOWT system illustration.

6.2.2 Verification study setup

Each model is verified against OpenFAST, as detailed in Section 5.2.2. For this veri-

fication, OpenFAST was configured to match the capabilities and assumptions of the

present framework as closely as possible. Mooring loads were computed using the dy-

namic lumped-mass model MoorDyn [224]. No current loading was considered, and only

co-directional wind and wave conditions were simulated. The baseline variable-speed

variable-pitch controller of the NREL 5MW turbine was enabled, where appropriate

(as explicitly stated in the relevant sections) - it allowed 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. The primary remaining discrepancy between

the present framework and OpenFAST concerns the treatment of viscous excitation: the

present approach accounts only for viscous damping associated with platform motion,

whereas OpenFAST additionally includes viscous excitation induced by water-particle

velocities.

To verify the FOWT motions and loads, three series of verification cases are per-

formed: 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” [209]. As summarised in Table 6.2, the wave-only

185



Chapter 6. Hybrid-domain, surrogate-augmented model

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 Hs and peak period Tp were selected based on the joint wind–wave statistics, as

detailed in Sections 4.4.1– 4.4.3.

Table 6.2: Dynamic model verification cases.

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

Case 1.1 1.2 1.3 1.4 1.5 2.1 2.2 2.3 2.4 3.1 3.2 3.3

Hs (m) 1.0 2.0 1.0 2.0 1.0 - - - - 1.44 1.87 2.68
Tp (s) 8.0 8.0 16.0 16.0 32.0 - - - - 8.14 7.48 7.63
U∞ (m s−1) - - - - - 4.0 8.5 11.4 15.1 8.5 11.4 15.1

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. 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

Rµ is applied to approximately account for the directionality of the waves (distribution

of the mean wave direction), following the approach proposed in [215]. The metocean

data is used to obtain the probability of each mean wave direction p(µi) (shown in

Figure 6.3), and the correction factor is obtained according to Equation 4.17.

The output time signals from OpenFAST (tower base bending moment and moor-

ing tension at the fairlead) are post-processed to compute the stress and fatigue dam-

age, which are not direct outputs of OpenFAST (the method will be outlined in Sec-

tion 6.3.1).
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Figure 6.3: Wave rose for the NE8 site.

6.3 Physics-based model

The subsequent sections introduce and verify the baseline frequency domain model (C1)

and the modified hybrid frequency-time domain model (C2). The surrogate-supported

model (C3) will be introduced in a separate section (Section 6.4).

6.3.1 Baseline coupled model of dynamics (C1)

The baseline dynamic model is conceptually very similar to the model introduced in

Chapter 3. However, several important modifications have been implemented, including

the introduction of the aerodynamic forcing term. For clarity, the model is therefore

presented anew in this section. Where applicable, details that remain unchanged are

referenced to the earlier model rather than repeated, while all relevant assumptions

and governing equations are restated to ensure completeness and readability.

The baseline 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.

Static equilibrium

The floating support structure is modelled as a rigid body with three DOFs (surge,

heave, and pitch). Only in-plane loads and motion response are considered in the
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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 (F̄aero, F̄moor) and the offset and attitude of the system (η̄), considering the

hydrodynamic and gravitational restoring (Ch, Cg), using an efficient Broyden solver,

as recommended in [196] and Chapter 3:

(Ch +Cg)η̄ = F̄aero(η̄) + F̄moor(η̄) (6.1)

The load on the platform from the mooring system is modelled using a quasi-static

approach implemented in MoorPy [190] (as introduced in Section 3.2.2). The mean

aerodynamic load and its derivatives are solved by a steady blade element momentum

model implemented in CCBlade [265], including the Prandtl tip and hub loss corrections

and wake rotation (non-zero tangential factors).

Dynamic response

The response of the platform to turbulent wind and wave excitation is computed based

on the solution of the 3 DOF forced oscillation problem. The complex amplitude of

motion η̂(ω) is obtained by solving the equation of motion in the frequency domain:

η̂(ω)[−ω2(M +A(ω)) + iωB(ω) +C] = F̂hydro(ω) + F̂aero(ω) (6.2)

The nomenclature and computation of the left-hand-side terms are provided in Sec-

tion 3.2.2. The only change is that, in this model, the derivatives of the aerodynamic

load, i.e., aerodynamic damping contributing to the B(ω) term, are computed by a

steady blade element momentum model (CCBlade [265]).

On the right-hand side of Equation 6.2, F̂hydro(ω) and F̂aero(ω) are the hydrody-

namic and aerodynamic fluctuating loads, respectively. More specifically, F̂hydro(ω) is

the frequency- and direction-dependent complex wave excitation matrix, obtained as a

product of the first order wave excitation coefficient X(ω) from the diffraction problem

solution, and the wave amplitude in the frequency domain ζ̂(ω):
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F̂hydro(ω) = ζ̂(ω)X(ω) (6.3)

The complex wave amplitude is derived with amplitudes from the two-parameter JON-

SWAP spectrum SJ (ω) and random phases ϕ(ω):

ζ̂(ω) =
√
2SJ(ω)dω · exp(iϕ(ω)) (6.4)

F̂aero(ω) in Equation 6.2 is the frequency-dependent complex turbulent wind exci-

tation. It is derived based on the fast Fourier transform (FFT) of the fluctuating

aerodynamic load time series precomputed using OpenFAST [266] 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.

Equation 6.2 is used to compute the total complex motion response amplitude η̂(ω).

This amplitude is then used to compute the response spectra and statistics. The total

motion response power spectrum is computed according to its definition:

Sη(ω)dω =
1

2
|η(ω)|2 (6.5)

and the standard deviation of the motions is obtained based on the zeroth moment of

the response spectrum:

ση =

(∫ ∞

0
Sη(ω) dω

) 1
2

(6.6)
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Loads assessment

The motion response complex amplitudes obtained from the dynamic model are used

to compute the system loads, specifically the tower base bending moment and the most

loaded mooring line tension at the fairlead. 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 summing up the con-

tributions 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 bend-

ing moment relies on the input of the mean inflow velocity, aerodynamic load, and

pitch displacement. In contrast, the dynamic tower load calculation requires the in-

put of frequency-domain amplitudes of the aerodynamic load, pitch displacement, and

acceleration, all computed at the mean position of the system.

The mean moment due to aerodynamic drag on the tower is computed based on

the integration of the drag along the tower with the drag coefficient cd and wind shear

exponent α:2

dMd(z) =
1

2
ρcdV

2
ref (

z

zref
)2αdA(z)z (6.7)

The moment due to the acceleration of the i-th mass item located at the height zi above

the tower base is formulated as:

Maccel,i = (miai)zi (6.8)

The moment due to the inclination of the weight item Ni over the tower base is formu-

lated as:

Mincl,i = zi(sin(θ + δθ)− sin(θ))Ni (6.9)

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

2The results presented in this chapter were obtained assuming α = 0.2, as recommended by the
IEC 61400-1:2019 Section 6.3.2.2 [189] 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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angle.

The tower load power spectrum is defined as:

SMy(ω)dω =
1

2
|My(ω)|2 (6.10)

and the standard deviation of the tower base load is obtained based on the zeroth

moment of the spectrum:

σMy =

(∫ ∞

0
SMy(ω) dω

) 1
2

(6.11)

As shown in the force-displacement curve in Figure 6.4, mooring tension is nonlinear

with respect to the platform offset. Therefore, estimating mooring tension statistics

Figure 6.4: Force-displacement curves and length of chain on sea bed curves for the
upwind and downwind mooring lines.

from the frequency-domain solution is non-trivial. In this baseline model, the mean

mooring tension was obtained as the static tension in the mean position of the platform:

T̄ = T
∣∣
η̄

(6.12)

Due to the nonlinearity of the tension in platform offset, this is expected to slightly

underestimate the mean tension, especially at large mean offsets where the tension

is most nonlinear. For the computation of the standard deviation of tension, three
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methods were considered, all based on the quasi-static model MoorPy [190] with varying

inputs:

• Based on the mean and standard deviation of motion, compute static tension in

the mean and mean plus standard deviation position. Take the standard deviation

of tension as the difference between the two values:

σT |η̄ = T |η̄+ση
− T |η̄ (6.13)

• For each frequency component of the dynamic motion amplitude η̂(ω), compute

the static tension in the mean plus dynamic motion amplitude, and subtract the

static tension in the mean offset position; construct the tension power spectrum

(only valid for a given mean offset) and integrate it to obtain the tension standard

deviation at the particular mean offset.

T (ω)|η̄ = T |η̄+η̂(ω) − T |η̄ (6.14)

• For a given mean platform position, compute the Jacobian of tension with respect

to the 6 DOF motions, and multiply it with the dynamic motion amplitude.

Construct the tension power spectrum (only valid for small oscillations about the

given mean offset), and integrate it to obtain the tension standard deviation.

T (ω)|η̄ =
dT

dη

∣∣∣∣
η̄

η̂(ω) (6.15)

The first method was highly efficient, requiring only the computation of static ten-

sion at two offset points. However, it was found to significantly underestimate the

standard deviation of the tension. The other two methods yielded consistent results.

Among them, the method based on the tension Jacobian was computationally more

efficient: it required only seven evaluations to construct the Jacobian using forward

differences, whereas the other method required one evaluation for each frequency com-

ponent of the motion amplitude, totalling 75 evaluations. Consequently, the current
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coupled model (C1) employs the Jacobian-based method (Equation 6.15).

Given the frequency domain tension amplitudes, the tension power spectrum is

obtained as:

ST (ω)dω =
1

2
|T (ω)|2 (6.16)

and the standard deviation of the tension is obtained based on the zeroth moment

of the spectrum:

σT =

(∫ ∞

0
ST (ω) dω

) 1
2

(6.17)

Fatigue assessment

The fatigue assessment follows the DNV suggested S-N approach [267], which involves

finding the number of cycles n that occurred at critical areas of the structure at a given

hotspot stress range and comparing them with the number of cycles to fail N . The

number of stress cycles to failure N for each stress range ∆σ is obtained from previous

fatigue test results reported in DNVGL-RP-C203 [268] as curves characterised by the

intercept of log(N) axis (log(a)) and the negative inverse slope (m):

log(N) = log(a)−m log(∆σ) (6.18)

The fatigue contribution δi due to environmental condition i is computed as:3

δi =
ni

a
E[σm

S,i]Rµ (6.19)

where Rµ is the wave directionality correction factor. The number of stress cycles (ni)

is calculated by multiplying the probability of the i-th environmental state pi and the

design life by the zero up-crossing rate ν+0 :

ni = piTDν
+
0 i (6.20)

3Although fatigue damage contribution is typically denotes as di, here it is swapped for δi as di is
already used in another context in Chapter 4.
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The up-crossing rate is computed from the moments of the stress power spectrum:

ν+0 =
√
M2/M0 (6.21)

The E[σm
S,i] term is the expected value of the stress amplitude raised to the power of

m. Although the stress process due to the combined wind and wave loading is expected

not to be narrow-band, the narrow-band assumption is made in this simple frequency-

domain baseline model. The assumption of the stress being Rayleigh distributed allows

for the estimation of the expected value of the nominal stress ranges as:

E[σm
S,i] = (2

√
2σS,i)

mΓ(
m

2
+ 1) (6.22)

The implications of this assumption are discussed in subsequent sections, where later

models demonstrate how it can be relaxed. The parameters of the adopted S–N curves

are listed in Table 6.3. The C1 curve from DNV-RP-C203 [268] is applied for the tower,

assuming good-quality welded joints in air, while the curve for the mooring chain is

taken from DNV-OS-E301 [213] for a studless chain.

Table 6.3: Relevant S-N curves parameters.

Location Material m a

Tower base Welded joint 3.0 2.8119× 1012

Fairlead Studless chain 3.0 6.0× 1010

The stress range calculations for the mooring line and tower base section are detailed

below.

Mooring lines This analysis focuses on tension-tension fatigue, excluding the out-

of-plane bending effects. The nominal stress range (double amplitude) in the i-th

environmental condition σS,i is given as the tension range (σT,i) divided by the nominal

cross-section area of the chain (corrected by corrosion):

dcorr = d− 0.1
mm

year
· 25 year (6.23)
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σS,i = σT,i/(2πd
2
corr/4) (6.24)

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:

σSi = σS,i,bending − σS,i,comp (6.25)

σS,i,bending =
riMy,i

Iy,i
(6.26)

σS,comp = Mazcos(θ̄)/Ai (6.27)

Then, the hotspot stress range ∆σ is calculated as the product of the nominal stress

and the appropriate stress concentration factor (SCF):

∆σ = σS,iSCF (6.28)

The SCF is applied to account for geometric discontinuity (e.g., slope between two sec-

tions of varying diameters), complexity of connections, and manufacturing tolerances,

in accordance with [26]. The obtained hotspot stress range is then used in the fatigue

calculations, which are similar to those outlined for the mooring lines in Equations 6.19-

6.22.

Verification

The environmental conditions for verification of the model are outlined in Table 6.2

in Section 6.2.2. To reiterate, cases 1.x relate to wave-only loading, case 2.x relate

to wind-only cases, and cases 3.x relate to combined wind-wave loading of increasing

severity.

The comparison of the mean and standard deviation of the surge, heave and pitch

motions, nacelle acceleration, tension at the fairlead of the most loaded mooring line,

and the tower base bending moment, obtained from OpenFAST (OF) and the current

baseline (fully frequency-domain) model (C1), is given in Figures 6.5–6.6, with detailed

numerical results presented in Tables E.1–E.2 in Appendix E.

195



Chapter 6. Hybrid-domain, surrogate-augmented model

As illustrated in Figure 6.5, the mean motion and load responses closely matched

the OpenFAST results, with slight overprediction of the offsets (errors below 5.0%),

attributed to the overprediction of the mean aerodynamic load, underprediction of the

mooring tension (error below 1.9%), and overprediction of the tower base bending

moment (errors below 7.4%).

Figure 6.5: Verification of model C1 in operational cases. Mean loads. See Table 6.2
for reference.

As illustrated in Figure 6.6, the prediction of the wave-driven motion response

and tower base bending moment (cases 1.x) matched the benchmark results well, with

discrepancies generally below 10%. However, significant discrepancies were seen in

the mooring loads. In particular, an underprediction of about 80% was seen in the

standard deviation of the mooring tension induced by the waves of peak period of 8 s

(cases 1.1 and 1.2), independent of the wave height. A less severe but still significant

overprediction of about 30% was seen in the cases of peak period of 16 s (cases 1.3

and 1.4), down to 3.4% in longest 32 s waves (case 1.5). These discrepancies are

attributed to two factors: the misprediction of surge motion, and limitations of the

applied quasi-static mooring model, including the neglect of mooring-line dynamics and

hydrodynamic loading on the lines. As will be shown, the mooring model performed

significantly better in the wind-only cases. The nonlinearity between the hydrodynamic

loads and platform motion is believed not to play a major role, as the discrepancies in

motions remain similar for both significant wave height cases considered.

In wind-only (low-frequency) loading scenarios (cases 2.x), the misprediction of

motion and loads remained below 10.0%, with the highest errors observed near rated

wind conditions.4 This behaviour is attributed primarily to limitations of the linearised

4Although the heave motion amplitude relative error reached 13.1%, the absolute error was insignif-
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Figure 6.6: Verification results in wave-only, wind-only, and operational cases. Standard
deviation of motions and loads. See Table 6.2 for reference.

mooring representation at large surge offsets. Unlike wave-only cases, wind loading in-

troduces a significant mean force on the floating system, resulting in a displaced mean

equilibrium position. In addition, wind loads contain substantial low-frequency energy

that partly overlaps with the surge natural frequency, thereby amplifying the dynamic

surge response around the mean position. As illustrated by the force–displacement

relationship in Figure 6.7, larger mean offsets are associated with larger variations in

mooring tension due to the nonlinear characteristics of the mooring system. Conse-

quently, 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.

For the third and final group of cases, while the discrepancies in the mild condi-

tions were low (case 3.1), the maximum thrust and high wind speed conditions led to a

significant 9% overestimation of the tower base bending moment (conservative result).

The cases of the most significant tower base bending moment misprediction correspond

icant at 0.01m.
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Figure 6.7: Mooring force-displacement curve obtained from the response to turbulent
wind at different mean wind speeds and fixed turbulence intensity of 14%.

to the largest platform motions (in both pitch displacement and acceleration). In the

current approach, the bending moment is calculated using the sine of the pitch motion.

As a result, for larger motions, the assumption of linearity, underlying the computation

of the standard deviation from the zeroth spectral moment of the bending moment, is

violated. Additionally, the overestimation of the standard deviation of the tower base

bending moment is partly explained by the overprediction of the aerodynamic fluctuat-

ing load. 5 While both the precomputation 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 accounted for. While OpenFAST resolves this coupling at each

time step, the current model only partly accounts for it by including the aerodynamic

damping term in the frequency-domain equation of motion. Therefore, the discrepan-

cies between OpenFAST and model C1 can be attributed to both the underestimation

of the aerodynamic fluctuating load and the underestimation of aerodynamic damping.

The error in the tension standard deviation was highest in the highest wave height

case (3.3) at −12.4%. The relatively high error follows from not accounting for the

hydrodynamic loads on the mooring lines (these loads are the highest in the most severe

sea state considered).

Table 6.4 compares the spectral-based fatigue damage predictions obtained with

5Although not presented here, overprediction of the aerodynamic fluctuating load was seen when
comparing the OpenFAST and current model’s components, similar to the comparison of later Fig-
ure 6.11.

198



Chapter 6. Hybrid-domain, surrogate-augmented model

the current model (C1) to the rainflow counting-based fatigue predictions derived from

OpenFAST load signals for a range of environmental loading conditions (cases 3.1–3.3).

For the tower, the bending stress is computed from the tower base bending moment,

while for the mooring lines, the stress is computed from the tension at the first node.

Table 6.4: Comparison of the stress and the resulting fatigue accumulation from a
single environmental condition extrapolated to a full lifetime.

Tower base Mooring (fairlead)

Stress (MPa) Fatigue (-) Stress (MPa) Fatigue (-)

Case OF C1 OF C1 OF C1 OF C1

3.1 9.70 13.71 0.59 4.88 5.13 4.94 0.26 5.85
3.2 14.40 20.37 1.68 17.46 9.23 9.46 1.55 44.76
3.3 18.00 25.71 4.45 34.40 8.60 7.42 1.42 21.16

Consistent across both the C1 model and the OpenFAST approach, the fatigue

results are significantly higher than the expected value of around 1. This is primarily

due to multiple uncertainties in the fatigue assessment process, most notably the choice

of S–N curve and the formulation of the stress concentration factor.

There are large discrepancies between the current frequency-domain method (model

C1) and OpenFAST results (approximately a factor of 10). This is, to some extent, ex-

plained by the misprediction of the stress values, as indicated in Table 6.4 for the tower

base. By inspection of Equation 6.22 (E[σm
S,i] = (2

√
2σS,i)

mΓ(m2 +1)), any error in stress

should lead to an exponentially proportional error in the fatigue estimation, with the

exponent of m = 3. When comparing the stress and fatigue errors, it becomes apparent

that the stress error does not fully account for the fatigue misprediction. Another fac-

tor is the invalidity of the narrow-band stress process assumption. The spectral-based

fatigue method assumes that the stress is narrow-band and therefore can be assumed

to be Rayleigh-distributed, in which case there is a closed-form expression for the stress

expected value, and consequently, for the fatigue damage accumulation. To assess the

bandwidth of the stress, the narrow-bandness parameter ϵ can be computed, defined

as:

ϵ =
µ1√
µ0µ2

(6.29)
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where the spectral moments are given by:

µn =

∫ ∞

0
ωnS(ω) dω (6.30)

For both the tower base and the mooring line (fairlead) stress, the value of ϵ is

significantly below 1 (0.49 and 0.6, respectively), indicating that these processes are

not narrow-band and violate the assumption, which contributes to inaccurate fatigue

prediction by the spectral model.6

Overall, the baseline FD model showed deficiencies in predicting the motions and

loads in large mean offset and higher sea state conditions. The main factors were the

insufficiency of the linear mooring model (stiffness matrix linearised around the mean

offset conditions), nonlinearity of the bending moment with respect to the pitch motion,

lack of hydrodynamic loads on the mooring lines, too high precomputed aerodynamic

load (or, too low aerodynamic damping) that does not account for the platform motion–

aerodynamic load coupling in an exact manner. Importantly, due to the violation of the

narrow-band assumption, the spectral-based fatigue assessment method yielded results

that significantly deviated from the true values, both in terms of absolute values and

design trends, rendering it unsuitable for design optimisation with fatigue damage

constraints. The following section outlines the development of a time-series-based load

model, which aims to address these limitations.

6.3.2 Hybrid-domain model (C2)

The changes made to the baseline model to improve its accuracy, and the new model

verification, are detailed in the following two sections.

Dynamic model and fatigue assessment

To improve the capability of the model to represent the loads nonlinear in platform

offset, the complex motions in the frequency domain were transformed to the time

6The influence of spectral bandwidth on the validity of narrow-band fatigue assumptions and the
resulting fatigue prediction errors is quantified and discussed in [269].
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domain by performing the inverse Fourier transform (iFFT) of η̂(ω):

η(t) = F−1 (η̂(ω)) (6.31)

The motion time series was used to directly compute the loads in the tower base and

mooring lines, as shown in Figure 6.8. The tower-base loads were computed following

the same procedure as for the baseline model, but using a time series of the total

motion as input rather than the frequency-domain representation. 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).

Figure 6.8: The process behind model C2: from frequency-domain motion to time-
domain loads.

Using available load-time signals, the rainflow counting method is applied to directly

count the stress cycles. A stress range histogram is generated, and fatigue damage

accumulation over a single sea state (1-hour simulation) is computed by summing the

contributions from k histogram bins, following the Palmgren-Miner rule, augmented by
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the load directionality factor Rµ:

Dss =
k∑

i=1

ni

Ni
Rµ =

1

ā

k∑
i=1

ni∆σm
i Rµ (6.32)

Finally, the cumulative fatigue damage over the design life of the structure is obtained

by summing the products of the one-hour damage, the design life in hours (Td), and

the probability of occurrence of each particular sea state (pss):

D = Td

l∑
ss=1

Dsspss (6.33)

Note that the verification presented in this section only considers one environmental

condition at a time (l = 1, pss = 1).

Verification

Model C2 uses the mean and frequency-domain fluctuating motions obtained from the

baseline model as its starting point. These motions are transformed into the time

domain to compute the tower base and mooring loads. As a result, the two models

differ only in their mean and dynamic load predictions, while the motion statistics

are identical. The loads results for three operational cases are presented in Figure 6.9

(mean), and Figure 6.10 (standard deviation), and reported in Tables E.3 and E.4 in

Appendix E.

Figure 6.9: Verification of model C2 in operational cases. Mean loads.

The mean tension prediction is marginally closer to the benchmark model (Open-

FAST) results, due to the hybrid model’s (C2) ability to account for the nonlinearity

of the loads in the motion response. However, the mean tower base bending moment
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Figure 6.10: Verification of model C2 in operational cases. Standard deviation of the
loads.

is further from OpenFAST than the fully frequency-domain model (C1).

In the baseline model, two opposing effects influenced the mean prediction: (i) an

underestimation arising from computing the mean based on the zeroth moment of the

spectrum of a nonlinear process, and (ii) an overestimation due to an overpredicted

mean aerodynamic load. These two errors partly cancelled each other out, leading to a

slight overestimation of the mean tower base moment. In the hybrid model, the underes-

timation from the mean calculation is no longer present. As a result, the overestimation

from the aerodynamic load dominates, leading to a larger overall overestimation.

Regarding the dynamic response, the mooring tension is overestimated and devi-

ates further from the benchmark compared to the baseline frequency-domain model,

resulting in a 13.1% relative error in the rated wind condition (3.2). However, trans-

forming the motions into the time domain helped improve the accuracy of the tower

base bending moment, as it allowed the nonlinear relationship between the load and the

pitch motion to be accounted for. For all cases, the error remains below 4%. As in the

baseline model, the discrepancies are attributed to the overprediction of low-frequency,

wind-driven loads.

To support the above discussion, Figure 6.11 presents a comparison of the motion

and load time series, as well as their corresponding Fourier amplitudes, for the 8.5m s−1

wind case (case 3.1). All motion and load time signals generally agree well with those

from OpenFAST, with a slight 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 and have a negligible influence
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on the resulting loads.

Figure 6.11: Verification of the responses - time series (left) and Fourier amplitudes
(right) for in-plane platform displacements, nacelle horizontal acceleration, line 2 ten-
sion at the fairlead, and tower base bending moment.

As expected from the quasi-static mooring model, the mooring tension solution

of the C2 model 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 Figures 6.9 and 6.10).

The small errors in the time series of loads had an effect on the fatigue assessment.

Figures 6.12–6.14 compare the 1 h mooring tension time series and the rainflow counting

results (stress versus number of cycles curves) between model C2 and OpenFAST, for

three operational cases (3.1, 3.2, 3.3).

The over- and underprediction of tension in the low and wave frequency range had

opposite effects on the fatigue analysis: the signal of model C2 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
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Figure 6.12: Tension and stress cycles counting for the mooring line (fairlead). Case
3.1 (below rated conditions).

Figure 6.13: Tension and stress cycles counting for the mooring line (fairlead). Case
3.2 (rated conditions).

Figure 6.14: Tension and stress cycles counting for the mooring line (fairlead). Case
3.3 (above rated conditions).
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lifetime of the structure, the net effect can either be over- or under-estimation of total

fatigue.

Figures 6.15–6.17 compare the 1 h tower base bending stress time series and the

rainflow counting result between model C2 and OpenFAST, for three operational cases

(3.1, 3.2, 3.3).

Figure 6.15: Bending stress and stress cycles counting for the tower base section. Case
3.1 (below rated conditions).

Figure 6.16: Bending stress and stress cycles counting for the tower base section. Case
3.2 (rated conditions).

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 model C2 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). Model

C2 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 (C2) predicts the tower base loads

more accurately than the baseline model (C1), without a significant increase in solution
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Figure 6.17: Bending stress and stress cycles counting for the tower base section. Case
3.3 (above rated conditions).

time. However, the mooring tension predicted by the model still exhibits considerable

error, which propagates into the fatigue analysis and significantly reduces its accuracy.

The next section will discuss the development of a data-driven model to address these

shortcomings.

6.4 Data-driven model

The limitations of the physics-based model, including excessive computational effort re-

lated to the computation of hydrodynamic coefficients and the misprediction of mooring

tension, are addressed by introducing two surrogate models into the workflow depicted

in Figure 6.18. The development and verification of the surrogate models are detailed

in the next two subsections.

Figure 6.18: Physics-based and data-driven models integration. x - displacement vec-
tor.
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6.4.1 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.

Dataset generation

This section presents the inputs and outputs of the dataset, as outlined in Figure 6.19,

as well as the dynamic model used to map the inputs to the outputs.

Figure 6.19: Database generation process

Dataset input The independent variables, consisting of the floating platform draft

and nine radii, were defined over the ranges listed in Table 6.5. For each sampled design,

the dependent parameters: mass and centre of buoyancy, were computed. Each design

was subsequently evaluated across a non-uniform frequency vector: frequencies from

0.05 rad s−1 to 0.18 rad s−1 were sampled at an interval of 0.05 rad s−1, frequencies from

0.18 rad s−1 to 1.25 rad s−1 were sampled at an interval of 0.01 rad s−1, while the range

from 0.18 rad s−1 to 2.5 rad s−1, where hydrodynamic coefficients gradients are smaller,

was sampled at an interval of 0.5 rad s−1. A full factorial design of these parameters

would yield 10×79 = 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.

208



Chapter 6. Hybrid-domain, surrogate-augmented model

Table 6.5: Ranges of the inputs of the dataset for potential coefficients surrogate train-
ing.

Input Min Max Interval

Independent parameters:

Draft (m) 75 120 5
9 radii (m) 3 9 1
Frequency (rad s−1) 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 -

The platform draft is capped at the reference value of 120m, as deeper-drafted struc-

tures would be challenging to manufacture and deploy given port restrictions. Drafts

below approximately 68m would result in a negative total pitch stiffness C55 (the sum

of hydrostatic and gravitational contributions), leading to a loss of initial stability (see

Figure 4.4). For context, the shallowest spar-type FOWT currently installed, Hywind

Scotland, has a draft of about 78m, while typical designs range between 90m and

120m (e.g., OC3–Hywind reference design, Hywind Demo, Hywind Tampen, UMaine

spar). Consequently, the draft range is broadly defined as 75m–120m. Platform radii

are limited to slightly smaller than that of the reference design (OC3 spar) and up to

approximately 50% larger than its maximum diameter, which remains within the range

commonly considered feasible for offshore steel structures. As summarised in Table 6.5,

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 damping, and wave excitation

coefficients, as summarised in Table 6.6.

Dataset characterisation The 13 input features and 14 target coefficients were nor-

malised to zero mean and unit variance prior to training using a standard scaler. Fig-

ure 6.20 presents the marginal distributions of the input and output variables, based
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Table 6.6: BEM surrogate dataset outputs (hydrodynamic coefficients).

Output Components Units Description

Ahi,j (i, j) ∈ {(1, 1), (1, 5), (3, 3), (5, 5)} kg, kgm2 Added mass
Bhi,j (i, j) ∈ {(1, 1), (1, 5), (3, 3), (5, 5)} kg s−1, kgm2 s−1 Radiation damping
ℜ(Xi) i ∈ {1, 3, 5} Nm−1 Potential excitation (re)
ℑ(Xi) i ∈ {1, 3, 5} Nm−1 Potential excitation (im)

on a representative 5% subset of the dataset. Only two radii are shown, as all ra-

dius variables exhibit similar distributions. The geometric input parameters (radii and

draft) display approximately uniform coverage across their respective ranges. The de-

rived parameters (mass and vertical centre of buoyancy) exhibit approximately normal

distributions, whereas the hydrodynamic coefficients display distinctly non-Gaussian

distributions due to their nonlinear dependence on platform geometry and wave fre-

quency.

To visualise the sampling uniformity and input–output relationships, pairwise scat-

ter plots of selected inputs and outputs are shown in Figure 6.21. The input variables

exhibit broad and uniform coverage across the sampled space, confirming that the

random sampling strategy effectively 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 radia-

tion–diffraction simulations were performed using the BEM solver Capytaine [193],

as detailed in Section 6.3.1. The procedure involved meshing according to the de-

fined parameters, computing the dependent variables (mass and centre of buoyancy),

running the simulations, and post-processing the results to extract the required hydro-

dynamic coefficients. Evaluating 7 million samples, where each design was discretised

with O(103) panels, required about 800 h on 60 cores of an Intel(R) Xeon(R) Silver

4216 CPU at 2.1GHz. 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 environmental conditions, mooring design,
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Figure 6.20: BEM surrogate dataset input and output parameters distributions.

etc.). Consequently, the computational cost associated with generating the training

dataset represents a one-time offline effort. The surrogate approach therefore becomes

increasingly advantageous when reused across multiple optimisation studies or design

projects, reducing the effective computational cost per project.
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Figure 6.21: BEM surrogate dataset output versus input parameters scatters.
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Model development

(This section has been written with significant input of A. Coraddu and L.

Oneto - co-authors of P4)

This section describes the data-driven, machine-learning-based model developed

to predict the variables reported in Table 6.6 (14 scalar outputs) from the variables

listed in Table 6.5 (9 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 learn-

ing, for which many algorithms with associated hyperparameters are available [261,270].

According to the no-free-lunch theorem, no algorithm can be chosen a priori without

empirical evaluation on the data [271]. Nevertheless, experience and knowledge of the

properties of different algorithms can guide some initial a priori choices [261,270].

Given the tabular nature of the data under consideration, shallow machine-learning

models [270] would typically be preferred. However, algorithms such as kernel meth-

ods [272] or ensemble methods [273] cannot be applied here due to their inability to

scale to millions of training examples [270]. In this context, neural networks are a suit-

able choice, as they can handle large datasets by fully exploiting parallel architectures

and hardware accelerators, such as state-of-the-art GPUs [274].

For this reason, in this work, we considered a state-of-the-art shallow neural net-

work for tabular data [261]. In particular, we adopted a fully connected architecture

composed of: an input layer of dimension 9; a tunable number {1, 2, 4} of hidden fully

connected layers, each with a tunable width in {1, 2, 4, 8, 16} × 103 neurons and acti-

vation 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 tun-

able number of epochs in {5, 6, . . . , 100}, minimising the mean squared error between

predicted 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
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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 activation functions, and the learning rate,

and to estimate the performance of the final model, we employ a state-of-the-art hold-

out resampling strategy [262]. Given the very large size of the dataset (approximately 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 [262]: for each iteration, the original dataset is split without replacement

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 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, al-

though often at the cost of reduced accuracy [261]. 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.

On the test set, performance can be evaluated using both quantitative metrics [275]

(e.g., prediction time, mean squared error, mean absolute error, or coefficient of deter-

mination) and qualitative [276] (e.g., scatter plots, histograms of the errors, or trends

with respect to individual inputs).

Model verification

To assess the predictive accuracy of the surrogate model across all outputs, a combi-

nation of quantitative metrics and graphical diagnostics was employed. First, a range

of aggregate error metrics is analysed to provide concise numerical benchmarks of the

model’s accuracy across the entire dataset, as detailed in Table 6.7.
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Table 6.7: Performance metrics used for surrogate model evaluation. yi and ŷi – true
and predicted values of the output, ȳ – mean of the true values, N – number of samples.

Metric Description Formulation

MSE Average squared deviation between predicted
and true values; sensitive to large errors.

MSE =
1

N

N∑
i=1

(yi − ŷi)
2

RMSE Square root of MSE; expressed in the same
units as the output variable.

RMSE =
√
MSE

MAE Average absolute deviation; less sensitive to
outliers than RMSE.

MAE =
1

N

N∑
i=1

|yi − ŷi|

R2 Indicates how much of the variance in the true
values is explained by the model; values closer
to 1 denote better agreement.

R2 = 1−
∑N

i=1(yi − ŷi)
2∑N

i=1(yi − ȳ)2

NRMSE RMSE normalised by the range or mean of
the true values; provides a scale-independent
accuracy measure.

NRMSErange =
RMSE

ymax − ymin

NRMSEmean =
RMSE

ȳ

The metrics values are reported in Table 6.8, grouped by the mode (surge, heave,

pitch, and surge-pitch coupled mode). The surrogate model achieved near-perfect

agreement with the reference hydrodynamic data, with coefficients of determination

(R2) exceeding 0.999 across all motion modes (Table 6.8). The range-normalised er-

rors (NRMSErange < 0.6%) and mean-normalised errors (NRMSEmean < 5%) indicate

excellent consistency throughout the training domain.

Table 6.8: BEM coefficients surrogate aggregate error metrics grouped by mode.

Metric Surge Heave Pitch Surge-pitch

MSE 3.01e+09 2.71e+07 1.39e+17 3.3e+13
RMSE 3.46e+04 4.88e+03 1.87e+08 4.12e+06
MAE 3.08e+04 3.08e+03 1.71e+08 3.79e+06
R2 0.999 0.999 0.999 0.999
NRMSE (range) 0.00417 0.00409 0.00456 0.00568
NRMSE (mean) 0.0161 0.0448 0.0188 0.0168

To visualise local variations in model performance, scatter plots of true versus pre-

dicted values were generated across different modes: surge, heave, pitch, and surge-pitch

coupled mode (Figure 6.22). Perfect agreement would correspond to points lying on
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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 excita-

tion coefficient (X) and radiation damping (Bh) in the heave direction, where significant

deviations from the ideal fit are observed. Xim,3 and Bh,33 were therefore further inves-

tigated through additional diagnostics, including a set of plots that examine the residual

behaviour and distributional agreement between the true and predicted values. Specif-

ically, the residuals versus predicted plot highlights potential bias or variance trends in

the model errors, the residual histogram shows their overall distribution and symme-

try, the kernel density estimates (KDEs) compare the statistical distributions of true

and predicted responses, and the quantile–quantile (QQ) plot assesses the normality of

residuals.

These diagnostics are presented for B33 in Figure 6.23. The residual distribution

(top-right panel) shows a small systematic bias, with the mean slightly shifted below

zero, indicating a mild tendency of the surrogate to underpredict the radiation damping

coefficient Bh,33. A subtle skewness is also visible, with a heavier left tail and lighter

right tail, suggesting that negative residuals (underpredictions) occur more frequently

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.

In terms of Xim,3, the model exhibits strong predictive performance overall, with

residuals narrowly distributed around zero and no evident trend across the predicted

range. The true and predicted distributions are nearly identical, confirming that the

model accurately captures both the mean behaviour and variability of the data. A

slight positive shift in the residual mean and a modest right-tail skew indicate a minor
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Figure 6.22: BEM surrogate true–predicted scatter plots with absolute relative error
histograms.
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Figure 6.23: Diagnostic plots for Bh,33 prediction.

overprediction tendency, consistent with the residual histogram and QQ plot. Despite

these small deviations, the model’s errors remain well within acceptable limits.

Figure 6.24: Diagnostic plots for Xim,3 prediction.

Additionally, the performance of the surrogate model across the full frequency range

for each hydrodynamic coefficient was evaluated using the normalised root-mean-square

error (NRMSE). This metric was chosen for its dimensionless and scale-independent na-

ture, its robustness in the presence of near-zero or sign-varying values, and its intuitive

interpretation, as it expresses the error relative to the mean observed value. To illus-

trate 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 Figures 6.25 and 6.26.
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Figure 6.25: 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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Figure 6.26: 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.
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An acceptably low NRMSE was observed for most coefficients across the design

space, except for the heave components of radiation damping and the real and imagi-

nary parts of wave excitation (B33, Xre,3, Xim,3), particularly in designs with a small

waterplane area (radius). However, these discrepancies occur in coefficients that con-

tribute minimally to the total response of the FOWT and therefore do not compromise

the model’s overall usefulness. Specifically, for the slender spar-type platform, poten-

tial damping is small compared to additional linear7 and viscous damping, and wave

excitation is small compared to aerodynamic excitation.

Nonetheless, to assess the impact of these discrepancies, the motion and load re-

sponses of the FOWT were evaluated in three operational conditions, as shown in

Figure 6.27 and Table 6.9, by comparing the baseline 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. No-

tably, the total solution time was significantly reduced—an essential factor for effective

design optimisation.8

Figure 6.27: 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 6.9 for numeric
results.

6.4.2 Mooring surrogate

As illustrated in the flow diagram of Figure 6.18, the mooring dynamics are solved at

three key stages of the coupled solution process:

7Additional 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 [149]

8The solution times of all models will be compared in Table 6.5 in Section 6.4.2.
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Table 6.9: Relative errors due to incorporating the BEM surrogate model in the fre-
quency domain baseline model (C1).

Platform motion (%) Loads (%)

Case 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

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 Section 6.3.1).

2. Dynamic response: solution of the dynamic motions of the platform around its

mean position relies on the mooring stiffness 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 sim-

ulations. The surrogate model maps mooring 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.

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 Figure 6.28):

1. Design of experiments (DOE): define a parameter space covering floating platform

and mooring design variables, as well as environmental parameters, using a full
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factorial design of N samples.

2. Sampling: randomly select a subset of M ≪ N DOE samples,

3. Simulation: perform dynamic simulations for the selected cases,

4. Post-processing: conduct convergence checks and sanity checks on the simulation

results,

5. Feature and target selection: identify the parameters and responses to be used as

features and targets, drawing from both DOE variables and dynamic simulation

outputs.

Figure 6.28: Mooring surrogate database generation process.

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 6.10. Based on these properties and the nominal

chain diameter dmoor, the linear mass density of the lines mmoor and the extensional

stiffness EA are computed based on the empirical expressions from [208]:

mmoor = m2d
2 (6.34)

EA = EA2d
2 + EA3d

3 (6.35)

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
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Table 6.10: Mooring chain properties

Property Value Unit

Grade R3 -
Mass density per diameter squared (m2) 2e4 kgm−1m−2

Stiffness per diameter squared (EA2) 85.6e9 Nm−2

Stiffness per diameter cubed (EA3) -3.93e7 Nm−3

Normal drag coefficient 1.333 -
Axial drag coefficient 0.639 -
Normal added mass coefficient 1.0 -
Axial added mass coefficient 0.5 -

diameter of the chain dmoor (i.e., the diameter of the rod used to produce the chain), line

length lmoor (measured along the line from fairlead to the anchor), fairlead z-coordinate

zF (point of attachment of a mooring line to the platform), fairlead radius rF , anchor

z-coordinate zA (equal to the water depth), and anchor radius rA, all illustrated in

Figure 6.29.

Figure 6.29: Mooring line parametrisation - parameters of the design of experiments
and ML features.

Design of experiments (DOE) The design space is sampled based on seven scalar

variables representing the geometric properties of the platform and the mooring design,

as well as four scalar variables representing the environmental loading conditions, as

listed in Table 6.11. Full factorial DOE is used to sample the space evenly, resulting in

25 600 design configurations and 108 environmental conditions (2 764 800 combinations

224



Chapter 6. Hybrid-domain, surrogate-augmented model

Table 6.11: Primary platform, mooring system, and environmental parameters (design
of experiments).

Min Max Units Count

Platform and mooring design variables

Nominal chain diameter (dmoor) 0.056 0.084 m 5
Fairlead radius (rF ) 4.16 6.24 m 4
Fairlead z-coordinate (zF ) -84.0 -56.0 m 4
Anchor radius (rA) 676.16 929.72 m 4
Anchor z-coordinate (zA) -330.0 -260.0 m 4
Line length (lmoor) 721.76 1082.64 m 5
Platform vertical centre of mass (zCM ) -98.91 -71.93 m 4

Environmental conditions variables

Mean wind speed (U) 3.0 25.0 m s−1 4
Turbulence intensity (TI) 12 16 - 3
Significant wave height (Hs) 0.5 6.0 m 3
Peak period (Tp) 6.0 10.0 s 3

in total). Out of these, a random selection of 300 000 samples is performed to limit

the computational effort of database generation.9 This is an initial set – if the model

performance is not satisfactory, additional samples might be added to the training

dataset.

Initially, the parameter ranges were intentionally broad to encompass a wide range

of possible designs, thereby enhancing the model’s general applicability (see Table F.1

in Appendix F). However, such wide ranges, even with coarse granularity, result in

a prohibitively large number of samples to compute. If only a small subset of the

broad parameter space can be simulated, the resulting dataset lacks the resolution

needed to capture the nonlinear dependence of line tension on the input parameters

and is therefore insufficient to train a surrogate model with the required precision.

Preliminary verification results in Appendix B illustrate this curse of dimensionality.

Hence, the present study employs narrower parameter ranges. While this reduces the

general applicability of the surrogate model,10 it enables the development of a valid

9Further 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.

10The surrogate model is not meant to extrapolate well.
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proof-of-concept. The input parameter ranges were therefore based on ± 20% of the

original design’s values, except for the anchor radius, limited to ± 10% of the original

design’s value.

Features extraction The DOE described above serves to generate a diverse dataset

of floating systems and their dynamic responses. However, 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 6.10, 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 6.12.

Table 6.12: Mooring load surrogate model features.

Feature Min (m) Max (m) Type

Nominal chain diameter (dmoor) 0.056 0.084 Scalar
Line length (l) 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 (xF ) (-) (-) Time series 3600 s at 0.05 s
Vertical motion at fairlead (zF ) (-) (-) Time series 3600 s at 0.05 s

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 6.13. The loads are evaluated at the first chain

link connected to the fairlead.

Dataset characterisation Figure 6.30 shows the marginal distributions of the in-

put and output variables, based on a representative 5% subset of the full dataset.
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Table 6.13: Mooring load surrogate model targets.

Target Units Type

Upwind line Fx at fairlead kN Time series 3600 s at 0.05 s
Upwind line Fz at fairlead kN Time series 3600 s at 0.05 s

The shown inputs include four geometric parameters (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 moor-

ing designs and motion conditions. The multimodal or skewed distributions reflect the

discrete sampling of design parameters and the nonlinear nature of the mooring re-

sponses. All outputs show broad, asymmetric distributions. The relationships between

Figure 6.30: Mooring surrogate dataset input and output parameters distributions.

the input and output parameters are illustrated in Figure 6.31. For clarity, only one

geometric input variable is shown, as the discrete sampling of the design space results in
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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.

Figure 6.31: Mooring surrogate dataset output versus input parameters scatters.

Dynamic simulations All simulations are performed using a model of the spar-

supported 5MW wind turbine [149, 264], as detailed in Section 6.2.2. However, the

features selected for the surrogate training are platform-design independent. There-

fore, 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. Unlike the verification studies pre-

sented earlier in this chapter, the simulations performed for dataset generation employ

a less simplified modelling setup. Although flexible structural modes remain disabled,

the NREL 5MW baseline variable-speed, variable-pitch controller is enabled, allow-
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ing blade pitch and rotor speed to vary with the mean wind speed, as well as lim-

ited rotor-speed fluctuations induced by platform motion and turbulent inflow [264].

The aerodynamic solution is based on blade-element momentum theory combined with

the Beddoes–Leishman dynamic stall model, tip- and hub-loss corrections, and tower-

shadow effects, as implemented in AeroDyn [277].

Model development

(This section has been written with significant input of A. Coraddu and L.

Oneto - co-authors of P4)

This section describes the data-driven, machine-learning-based model developed to

predict the variables reported in Table 6.13 (two time series of 72 000 elements) from

the variables listed in Table 6.12 (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 Section 6.4.1, 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 100GB of data.

To handle this amount of data, analogous to what was done in Section 6.4.1, the only

viable option is to use a neural network [261]. 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 [278], Long Short-Term Memory

networks [279], Temporal Convolutional Networks [280], Transformers [281], or Time

Series Foundation Models [282]. Nevertheless, while attempting to rely on these types

of networks, it soon became apparent that either their accuracy was too low or the size
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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 phys-

ical meaning of these inputs and outputs. The input series and a few scalar parameters

represent the system and the excitation applied to it, which produce the output se-

quences. 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 t, namely [t − ∆, t + ∆], with ∆ measured in seconds. Moreover,

since the structure (FOWT characteristics) does not change over time, the response

should not depend on t 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 [t−∆, t+∆], where ∆ 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 6.4.1,

and as output, we predict the values at time t of the two output time series. De-

spite 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 ∆.

In order to tune the free hyperparameters, ∆ together with the same hyperparam-

eters of the neural network described in Section 6.4.1, 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 6.4.1 where 80% of the data were used for training, 10%

for validation, and 10% for test.

Model verification

To assess the predictive accuracy of the surrogate model across the two targets, a

combination of quantitative metrics and visual diagnostics was employed. The statis-

tics of the force components (mean and standard deviation) are used as scalar values
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representing the mooring load time series, where necessary.

First, a table of aggregate error measures, including MSE, RMSE, MAE, MAPE,

R2, and normalised RMSE,11 is reported to provide concise numerical benchmarks

of the model’s accuracy across the entire dataset (Table 6.14). The surrogate model

Table 6.14: Mooring model surrogate aggregate error metrics.

Metric Fx mean Fx std Fz mean Fz 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
R2 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

demonstrated excellent predictive performance for all response components, with R2 >

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.

To visualise local variations in model performance, scatter plots of true versus pre-

dicted values were generated, as introduced in Section 6.4.1, presented in Figure 6.32.

The plots confirmed the near-perfect agreement between predicted and true values for

the mean components of the mooring loads, with points lying almost exactly along the

diagonal line and very low absolute relative errors. In contrast, the standard devia-

tion predictions exhibit a broader scatter, particularly for the vertical load component,

indicating comparatively lower accuracy in capturing the variability of the response.

Nevertheless, the overall distributions of absolute relative errors remain concentrated

near zero, demonstrating that large deviations are rare and that the surrogate model

performs consistently well across all components.

11MSE: mean squared error; RMSE: root mean squared error; MAE: mean absolute error; MAPE:
mean absolute percentage error; R2: coefficient of determination
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Figure 6.32: Mooring surrogate true–predicted scatter plots with absolute relative error
histograms.
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To further examine the structure and distribution of model errors, Figure 6.33

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 6.4.1.

Figure 6.33: Diagnostic plots for standard deviation of Fz.

The residuals exhibit a funnel-shaped pattern with increasing variance 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, suggesting 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. Overall, 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. Fig-

ures 6.34 and 6.35 present the true and predicted horizontal and vertical load compo-
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nents, respectively, for three example samples from the dataset. Both time-domain

Figure 6.34: True versus predicted mooring load component Fx.

and frequency-domain comparisons show that the surrogate accurately reproduces the

dynamic behaviour of the mooring loads. For the low-frequency dominated case (sam-

ple 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 cases (samples 2026 and 8888),

characterised by a broader spectral content, the agreement remains good, although

the surrogate tends to overpredict the range 0.02Hz to 0.07Hz, 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.

Figure 6.36 compares the mooring line tension time series (left) and the correspond-

ing rainflow cycle process (right) obtained using the mooring surrogate-augmented

model (C3) and OpenFAST for the original design under the rated wind speed condi-

tion. As previously observed for the samples within the dataset, the surrogate repro-

duces the general temporal trends from OpenFAST reasonably well. However, some

underestimation of high-frequency tension fluctuations is noted. As shown in the rain-
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Figure 6.35: True versus predicted mooring load component Fz.

flow diagram, these small high-frequency discrepancies result 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 Figure 6.11,

Section 6.3.2). These effects together result in an overall underestimation of cumulative

fatigue damage.

Figure 6.36: Tension and stress cycles counting for the mooring line (fairlead), com-
parison between OpenFAST and the surrogate model. Case 3.2 (rated conditions).

It should be noted that these findings pertain to a specific design under a specific

environmental condition; a perfect match is neither expected nor required. The sur-

rogate model is designed to provide accurate predictions on average across the design

space, as demonstrated earlier in this section, and is sufficient for its intended use in
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optimisation.

Notably, the implementation of the surrogate models within the coupled framework

enabled the level of simulation efficiency required for the design optimisation studies.

Table 6.15 summarises the average computational time for a single design evaluation,

including 12 fatigue and one ultimate strength environmental condition. All simula-

tions were executed on a single CPU (Intel® Xeon® Silver 4216 CPU at 2.10GHz).

The results highlight the substantial reduction in computational cost achieved by the

surrogate-augmented model (C3) compared with the physics-based models (C1 and C2).

Application of the BEM surrogate halved the solution time of the hybrid frequency-time

domain model (C2). 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.

Table 6.15: Average simulation time per design evaluation for models C1–C3 under 12
fatigue and 1 ultimate strength condition.

Model BEM model Mooring model Computation time (s)

C1 Capytaine Quasi-static 923.6
C2 Capytaine MoorPy on motion time series 1232.2
C3 Surrogate MoorPy on motion time series 586.8
C3 Surrogate Surrogate 289.9

6.5 Case study

To demonstrate the impact of the modelling approaches, a series of support-structure

optimisation exercises is presented, each employing one of the three models: C1 (physics-

based frequency-domain), C2 (physics-based hybrid-domain), and C3 (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.
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The objective is to minimise the material cost of the mooring lines12 by varying the

mooring line shape parameter (αmoor), chain diameter (dmoor), anchor radius (ranchor),

and the fairlead vertical position normalised by the draft (zF /T ),
13 subject to the con-

straints 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 opti-

miser [283] with finite-difference derivatives.

As shown in Figure 6.37, all optimisation cases—despite following different opti-

misation paths—ultimately produced significantly more economical designs. In every

case, the optimisation converged to the lowest allowable values of αmoor and the chain

diameter, relying primarily on adjustments to the fairlead and anchor positions as the

main cost levers. The two physics-based models (C1 and C2) arrived at nearly identical

final designs, differing only slightly in the anchor radius. In contrast, the optimisation

using model C3 converged to a distinct and cheaper solution, characterised by a smaller

anchor radius, a lower fairlead position, and a shorter line length.

The dynamic tension constraint was active at the final solution in all three optimi-

sation cases, indicating that it governed the optimal designs. However, the optimisation

trajectories differed significantly between the physics-based models (C1, C2) and the

surrogate-augmented model (C3).

For C1 and C2, the optimiser initially prioritised objective reduction, moving into

the infeasible region with respect to the dynamic tension constraint. As the opti-

misation progressed, the constraint violation penalties became increasingly influential

(consistent with IPOPT’s interior-point strategy), steering the solution back toward the

feasibility boundary and increasing the cost slightly. Consequently, the final designs

were reached by approaching the constraint from the infeasible side, with objective

12The values presented refer to the cost of a single line.
13The design variables are defined and illustrated in Section 4.2.
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Figure 6.37: Comparison of optimisation process with models C1, C2, and C3. The
dashed curve indicates the original design.

improvements ultimately limited by the need to satisfy the constraint.

In contrast, for C3, after an initial moderate reduction in objective 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 a smoother search trajectory and more effective exploration of feasible descent

directions. This behaviour is reflected in the markedly smoother optimisation history.

The differing trajectories can be attributed to discrepancies in the dynamic ten-

sion and tension gradients predictions between the models. Since gradient information

determines the search direction at each iteration, small differences in derivative esti-

mates can lead to substantially 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 objec-

tive value than that obtained using the physics-based models. However, this outcome

should not be interpreted as systematically superior performance. Rather, in a non-

238



Chapter 6. Hybrid-domain, surrogate-augmented model

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.

Note that because no constraint was imposed on the direction of the load at the

anchors,14 all 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.

The initial design and the three optimised designs were subsequently analysed in

OpenFAST to verify the improvements using a single consistent model. As summarised

in Table 6.16, all optimisations produced stiffer mooring systems, achieving more than

a 50% reduction in maximum offset, albeit with an increase in pretension of approxi-

mately 30%. When evaluated with the higher-fidelity model, the optimised configura-

tions also exhibited higher dynamic tensions: around a 10% increase for the surrogate-

based optimisation and 25% and 45% increases for the two physics-based optimisations.

This occurred despite the tension standard deviation constraint being active in the final

iteration, indicating that modelling inaccuracies influenced the optimisation outcomes.

The surrogate model resulted in the smallest increase in dynamic tension in the final

design. Importantly, while all optimisations were relatively fast, the surrogate model

delivered the final result in only 15min, making it a valuable tool for supporting con-

ceptual design with high potential for solving more complex optimisation problems.

6.6 Conclusion

This section provides a summary of the chapter and outlines the specific contributions

to knowledge made.

14Purposefully, to keep the problem minimal as explained at the beginning of the section.
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Table 6.16: 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 C3 best

Mooring line cost ($) 227 410 139 745 127 140 115 281
Mean + standard dev. offset (m) 33.55 9.64 12.84 13.23
Mean tension (kN) 1200 1660 1600 1560
Standard dev. of tension (kN) 70.35 88.7 101.0 76.3

Total optimisation time (min) N/A 26.9 106.9 15.7

6.6.1 Summary

This Chapter 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 met-

rics across 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. Exter-

nal loads and system responses were then mapped to internal loads in the tower and

mooring lines. Increasingly complex model variants were developed and systematically

verified against a fully coupled nonlinear reference.

The baseline model relied entirely on frequency-domain solutions for motion and

load responses. However, it exhibited significant deficiencies under large mean offsets

and high sea states, failing to capture the nonlinear and wave-frequency components

of mooring tension and tower base bending moments with sufficient accuracy. As a re-

sult, the fatigue analysis was unreliable. The spectral-based fatigue assessment was also

inadequate, as the assumption of a narrow-band stress process was violated under com-

bined wind–wave loading. Additionally, the approach was computationally inefficient

due to the reliance on boundary element methods for solving potential flow problems.

These limitations are consistent with findings reported in the existing literature.

The next model introduced a transformation of frequency-domain motions into the
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time domain, enabling direct calculation of structural loads and partial inclusion of

motion–load nonlinearities. This significantly improved the accuracy of the tower loads

prediction, with only a negligible increase in computation time. However, implement-

ing either a quasi-static or dynamic lumped-mass mooring model in the time domain

introduced a new efficiency bottleneck, yet substantial errors persisted in predicting

mooring tensions, which propagated into the fatigue analysis. Although this model

employed the rainflow counting method for fatigue estimation, inaccuracies in stress

prediction continued to compromise the reliability of the fatigue analysis.

These limitations were addressed in the next model through the development of a

data-driven machine learning surrogate for mooring loads in the time domain. This

approach represents a significant advancement over state-of-the-art methods, as its

dataset construction strategy is agnostic to both environmental conditions and the

design of the floating platform. It relies solely on fairlead motion time series and

mooring design parameters, making it broadly applicable across different projects while

delivering near-instantaneous predictions with accuracy comparable to time-domain

dynamic models. A separate surrogate model was also developed to overcome the

efficiency bottleneck associated with the boundary element method solver.

The case study demonstrated that all three modelling approaches enabled sub-

stantial reductions in mooring line cost. The two physics-based models (C1 and C2)

converged to similar solutions, whereas the surrogate-augmented model (C3) identified

a distinct and notably cheaper configuration. This difference was attributed to varia-

tions in gradient information, which led to different optimisation trajectories within the

non-convex design space. When evaluated in OpenFAST, all optimised designs showed

increased stiffness and reduced 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 results. It delivered the solution in only 15min, substantially

faster than the physics-based models. Overall, these findings highlight the potential of

the surrogate-augmented approach to support early-stage design by enabling rapid and

reliable exploration of the design space.
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6.6.2 Specific contributions

The following contributions to knowledge were made:

• Development of a hybrid frequency-time domain coupled model of dynamics for

evaluation of design metrics, including FOWT motions, as well as ultimate and

fatigue tower and mooring loads.

• Development of a database for the hydrodynamic coefficients surrogate model

training and implementation of the model in the optimisation framework.

• Development of a database for the mooring tension and fatigue surrogate model

agnostic to environmental conditions and floating platform design, and imple-

mentation of the model in the optimisation framework.
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Optimisation case studies

7.1 Introduction

These case studies aim to demonstrate how the findings and models developed in the

previous chapters can be applied in practical design optimisation scenarios. Specifically,

it seeks to address four key questions:

1. Does a fully integrated design of the tower, floating platform, and mooring sys-

tem yield a more balanced and higher-performing floating offshore wind turbine

(FOWT) compared with the traditional sequential design process?

2. How important is the inclusion of fatigue constraints for the tower and the moor-

ing system at the conceptual design stage?

3. What is the impact of the new natural-frequency constraint formulation on the

optimisation process and the resulting designs?

4. Is the instantaneous centre of rotation (ICR) a useful design metric?

In addressing these questions, the study further demonstrates that the proposed

hybrid-domain, hybrid-paradigm modelling framework—together with the reformulated

design problem—enables integrated optimisation to be performed efficiently and with

appropriate realism, all within practical computational budgets at the conceptual design

stage.
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This study employs the gradient-based optimisation algorithm IPOPT [283]. IPOPT

solves nonlinear optimisation problems of the form

min
x

f(x) (7.1)

s.t. gL ≤ g(x) ≤ gU , (7.2)

xL ≤ x ≤ xU , (7.3)

where x is the vector of design variables, f(x) is the design objective, g(x) are the

design constraints. IPOPT is a primal–dual interior-point method, in which the de-

sign variables, Lagrange multipliers associated with the constraints and bounds, and

the slack variables introduced by the interior-point formulation are solved for simul-

taneously. Inequality constraints are handled by introducing slack variables (s) and a

logarithmic barrier term (−µ
∑

i ln(si)) to enforce strict feasibility. IPOPT therefore

solves a sequence of barrier subproblems

min
x,s

ϕµ(x, s) = f(x)− µ
∑
i

ln(si), (7.4)

subject to g(x) + s = 0, where µ > 0 is the barrier parameter. At each iteration, a

Newton step of the perturbed KKT1 system is computed, and a line search ensures

sufficient descent while maintaining si > 0. As µ → 0, the algorithm approaches a

solution of the original constrained problem. Solving the Newton system requires first-

order derivatives of the objective and constraint functions (an illustrative analytical

example is provided in Appendix K).

Although analytical gradients are typically preferred for computational efficiency,

the hybrid-domain modelling framework developed in this thesis is sufficiently fast to

allow numerical finite-difference derivatives to be evaluated within practical runtimes.

Furthermore, several components of the model are not differentiable, which remains

a recognised bottleneck in the field; ongoing research efforts continue to address this

limitation (e.g. [57]).

1Karush–Kuhn–Tucker conditions - see Appendix K for details.
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The optimisation approach used here is local and no multi-start strategy is applied.

Consequently, the “optimal” designs reported in this chapter should be interpreted as

locally optimal or improved designs. In addition, the inclusion of surrogate models

introduces noise into the design evaluations, meaning that strict satisfaction of the

optimality criteria (KKT conditions) cannot be guaranteed. Instead, the optimisation

runs are terminated manually once all design variables and functions have converged

sufficiently, and all constraint violations are acceptably small in engineering terms.

IPOPT is known to be sensitive to poor problem scaling: when the functions of

interest vary over several orders of magnitude, this may lead to very slow convergence

or no convergence at all. Therefore, all objective and constraint functions are scaled to

lie within the 0–1 range. Commonly, such scaling is derived solely from function values

at the first optimisation iteration. However, this approach may lead to poorly condi-

tioned scaling elsewhere in the design space. To mitigate this risk, each optimisation is

executed twice. The first run is terminated after a limited number of iterations (10–20)

and is used exclusively to estimate appropriate scaling factors for all objectives and

constraints. By basing the scaling on several early iterations rather than on the first

iteration alone, the resulting scaling better reflects early optimisation dynamics and is

less sensitive to the initial design point. These scaling factors are then applied in the

second run to improve the numerical performance of IPOPT.

The C3 model introduced in Chapter 3.2.1 is used throughout this study. The

design variables, objectives, constraints, and environmental conditions are defined in

Chapter 2.2.1. For clarity and completeness, these elements are briefly reiterated for

each test case in the subsequent sections.

The purpose of these exercises is to answer the four specific questions posed at the

beginning of this chapter, rather than to demonstrate a real design process in its full

complexity. The results of the three tests performed to address these questions are

discussed in the following sections.
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Figure 7.1: Test 1 workflow: sequential system optimisation.

7.2 Test 1: sequential versus integrated design

In this test, two series of optimisations are performed: a sequential design of the tower,

floating platform, and mooring system, and an integrated design of all three subsystems.

While both approaches are subject to the same set of constraints,2 they differ in the

formulation of the design objective and the selection of design variables. As illustrated

in Figure 7.1, the sequential approach restricts the objective and variables to those of

the subsystem currently being designed, whereas the integrated approach considers the

full set of system-level variables and a system-level objective.

Each optimisation aims to minimise the material cost of the relevant subsystem

(tower, platform, or mooring lines), subject to four dynamic-behaviour constraints

(pitch stiffness, horizontal offset, tower tilt, and nacelle acceleration) and seven structural-

integrity constraints (tower shell buckling and yielding, platform column buckling and

yielding, mooring line strength, and vertical load at the anchors). The motion-related

constraints and the vertical load on the anchors constraint are evaluated at the rated

wind speed, while the strength utilisation at the tower base and in the mooring lines

is evaluated under two conditions: high thrust and high significant wave height, as

described in Section 4.4.2.

2All constraints are retained to ensure direct comparability between cases and to avoid subjective
assignment of constraints to subproblems. This slightly (but acceptably) increases solution complexity
due to the larger Jacobian handled by IPOPT.
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The design variables differ according to the subsystem being optimised. For the

tower, the variables are the tower-base radius and the ratio of tower-base wall thickness

to diameter. This deliberately minimal set provides effective control over the tower’s

mass, stiffness, and structural strength, while keeping the problem dimensionality low

to focus on interactions between subsystems and optimisation behaviour rather than on

detailed structural design. For the platform, the design variables include the draft and

a vector of five spar radii (a transition piece is introduced between the waterline and

10m above the waterline, allowing the platform top and tower base to have different

diameters and wall thicknesses). For the mooring system, the variables are the line

diameter, the line-shape parameter, the fairlead vertical position relative to the plat-

form draft, and the anchor radius. All variables are illustrated in Figures 4.1 and 4.3

in Chapter 4.

Note that the order of the sequential subsystem optimisations may influence the

final results. The order adopted here—tower, platform, and mooring—represents one

of several possible sequencing strategies and reflects common engineering practice at

the global sizing or conceptual design stage.

Tower optimisation As illustrated in the workflow diagram in Figure 7.1, the de-

signs of the platform and mooring system are initially assumed to be identical to the

original OC3 configuration. The optimisation history for the tower is shown in Fig-

ure 7.2. Only the constraints that become active at any stage of the optimisation

are displayed, for clarity, and the curves are coloured by iteration number for easier

reference between the subplots.

The design of the tower was driven by the tower shell buckling utilisation limit

of 1.16,3 with the remaining constraints well within the feasible ranges. A moderate

reduction in the tower material cost of 12% was realised by a small decrease in the

radius accompanied by a relatively small increase in the compactness ratio (i.e., decrease

in the wall thickness) – exact values are presented in Table 7.1.

3The buckling utilisation limit of 1.0 typically denotes the onset of buckling; the limit adopted here
corresponds to the utilisation predicted by the current model for the reference design.
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Figure 7.2: Test 1: Tower optimisation history. Black dashed line – initial value.

Figure 7.3: Test 1: Floating platform optimisation history. Waterline radius – r4.
Black dashed line – initial value, blue dashed line – constraint limiting value.

Platform optimisation As illustrated in Figure 7.1, the tower design from the pre-

vious step, and the original OC3 mooring design, are the starting point for the floating

platform optimisation. The optimisation history is presented in Figure 7.3.

Three of the platform radii (r1, r2, r3) are driven to their lower bounds, and r0

(keel radius) decreases, all reducing platform mass and cost. The waterline radius r4,

however, increases monotonically from its baseline of 3.25 m to approximately 6.5 m,

compensating the loss of pitch restoring stiffness C44 that would otherwise result from

the reduced mass and geometry. Increasing r4 raises both zG and zB, with zG rising

faster due to more steel concentrated near the waterline and less ballast at the keel,
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which weakens the stabilising gravity term −MgzG. However, the rising zB reduces

the destabilising buoyancy separation term ρgV zB by a greater margin, and the wa-

terplane moment ρgIwp, while an order of magnitude smaller, contributes in the same

direction. The net effect is a recovery of C44 sufficient to reduce pitch displacement

and, consequently, the tower shell buckling utilisation which is active at convergence.

Arguably, increasing the keel radius r0 could provide an alternative route to recover-

ing pitch restoring stiffness; while it would increase the stabilising gravity term −MgzG

effectively, it would simultaneously lower zB, amplifying the destabilising buoyancy sep-

aration term ρgV zB. The trade-off between these two competing effects is non-trivial,

and its resolution is left to the optimiser. It is possible that different starting points

would lead the local optimiser to select either r0 or r4 as the primary stability lever in

different realisations.

Consistent with the theoretical behaviour of the IPOT algorithm detailed in Sec-

tion K.0.5 in Appendix K, the draft T decreases sharply in the first few iterations from

its baseline of 120 m, because the barrier-based merit function is initially dominated by

the objective term — reducing T being a very effective way of reducing cost, given that

mass scales linearly with draft. After a few iterations, constraint satisfaction becomes

increasingly influential, leading to a partial recovery in T and a slower reduction in

cost, primarily driven by small adjustments in the spar radii. The final design achieved

a substantial cost reduction of 23%, with all constraints satisfied.

Mooring optimisation Following the logic of Figure 7.1, the tower and platform

designs from the previous steps are the starting point for the moorings optimisation.

The optimisation history is presented in Figure 7.4.

The optimiser converged smoothly towards a substantially lower-cost solution, achiev-

ing a 29% reduction. Multiple constraints were active at the final point, including those

related to the horizontal offset (the maximum offset and vertical load on the anchor),

and the strength criteria at the tower and mooring system. Importantly, mooring yield

utilisation in the high-wave condition (ULS2) became the design driver, indicating that

the optimiser approached the lightest possible design.
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Figure 7.4: Test 1: Mooring line optimisation history. Black dashed line – initial value,
blue dashed line – constraint limiting value.
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Cost reduction was primarily driven by decreasing the chain diameter d, which

reduces the submerged weight per unit length and hence both the fabrication cost and

the mooring tensions Th and Tfair. However, reducing d also reduces the linearised

mooring stiffness ∂Th/∂xfair, weakening the restoring force available to limit horizontal

platform offset.

Constraint satisfaction was primarily achieved by increasing the fairlead-anchor

distance and the suspended line length, the latter controlled through the line-shape

parameter αmoor. Increasing the suspended line length reduces both tensions and stiff-

ness, all else being equal, which has a negative impact on offset, but helps to lower

the vertical anchor load. Increasing the fairlead-anchor distance raises tensions and

stiffness, compensating for the stiffness lost through diameter reduction and line length

increase. Together, these geometric adjustments balanced the horizontal offset, line

ULS utilisation, and anchor load constraints, all of which were active at convergence.

Second pass through sequential optimisation A single pass through the se-

quential optimisation workflow shown in Figure 7.1 already produced a substantially

more economical system. This approach, however, captures only one-way interactions

between the tower, floating platform, and mooring system designs, suggesting that

further improvement might still be possible.

As shown in Table 7.1, the second iteration of the workflow, initialised from the best

designs obtained in the first pass, did not lead to any further meaningful improvement.

The second tower optimisation failed to identify any feasible solutions with a lower

cost. The second platform optimisation converged to a slightly more expensive design,

primarily by reducing marginal constraint violations close to their numerical tolerances.

Using this modified platform as the starting point, the second mooring optimisation

achieved only a marginal, practically negligible, reduction in mooring cost. Overall,

the second pass through the sequential optimisation process resulted in a total system’s

variables and cost comparable to that obtained after the first pass, indicating that the

sequential approach was unable to escape the identified local optimum.
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Integrated optimisation initialised from original design Next, an integrated

optimisation of the tower, floating platform, and mooring system was performed, in

which the design variables of all subsystems were varied simultaneously to identify the

configuration with the lowest total material cost.

As illustrated in Figure 7.5, the optimiser converges to the minimum in fewer than

50 iterations – fewer than the total iterations of the 1st pass through sequential opti-

misations. This behaviour illustrates the efficiency of the gradient-based optimisation

approach in a reasonably smooth and well-conditioned design space. Despite the in-

creased dimensionality of the coupled problem, comprising 12 design variables, the

optimiser exploits gradient information to efficiently navigate the design space and

rapidly identify descent directions.

The platform adopts the same qualitative solution as in the sequential case: r4

increases to recover pitch restoring stiffness C44, while r1–r3 collapse to their lower

bounds and r0 reduces, all driving mass and cost down. The pitch displacement con-

straint η5,max is active at convergence, confirming that r4 has been increased only as

far as necessary to satisfy the stability margin.

The active constraints at convergence differ from the sequential result: the horizon-

tal offset η1,max/depth, the vertical anchor load Fz,moor, and tower shell buckling are

all active, while the mooring yield utilisation under the high-wave condition (ULS2) is

no longer design-driving. This reflects the greater freedom available in the integrated

problem: with all subsystem variables adjusting simultaneously, the optimiser finds a

different low-cost design where mooring strength is no longer the limiting factor. The

mooring solution follows the same qualitative direction as the sequential case — reduced

chain diameter d from 70mm to approximately 58mm, increased fairlead-anchor dis-

tance ranchor from 845m to approximately 925m, and increased suspended line length

via αmoor — but converges to a different balance point among the active constraints.

The updated tower features a base radius Rtwr settling near 3.4m and a D/ttwr ratio

of approximately 260, above its initial value of 250, with tower shell buckling active

at convergence. The wall thickness change remains marginal and indistinguishable in

practical engineering or manufacturing terms.
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Figure 7.5: Test 1: Integrated support structure optimisation history. Black dashed
line – initial value, blue dashed line – constraint limiting value. Waterline radius – r4.
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Integrated optimisation initialised from best sequential optimisation design

The sequential optimisation failed to escape the identified local optimum. As a final ex-

periment in Test 1, an integrated optimisation was therefore performed again, this time

initialised from the locally optimal design obtained through the sequential approach.

The corresponding optimisation history is shown in Figure 7.6.

The optimisation successfully escaped the local minimum and arrived at a sub-

stantially lower-cost solution of approximately 2700 kUSD, comparable to the result

obtained from the original initialisation. However, in contrast to the smooth descent

observed in that run, the early iterations here exhibit a pronounced transient: the

objective spikes to approximately 3400 kUSD and multiple constraints spike briefly

reaching their limits before retreating, reflecting the larger perturbation required to

move away from the sequential local minimum. Convergence requires approximately

70–80 iterations, roughly double that of the first integrated run.

The converged design mostly follows the same qualitative trends and the same set

of active constraints as the previous integrated run. The draft, however, settles near

113m, somewhat lower than the 119m obtained from the original initialisation, with

the associated reduction in pitch restoring stiffness compensated by a correspondingly

larger waterline radius r4, which converges to a slightly higher value than in the first

integrated run.

As summarised in Table 7.1, both integrated optimisations substantially outperform

the sequential result. The close agreement in final cost and active constraint set between

two runs initialised from markedly different starting points increases confidence in the

robustness of the optimisation and suggests that the identified solution represents a

near-global optimum for Test 1.

Summary of Test 1 The results of all optimisations are compared in Table 7.1 and

Figure 7.7. The sequential (light green bar) and integrated (grey bar) optimisations

resulted in 12% and 22% total cost reduction, respectively. Compared with the se-

quential approach, the integrated optimisation produced a more expensive mooring

system. However, this additional cost enabled a significant reduction in platform cost,
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Figure 7.6: Test 1: Integrated support structure optimisation history initialised from
the end point of the sequential optimisation. Black dashed line – initial value, blue
dashed line – constraint limiting value. Waterline radius – r4.

ultimately yielding a cheaper overall system. Such a trade-off could not be achieved

with the sequential approach, which inherently selects the least expensive option for

each subsystem independently.

The physical mechanism underlying this trade-off can be understood by writing the
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Table 7.1: Test 1: Comparison between the initial FOWT design and the designs
optimised in a sequential and integrated manner. Costs are normalised relative to the
initial total cost of 3,452,500 USD.

Unit Initial Seq. opt. Seq. opt. Int. opt. Int. opt.
design (1st pass) (2nd pass) (from seq. 2) (from initial)

rtwr m 3.25 3.08 3.04 3.40 3.48
D/t – 240.7 250.7 239.6 261.8 271.6
(ttwr) m 0.0270 0.0246 0.0254 0.0261 0.0256
T m 120.00 120.31 120.88 113.60 118.97
r1 (keel) m 4.70 3.95 4.10 3.32 3.27
r2 m 4.70 3.00 3.19 3.03 3.00
r3 m 4.70 3.00 3.11 3.01 3.00
r4 m 3.98 3.00 3.11 3.06 3.00
r5 (WL) m 3.25 6.80 6.85 5.69 5.28
αmoor – 0.121 0.116 0.117 0.116 0.117
d mm 70.0 59.34 58.89 58.99 58.76
zfairlead/T – 0.58 0.59 0.60 0.22 0.20
Ranchor m 845.2 854.1 855.7 922.6 928.7

Material cost (normalised to initial total = 1.0)

Tower – 0.18 0.16 0.16 0.16 0.18
Platform – 0.62 0.56 0.59 0.54 0.45
Mooring lines ×3 – 0.20 0.13 0.13 0.08 0.15
Total – 1.00 0.85 0.88 0.78 0.79

Figure 7.7: Test 1: Comparison between the initial and optimised FOWT designs.

pitch equilibrium equation about the mooring attachment point:

[Ch + Cg] θ = Faero |zhub − zmoor| (7.5)

where Ch and Cg are the hydrostatic and gravitational restoring coefficients defined
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about the fairlead, θ is the pitch angle, Faero is the aerodynamic thrust, and zhub and

zmoor are the heights of the hub and mooring attachment point, respectively. By raising

the fairlead attachment point zmoor, the integrated optimiser reduces the overturning

moment arm |zhub − zmoor|, so that a smaller combined restoring coefficient [Ch + Cg]

is sufficient to maintain the same equilibrium pitch angle θ. Since reducing displaced

volume is the most cost-effective way to reduce Ch, the platform radii can be decreased,

yielding a lighter and cheaper platform. The mooring system incurs a higher cost to

achieve the elevated fairlead position, but the resulting platform savings more than

compensate, producing a lower total system cost. This cross-subsystem trade-off is

only accessible to the integrated formulation, where the fairlead position and platform

geometry are optimised simultaneously.

A potential alternative would be a nested optimisation architecture (for example,

following one of the distributed multidisciplinary design analysis and optimisation,

MDAO, formulations), with an outer loop minimising the total system cost. However,

given the simplicity, interpretability, and low computational demand of the direct inte-

grated approach for FOWT design, adopting a nested formulation is unlikely to provide

substantial additional value for the problem considered in this work. Based on the re-

sults of this test case, there is limited evidence to suggest that further decomposition

of the optimisation problem would be beneficial, which supports the use of monolithic

MDAO architectures unless the design problem is substantially redefined.

7.3 Test 2: the impact of fatigue constraints

The optimum design obtained from the integrated optimisation satisfied all constraints

considered up to this point; however, fatigue damage had not yet been included in

the formulation. A subsequent evaluation with model C3 revealed that the tower–base

fatigue damage substantially exceeds the permissible limit of 1, reaching a value of 26.9.4

This clearly indicates that fatigue must be explicitly addressed in the design process

4Note that high fatigue accumulation results are not uncommon, as fatigue is very sensitive to
underlying assumptions and stress evaluation accuracy, values in the order of 20 in otherwise optimised
designs were presented for example in [284].
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to obtain a structurally viable solution. In the next step, fatigue damage for both

the tower–base section and the mooring line at the first chain link at the fairlead

is incorporated into the integrated optimisation of the support structure. All other

elements of the formulation are kept unchanged, ensuring a direct assessment of the

isolated effect of fatigue constraints.

As seen in the optimisation convergence history in Figure 7.8, the introduction of

the tower and mooring fatigue constraints led the algorithm to converge to a higher-

cost design with significantly reduced fatigue levels, as expected. The reduction in

tower fatigue was achieved primarily through a decrease in tower loading, driven by

a reduction in pitch motion (η5,max). This was mainly accomplished by changing the

distribution of platform radii: a substantial increase in the platform radii near the

keel increased the system inertia and lowered the centre of ballast, increasing the pitch

stiffness; meanwhile, radii near the waterline in the wave-affected zone were reduced,

lowering wave excitation and further contributing to the reduction in platform motions

and fatigue damage. While the tower geometry itself changed only marginally, the

optimisation shifted toward a shorter-line mooring system. This adjustment helped to

lower the total cost, and the mooring system no longer needed to contribute as much

to motion suppression, since the heavier and more inertial platform already provided

improved motion performance.

Increasing the tower base radius and/or wall thickness could, in principle, provide

an effective means of controlling fatigue damage by increasing the structural strength.

However, while such modifications enhance strength, a bulkier tower also shifts the sys-

tem’s centre of mass upward. This results in increased pitch motions and, consequently,

higher dynamic loads at the tower base, which can have a detrimental effect on fatigue

performance. Assessing this trade-off within a manual design process is challenging, as

the competing effects are strongly coupled and non-intuitive. In contrast, the optimisa-

tion framework enabled the systematic identification of a more efficient design pathway

that reduces overall system cost while maintaining adequate structural reliability.

To further support this interpretation, the optimisation was repeated using a de-

liberately stocky tower as the initial design. As shown in Figure 7.9, the optimiser
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Figure 7.8: Test 2: Support structure optimisation history with fatigue constraints (1st
start point). Black dashed line – initial value, blue dashed line – constraint limiting
value. Waterline radius – r4.

initially explored the increased-strength design direction (high Rtwr and low D/t) but

ultimately converged away from this solution, indicating that this local optimum was

less favourable than the alternative fatigue reduction pathway.

The final locally optimal designs are compared with the design obtained from the
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Figure 7.9: Test 2: Support structure optimisation history with fatigue constraints (2nd
start point). Black dashed line – initial value, blue dashed line – constraint limiting
value.
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optimisation without fatigue constraints in Table 7.2 and Figure 7.10. The previously

discussed interdependence between the platform and mooring system is clearly reflected

in the cost breakdown. Incorporating fatigue constraints increased the floating plat-

form cost, more markedly for the first starting-point case, while simultaneously reducing

the mooring system cost. As before, the tower cost remained largely unchanged. Ac-

counting for fatigue increased the total system cost by approximately 8% for the first

starting-point case; nevertheless, the resulting design remains about 15% cheaper than

the original baseline configuration. The second starting-point optimisation achieved

fatigue reduction with no net increase in total cost, more effectively balancing the in-

creased tower base strength and platform inertia against the reduced mooring system

cost.

Table 7.2: Test 2: Comparison between the best FOWT designs from optimisations
with and without fatigue constraints. Costs are normalised relative to the cost of
2,722,703 USD.

Unit Integrated opt. Integrated opt. Integrated opt.
(no fatigue) (with fatigue) (with fatigue)

(1st start) (2nd start)

rtwr m 3.48 3.44 3.52
D/t – 271.6 266.54 277.96
(ttwr) m 0.0256 0.0258 0.0253
T m 118.97 112.71 119.97
r1 (keel) m 3.27 4.17 3.58
r2 m 3.00 3.46 3.00
r3 m 3.00 3.20 3.00
r4 m 3.00 4.67 3.88
r5 (WL) m 5.28 3.32 3.91
αmoor – 0.117 0.109 0.116
d mm 58.76 61.17 58.59
zfairlead/T – 0.20 0.33 0.21
Ranchor m 928.66 880.99 928.31

Material cost (normalised to initial total = 1.0)

Tower – 0.23 0.23 0.23
Platform – 0.58 0.67 0.59
Mooring line ×3 - 0.20 0.18 0.18
Total - 1.00 1.08 1.00
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Figure 7.10: Test 2: Comparison between the FOWT designs optimised with and
without the fatigue constraints.

7.4 Test 3: the impact of natural frequency constraints

As anticipated from the frequency–penalty landscape in Figure 4.10 (Section 4.4.1),

the resulting design space is highly nonconvex. Consequently, the local optimisation

is repeated from multiple starting points. The resulting designs are summarised in

Table 7.3 and Figures 7.11 and 7.12.

Figure 7.11: Test 3: Comparison of FOWT designs optimised with the natural fre-
quency constraints locally from different starting points.

The dominant penalty terms at the optima are associated with the overlap be-

tween the three lowest natural frequencies and the wind excitation range, namely

P (fnat1,wind), P (fnat2,wind), and P (fnat3,wind), as well as the overlap between the fourth

lowest natural frequency and the rotor 3P excitation range, P (fnat4,3P ). The resulting
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Table 7.3: Test 3: Comparison of FOWT designs optimised with the natural frequency
constraints locally from different starting points. Costs are normalised relative to the
initial total cost of 3,452,500 USD.

Unit Initial Opt. 1 Opt. 2 Opt. 3

Design variables

Rtwr m 3.25 3.21 4.43 4.62
D/ttwr – 240.7 240.1 245.2 213.3
(ttwr) m 0.0270 0.0267 0.0361 0.0433
T m 120.0 119.5 119.6 115.4
αmoor – 0.127 0.124 0.123 0.0
d mm 70.0 69.89 64.95 71.27
ranchor m 853.1 837.8 844.7 759.7
zfairlead/T – 0.585 0.586 0.584 0.586
r1 m 4.70 4.69 5.18 5.59
r2 m 4.70 4.67 4.67 5.12
r3 m 4.70 4.76 4.67 5.11
r4 m 3.95 2.94 3.94 5.25
r5 m 3.25 3.26 4.49 5.32

Constraints (active)

P (fnat1,wind) 0.22 0.21 0.24 0.08
P (fnat2,wind) 0.04 0.07 0.04 0.03
P (fnat3,wind) 0.04 0.03 0.02 0.02
P (fnat4,3P ) 0.19 0.00 0.00 0.00∑

0.49 0.31 0.30 0.13

Material cost (normalised to initial total = 1.0)

Tower 0.18 0.33 0.30 0.37
Platform 0.62 0.66 0.79 1.01
Mooring line ×3 0.20 0.18 0.16 0.17∑

1.00 1.19 1.25 1.55
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Figure 7.12: Test 3: Natural frequency penalty map for the FOWTs optimised locally
from different starting points.

penalty landscape and the locations of the natural frequencies for the optimised designs

are illustrated in Figure 7.12.

As summarised in Table 7.3 and Figure 7.11, none of the locally optimised solutions

achieves a strictly zero value for all resonance-related penalty terms. Nevertheless, all

optimised designs exhibit a substantial reduction in the total penalty compared to the

initial configuration, with the summed value decreasing from 0.49 to between 0.31 and

0.13. This demonstrates that the proposed smooth penalty formulation systematically

guides the optimisation away from resonance-prone regions.

A consistent outcome across all starting points is the complete elimination of the

3P-related overlap. The initial design exhibits a significant penalty associated with the

overlap between the tower’s first fore–aft natural frequency and the rotor 3P excitation

range, P (fnat4,3P )=0.19, whereas this term is reduced to zero for all locally optimised

solutions. Figure 7.12 shows that the initial configuration lies on the low-frequency side

of a bimodal 3P penalty landscape, while all optimisation runs successfully traverse

the steeper of the two penalty peaks and converge to the high-frequency, stiff–stiff

regime. This indicates that the gradient-based optimisation process was able to traverse

a nonconvex resonance landscape rather than becoming trapped in the nearest local

minimum.
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The residual penalty at the optima is dominated by the overlap between the sys-

tem’s lowest natural frequency, associated with rigid-body surge motion, and the wind

excitation range. For all locally optimised solutions, P (fnat1,wind) remains non-zero,

indicating that complete avoidance of this overlap is not achievable within the explored

design bounds and coupled system constraints. One optimisation run yields a markedly

lower value of this term compared to the others, reflecting design changes that shift the

stiffness–mass balance towards higher natural frequencies (primarily through shorter,

larger-diameter mooring lines). However, this reduction is accompanied by a substan-

tial increase in structural cost.

The comparison of the locally optimised solutions in Figure 7.11 reveals a clear

trade-off between structural cost and resonance-related risk. While moderate reductions

in total penalty can be achieved with relatively modest cost increases, the solution

exhibiting the lowest total penalty corresponds to a substantially higher normalised

material cost. Notably, this solution is characterised by a qualitatively different set

of design variables rather than a refinement of the initial configuration, indicating a

transition to a distinct design regime (region in the design space). This observation

highlights the strongly nonconvex nature of the optimisation landscape and suggests

that significant reductions in resonance exposure require more fundamental changes to

the structural concept rather than incremental tuning.

Furthermore, Figure 7.12 shows that the tower natural frequency is shifted well be-

yond the minimum value required to achieve zero 3P penalty. This behaviour indicates

nontrivial coupling between the resonance-related penalty terms: design modifications

intended to mitigate one excitation mechanism simultaneously reshape the feasible re-

gion associated with others. The optimiser negotiates a coupled, multi-dimensional

trade-off between competing metrics.

Overall, embedding prior knowledge of excitation likelihood and severity into smooth,

differentiable penalty functions enabled the optimisation to produce a set of physically

meaningful local optima spanning different cost–risk compromises. Rather than yield-

ing a single binary-feasible solution, the proposed approach provided valuable decision-

support information by revealing alternative design regimes and their associated trade-
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offs, allowing the developer to select a configuration based on acceptable resonance

exposure and structural cost.

Note that operating near or at resonance can be particularly detrimental in terms

of fatigue damage, especially for lightly damped systems, as even moderate excitation

levels may lead to significantly amplified cyclic loads. Fatigue constraints were, however,

not included in this test, as the intent was to isolate and assess the effect of the proposed

resonance penalty functions independently of other design considerations.

7.5 Test 4: ICR-informed design

Chapter 5 proposed an example formulation of the design problem formulation based

on an unconventional metric: the instantaneous centre of rotation (ICR). In this ex-

ample, the suitability of the ICR for informing the design of a spar support structure

is investigated by direct inspection of the design space.

Using the ICR statistics and responses of interest identified as correlated in Chap-

ter 5, Figure 7.13 illustrates the design space in the form of 2D trends (full-factorial

design) for all combinations of the design variables selected in Chapter 5: the vertical

centre of mass and fairlead location.

While the sensitivity of the mean xICR to each variable is largely independent of

the other variable (top-left subplot), more interdependence is seen in the case of the

standard deviation of zICR, where the rate of the ICR increase with the centre of mass

depends on the fairlead position and vice versa. Regarding the loads, the mooring line

tension at the fairlead is significantly more sensitive to variations in fairlead position

than it is to the centre of mass. The impact of the two design variables on the tower

base and blade root bending moments is more balanced, with both variables affecting

the loads significantly.

As previously outlined in the diagram of Figure 5.30 and additionally illustrated

in Figure 7.13, the design modifications considered in this case study follow the steps

listed below:

• Lower the fairlead position to increase the mean xICR (top-left plot, red arrow).

266



Chapter 7. Optimisation case studies

Figure 7.13: Design space visualisation: ICR and response statistics as functions of two
selected design variables for the spar-type FOWT.

• This leads to a reduction in the mean and dynamic mooring tension (top-middle

and top-right plots, red arrows) and to an unfavourable increase in the tower

base and blade root bending moments (bottom-middle and bottom-right plots,

red arrows).

• Lower the platform centre of mass to lower the standard deviation of zICR

(bottom-left plot, green arrow).

• This brings the tower base and blade root loads back close to the original values

while retaining the reduced mooring tension.

The extent of the variable adjustments is limited by practical considerations: it

may not be practical to construct the fairlead at the very bottom of the spar structure,

and the centre of mass of the platform is limited by the ballast placement.5

To support reading the 2D maps, OpenFAST results of the original and the modified

designs are compared in Tables 7.4–7.7 and Figure 7.14. As expected, the most signifi-

cant change was seen in the mooring loads, with 26% and 69% reductions in the mean

5Implementing such adjustments may necessitate additional design modifications—for example, low-
ering the centre of mass could require a deeper draft structure. While some consideration has been
given to the practicality of these design variations, their overall feasibility is not guaranteed.
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and dynamic tension, respectively, improving both the ultimate strength and fatigue

characteristics of the design. These changes were accompanied by shifting the mean

of the body-fixed coordinate system ICR closer to the fairleads position. The softer

mooring system resulted in vastly increased mean surge offset of 21.73m. Although

this was a 50% increase over the original design, the value is still reasonable (7% of

the water depth assumed). Importantly, the reduction in mooring loads was achieved

without significantly compromising the other structural loads: the only response nega-

tively affected was the tower base bending moment, which increased by less than 5%.

Table 7.4: Comparison of the original and the ICR-informed adjusted spar FOWT
design responses. Body-fixed frame ICR values are in brackets.

Mean Std

Metric Unit Original Adjusted Original Adjusted

xICR m -2.13 (21.60) -0.79 (12.63) 54.79 (54.80) 33.40 (33.35)
zICR m -28.69 (-23.27) -24.31 (-28.86) 19.83 (19.58) 15.30 (15.36)
FAIRTEN2 N 1.09E+06 8.06E+05 4.24E+03 1.31E+03
TwrBsMyt kNm 2.68E+04 2.64E+04 4.04E+03 4.21E+03
RootMyc1 kNm 3.83E+03 3.85E+03 2.37E+02 2.32E+02
Surge m 13.93 21.73 0.12 0.13
Heave m -0.16 1.04 0.02 0.02
Pitch ◦ 1.62 1.53 0.06 0.06
NcIMUTAxs m s−2 0.11 0.11

Table 7.5: Comparison of the original and the ICR-informed adjusted spar FOWT
design responses - absolute and relative percentage differences.

Mean Std

Metric Unit Abs. diff Rel. diff (%) Abs. diff Rel. diff (%)

xICR m 1.34 (-8.97) 62.9 (-41.5) -21.39 (-21.45) -39.0 (-39.14)
zICR m 4.38 (-5.59) 15.3 (-24.0) -4.53 (-4.22) -22.8 (-27.5)
FAIRTEN2 N -2.84E+05 -26.1 -2.93E+03 -69.1
TwrBsMyt kNm -4.00E+02 -1.49 1.70E+02 4.21
RootMyc1 kNm 2.00E+01 0.52 -5.00 -2.11
Surge m 7.80 56.0 0.01 8.33
Heave m 1.20 750.0 0.00 0.00
Pitch ◦ -0.09 -5.56 0.00 0.00
NcIMUTAxs m s−2 – – 0.00 0.00

Although it was impossible to align the mean ICR with the fairleads using the

design modifications considered, moving the ICR in that direction significantly reduced
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Table 7.6: The original and the ICR-informed adjusted spar FOWT designs features.

Feature Unit Original Adjusted

Fairlead z m -70.00 -110.00
Platform zCM m -89.92 -100.00

Table 7.7: The original and the ICR-informed adjusted spar FOWT designs features -
absolute and relative differences.

Feature Unit Abs. diff Rel. diff (%)

Fairlead z m -40.00 -57.1
Platform zCM m -10.08 -11.2

Figure 7.14: The responses of the modified spar FOWT design. Values normalised with
the values of the original design as 1 + (xadjusted − xoriginal)/|xoriginal|.

the mean and dynamic mooring loads. As already hinted at the end of Section 5.7, this

adjustment had a negative impact on the tower and blade loads, which was mitigated by

shifting the platform’s centre of mass, thereby shifting the standard deviation of zICR

and restoring these loads to their original levels. Even though the ICR is dynamic

and exhibits significant variability, the case study showed that shifting the mean ICR

towards specific locations can significantly reduce structural loads.
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7.6 Conclusion

This section provides a summary of the chapter and outlines the specific contributions

to knowledge made.

7.6.1 Summary

This chapter applied the models developed in Chapters 3.2.1 and 5 and the problem

formulation introduced in Chapters 4and 5 to perform design optimisation studies of

the support structure, including the tower, floating platform, and mooring system.

The results demonstrated that the co-design of the floating platform and mooring

system is important, as both significantly influence the dynamic behaviour of a FOWT.

In particular, over-engineering of one subsystem can enable cost savings in the other,

leading to a more cost-effective overall design. The case study showed that integrated

optimisation of the FOWT system can be achieved at a computational cost lower than

a series of sequential subsystem optimisations. Furthermore, fatigue assessment was

shown to be a critical component of the design process. The additional cost required to

reduce fatigue, achieved by increasing the system inertia and thereby lowering dynamic

loads, was quantified. The proposed resonance constraint formulation was shown to

function as an effective decision-support tool by embedding prior knowledge of excita-

tion likelihood and severity into the penalty shapes, thereby providing informative risk

gradients that enable meaningful trade-offs both between structural cost and resonance

risk and among competing resonance mechanisms, beyond binary feasibility.

In the last case study on design informed by the instantaneous centre of rotation

(ICR), the results demonstrated the effect of the ICR on the trade-off between dynamic

loads at different locations on the structure. Shifting the ICR closer to the tower top

reduced nacelle acceleration and tower base loads (which are driven by acceleration).

In contrast, shifting the ICR closer to the fairleads reduced mooring line loads. Im-

portantly, the study presented in this Chapter and a complementary study presented

in [217] showed that the ICR should not be treated as an independent design vari-

able. It can only be adjusted by modifying other design variables that also impact
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the loads through mechanisms different from the ICR itself and, in some cases, may

even counteract its effects. Because of these complexities, relying solely on the ICR to

guide the design is insufficient. Instead, the ICR is useful for understanding one of the

mechanisms that affect the global response and loads experienced by FOWTs.

7.6.2 Specific contributions

The following contributions to knowledge were made:

• An integrated optimisation of the FOWT support structure, enabling quanti-

tative assessment of performance and cost trade-offs between the design of the

tower, platform, and mooring system, with direct comparison of efficiency of the

sequential and integrated optimisation approaches.

• Quantitative characterisation of the trade-off between structural fatigue life (tower

and mooring system) and system cost within floating wind support structure op-

timisation, demonstrating the impact of fatigue constraints on optimal design

solutions.

• Introduction of a probability- and power-aware natural-frequency constraint for-

mulation that enables quantitative assessment of resonance risk within design

optimisation.
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Conclusion and future work

This chapter presents the conclusions of the thesis and outlines directions for future

research.

8.1 Context and problem

Floating offshore wind turbines (FOWTs) enable wind energy development in deeper

waters with stronger and more consistent wind, increasing renewable generation and

supporting climate targets. However, the combination of harsher offshore environments

and complex subsystem interactions introduces major challenges for design, particularly

in modelling and evaluating structural integrity across a range of failure mechanisms

and conditions. Despite these complexities, current concept design practice still relies

on simplified models and engineering judgment, with subsystems developed sequentially

by different stakeholders. This slow, repetitive, and manual process is limited in scope

and risks overlooking synergies or optimal solutions.

These limitations highlight the need for more integrated, computationally advanced

design approaches. By treating the floating platform, mooring system, power export

cable, tower, RNA, and controllers as a coupled system, it is possible to achieve a bal-

anced trade-off between cost and performance, avoiding over-engineering of individual

components. Casting the design as an optimisation problem allows numerical methods

to efficiently explore large design spaces under realistic constraints, improving the like-
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lihood of finding globally optimal solutions at the conceptual stage, when changes are

least costly to implement.

Design optimisation requires a practical evaluation approach that balances efficiency

and accuracy by capturing the key design-driving effects at a reasonable computational

cost. This requirement is further amplified by the iterative nature of optimisation and

the long lifespan of FOWTs, which expose structures to a wide range of conditions

— from moderate, recurring loads that drive fatigue to rare, extreme events imposing

high-magnitude loads. Moreover, the stochastic nature of wind and wave excitation

necessitates multiple random realisations, while the inherently multidisciplinary char-

acter of the problem — spanning aerodynamics, hydrodynamics, structural dynamics,

electrical engineering, control, and systems engineering adds another layer of complex-

ity.

Multidisciplinary design analysis and optimisation (MDAO) provides a structured

methodology to address these challenges by integrating different domains into a unified

framework of interconnected analysis blocks, coupled into a flexible, system-level model

that simplifies development and supports collaboration. It ensures that interdependen-

cies are properly captured, and facilitates the computation of total system derivatives,

which are key to efficient, gradient-based optimisation that scales effectively with prob-

lem complexity.

Decomposing a model into components allows multi-fidelity approaches. Modules

may differ in domain (time, simplified time, frequency, or hybrid time–frequency), in

the number of degrees of freedom (from fully flexible to simplified rigid-body models),

or in modelling paradigm (physics-based, data-driven, or physics-informed). These

strategies can be combined to balance accuracy and efficiency across the coupled model.

In particular, data-driven machine learning models trained on mid- or high-fidelity

simulations offer near-instantaneous evaluations while retaining the accuracy of the

underlying data.

The MDAO methodology requires formulating the optimisation problem in line with

conceptual design goals and constraints, typically guided by offshore standards and

regulations. At the same time, the early design phase allows flexibility and innovation,
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where alternative metrics can complement or extend those prescribed by standards.

One such metric is the instantaneous centre of rotation (ICR), which provides a compact

characterisation of system behaviour. Incorporating the ICR into the design process

can simplify the optimisation problem.

8.2 Aim and objectives

In this context, the thesis aims to improve the efficiency and scope of the FOWT sup-

port structure conceptual design optimisation through the application of the MDAO

methodology and a multi-fidelity, multi-domain, physics-based surrogate-supported

model of dynamics. As such, this research seeks to propose an optimisation problem

formulation suitable for the concept design and appropriate design evaluation methods,

thereby enabling a more informed and systematic approach to FOWT design from the

earliest design stages.

To achieve this aim, the research was structured around three objectives: O1: Ap-

ply a multidisciplinary design analysis and optimisation (MDAO) framework to the

integrated optimisation of the FOWT system, coupling multiple disciplinary models

within a unified and efficient optimisation workflow, O2: Develop, adapt, and verify

disciplinary models suitable for conceptual design optimisation, achieving an appropri-

ate balance between physical fidelity, validity range, and computational efficiency, in

order to enable realistic and scalable FOWT design evaluations. O3: Derive and test a

novel design metric related to the dynamic behaviour of the FOWT system that simul-

taneously addresses multiple design requirements, simplifying the optimisation problem

and supporting more informed conceptual design decisions.

Together, the research towards these objectives established a coherent framework

that advances the efficiency, scope, and realism of FOWT design optimisation at the

conceptual stage, leading to the contributions listed in the next section.
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8.3 Novel contribution to knowledge

This thesis made three main novel contributions to knowledge, broken down into specific

contributions where relevant:

1. Development of a coupled frequency–time domain surrogate-augmented model of

floating offshore wind turbine dynamics suitable for assessment of serviceability,

ultimate, and fatigue limit states at the conceptual design stage.

(a) Modular framework for coupled analysis of FOWT subsystems, including

iterative solutions for i) mean platform offset, aero and mooring loads, and

ii) viscous damping and platform motion.

(b) Evaluation of coupled-solution importance and computational cost, and iden-

tification of the most efficient nonlinear solver.

(c) Hybrid frequency–time domain model for motions and for ultimate and fa-

tigue loads on tower and moorings.

(d) New parametrisation of catenary mooring lines with a shape parameter en-

suring compatibility between line length, fairlead, and anchor position.

(e) Novel resonance-avoidance constraints based on probability and power con-

tent of excitation frequencies, offering greater flexibility than hard natural-

frequency limits which enabled quantitative assessment of resonance risk

within design optimisation.

(f) Formulation of the optimisation problem grounded in offshore standards and

suitable for the conceptual design stage.

(g) An integrated optimisation of the FOWT support structure, enabling quan-

titative assessment of performance and cost trade-offs between the design

of the tower, platform, and mooring system, with direct comparison of effi-

ciency of the sequential and integrated optimisation approaches.

(h) Quantitative characterisation of the trade-off between structural fatigue life

(tower and mooring system) and system cost, demonstrating the impact of

fatigue constraints on optimal design solutions.
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2. Conceptualisation, dataset generation, integration, and verification of a widely

applicable time-domain mooring surrogate model, agnostic to platform design

and environmental conditions.

3. Investigation of the instantaneous centre of rotation of floating offshore wind

turbines, addressing the limitations of common fixed-point assumptions, with

development of a numerical model to analyse its statistics, design sensitivities,

and design trade-offs.

(a) Demonstration that FOWTs do not pitch about a fixed axis, challenging a

common misconception.

(b) Analytical and time-domain methods to identify ICR statistics and sensitiv-

ities to environmental and design parameters.

(c) Application of ICR insights to reduce system loads and explore trade-offs in

loads across components.

The MDAO framework provided a foundation for efficient integration of disciplinary

analyses into a coupled model. It enabled iterative solutions for the mean platform

position and loads, showing their significant influence at only a modest computational

cost. This, in turn, supported more accurate dynamic response solutions about the

converged equilibrium. Integrated within OpenMDAO, the framework separates design

variables managed by the optimiser from coupling variables resolved by system solvers.

It thus offers a flexible and expandable platform into which custom disciplinary models

can be incorporated beyond a single project.

The optimisation problem integrated multiple subsystems of the support structure

while incorporating constraints representative of serviceability, ultimate, and fatigue

limit states, in a form suitable for the conceptual design stage, when system infor-

mation is limited. It was made compatible with the efficient, relatively low-fidelity

dynamic model developed in this work. The parametrisation scheme ensured com-

patibility between design variables while preserving design freedom. In addition, a

resonance-avoidance constraint acknowledged the stochastic nature of environmental

loading, leveraging variability to provide greater flexibility without over-engineering
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while maintaining safety. This formulation broadens the feasible design space and

improves realism compared with the prevailing practice of imposing strict natural fre-

quency limits.

Motivated by consideration of ICR as an additional, unconventional design metric,

the ICR research challenged prevailing misconceptions in the field. Recognising that

FOWTs do not pitch about a fixed point enabled the development of a first-principles

method to determine the ICR’s time history, statistics, and sensitivity to environmental

and design parameters. Sensitivity analysis and an application in a later design case

study demonstrated load reductions and provided clarity on the method’s scope and

limitations. The ICR-based metric offers a novel characterisation of FOWT dynamics

and highlights opportunities to exploit, rather than resist, the inherent behaviour of

floating structures.

The coupled model combines frequency-domain efficiency for motion prediction with

time-domain accuracy for structural load assessment, including fatigue evaluation by

rainflow counting. Computational bottlenecks were overcome by replacing the BEM

and mooring models with surrogates, substantially reducing cost without loss of accu-

racy. The novel data-driven surrogate for mooring tension uses motion time series at

the fairleads and mooring system geometry variables, making it agnostic to platform

design and external loads, and thus more widely applicable than existing surrogates.

This represents a significant advance over the state of the art, offering a tractable yet

realistic means of evaluating mooring performance in conceptual optimisation.

Finally, the optimisation case studies demonstrated the successful integration of

the developed framework, models, and optimisation problem formulation within prac-

tical design applications. The integrated optimisation of the FOWT support structure

showed efficiency gains, enabled broader exploration of the design space, and provided

additional insights compared to sequential design approaches, confirming both the fea-

sibility and value of systematic optimisation at the conceptual design stage. The imple-

mentation of fatigue constraints in the optimisation highlighted strong interdependen-

cies between the mooring system and platform design, revealing their combined role in

governing fatigue response. Lastly, the implementation of the proposed resonance con-

277



Chapter 8. Conclusion and future work

straints within the optimisation workflow demonstrated the ability to navigate a highly

non-convex design space efficiently and to make informed trade-offs between competing

resonance risks and structural cost, thereby providing effective decision support.

Collectively, these advances establish a pathway to more efficient, integrated, and

innovative FOWT design. By overcoming challenges in support structure parametri-

sation, efficient yet accurate coupled dynamics modelling, and optimisation framework

development, this work strengthens confidence in replacing the slow, sequential, and

largely manual design process with a systematic, integrated optimisation approach.

Such a shift enables broader and faster exploration of the design space, reduces reliance

on engineering intuition alone, and allows innovative metrics such as the ICR to inform

early-stage decisions. The methods developed not only address immediate challenges in

FOWT design but also lay the foundation for more advanced, data-driven, and multi-

disciplinary approaches in the future. Overall, the thesis demonstrates that systematic,

optimisation-based methods can make FOWT conceptual design more scalable, reliable,

and adaptable to the challenges of next-generation offshore wind development.

8.4 Future Work

While this thesis advances the FOWT conceptual design optimisation, several directions

remain open for further work. These include alternative organisation of the framework,

refinements of the optimisation problem formulation and dynamic models, and broader

investigations of the ICR to build on the foundations established here.

MDAO framework This thesis employed a Multidisciplinary Feasible (MDF) archi-

tecture to manage disciplinary coupling variables separately from the design variables.

As one of the simplest and most commonly used formulations, the MDF architecture

provides a logical starting point. Future work should investigate alternative formula-

tions, including monolithic (for example, Individual Discipline Feasible, Simultaneous

Analysis and Design) and distributed (for example, Collaborative Optimisation, An-

alytical Target Cascading) architectures [11]. If a more complex design problem is
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considered, these may offer improved efficiency, scalability, and flexibility for larger

problems. The modular formulation of the coupled model provides a solid foundation

for further experimentation with these alternative architectures.

While second-order wave loads were found to be negligible for the OC3-Hywind spar,

computing second-order difference- and sum-frequency hydrodynamic loads would be

necessary to extend the model’s applicability to semisubmersible and TLP floating

platforms. These loads were not available from the boundary-element solver used at

the beginning of this work, but they can now be obtained from more recent versions

of tools such as Nemoh and Capytaine. In general, such second-order loads cannot be

incorporated straightforwardly into the present first-order frequency-domain formula-

tion, in which the structure responds at the same frequencies as the incident waves.

However, it would be interesting to include the effect of the mean drift load and cou-

ple it to the iterative solution for the mean platform position. Because this extended

formulation would still rely on first-order hydrodynamics and motion response trans-

fer functions, the overall complexity of the MDA model would increase significantly,

making the iterative solution strategies investigated in this thesis particularly valuable.

Optimisation problem formulation While the optimisation problem addressed

key metrics related to serviceability, ultimate, and fatigue constraints, a more detailed

and closer alignment with requirements from standards and recommended practices

could be incorporated to better reflect the real decision-making process. In particular,

explicitly representing the design load cases (DLCs) prescribed in the IEC standard

would strengthen the link to certification-oriented processes and improve the robustness

of conceptual designs. For example, this study selected environmental conditions for

analysis in a simplified yet statistically consistent manner; however, more rigorous

approaches based on extreme value analysis and fatigue condition binning could be

employed in future work to improve the realism of optimisation during the conceptual

design stage.

Just as constraints can be formulated more closely to align with standards, the

objective functions can also be extended to better reflect the broader goals of floating
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wind developers beyond purely economic metrics. As an illustrative example, the to-

tal length of the mooring lines could be introduced as a secondary objective within a

multi-objective optimisation formulation. This metric would provide a simplified yet

meaningful proxy for design aspects related to manufacturability, scalability, and in-

stallation efficiency. Although the total chain length was not a primary concern for

early-stage wind farms comprising only a limited number of FOWT units, forthcoming

large-scale deployments will increasingly necessitate explicit consideration of supply-

chain capacity and installation logistics. In this context, the proposed multidisciplinary

framework provides a natural pathway to incorporate additional performance metrics,

enabling more holistic and industry-relevant design trade-off analyses.

Coupled dynamic model The surrogate model developed for mooring tension and

fatigue can be extended to cover a broader range of mooring variables, allowing search

beyond the catenary configurations. Verification of the complete coupled model against

higher-fidelity models is also essential to distinguish modelling errors from discrepancies

due to lower-fidelity physical representations or neglected phenomena. Moreover, the

present model is restricted to unidirectional environmental loads with an empirical

correction for directionality, a simplification that should be lifted to improve its physical

realism and practical applicability.

Instantaneous centre of rotation (ICR) Further work is needed to generalise the

conclusions on ICR behaviour beyond the spar and semisubmersible platforms studied

here. Future studies should investigate how load characteristics—such as amplitude,

point of application, distribution, and frequency—interact with system inertial and

restoring properties to affect motions, the ICR, and structural loads. This research

should abstract from specific geometries and environmental conditions, focusing instead

on the fundamental load–response interactions that govern ICR behaviour. In addition,

extending the parametrisation of support structures to include design features such as

column separation in semisubmersibles would enable more explicit control of the ICR

in design. Evaluating these effects under the design load cases typically considered in

feasibility studies would provide practical insight. Finally, developing a more efficient
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frequency-domain method to compute the ICR would enable its use in rapid design

space exploration and optimisation.

Optimisation study In this work, a local gradient-based optimiser (IPOPT) was

employed using a limited number of starting points. While this approach proved effec-

tive in identifying improved designs and enabling local exploration of the design space,

future work could consider alternative optimisation algorithms and multi-start strate-

gies to improve robustness and increase the likelihood of identifying global optima.

Applicability to different FOWT types This thesis focused on a spar-type FOWT

equipped with a 5MW rotor and a catenary mooring system. While this configuration

was industry-relevant at the outset of the study, the field has since shifted toward larger

turbines and semisubmersible platforms with more complex mooring arrangements.

The design problem formulation and the coupled model should therefore be updated

to better reflect current industry practice. For example, employing a single slender-

cylinder platform enabled several simplifications, such as neglecting second-order wave

loads — an assumption that would not be valid for large-volume semisubmersible plat-

forms. Similarly, the current framework was developed for catenary mooring systems;

extending it to include taut or semi-taut configurations, as well as mixed chain–rope

layouts, would require reformulating the parameterisation and would substantially in-

crease the complexity of the design space.

Emerging models Finally, the disciplinary models used in this thesis represent only

one point in a rapidly evolving modelling ecosystem. As the floating wind research

community continues to advance numerical methods and open-source tools, several

emerging models could provide more suitable and efficient alternatives for future MDAO

studies. These include, but are not limited to:

• Frequency-domain lumped-mass mooring models [162, 285], which would enable

direct evaluation of wave-frequency hydrodynamic loads on the mooring lines in

the frequency domain. This approach is more accurate and flexible, while also
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being efficient, than the approach used here, which struggled with wave-frequency

load prediction.

• Second-order frequency-domain hydrodynamic load models [151], which would ex-

tend the current framework by allowing accurate representation of low-frequency

hydrodynamic loads. These effects are particularly important for large-volume

platforms such as semisubmersibles—where second-order forces are significant—while

this thesis focused on spars, where they are comparatively less significant.

• Differentiable boundary element method (BEM) models [57, 286], which enable

analytical gradient computation and therefore a fully analytical optimisation

workflow. The potential-flow solution is often the computational bottleneck in

frequency-domain FOWT analysis and numerical differentiation exacerbates this

cost. Differentiable BEM models provide gradients analytically and efficiently,

offering interpretability benefits beyond those of the surrogate-based approach

adopted in this thesis (though at a higher per-evaluation cost than the surro-

gate).

• Open-source reference controllers [287], which would allow a more realistic rep-

resentation of turbine–platform control interactions. This thesis relied on pre-

scribing control points from simplified control curves, whereas such controllers

can capture full closed-loop dynamics.

• Frequency-domain aerodynamic models [166], which would avoid the need for pre-

computation and interpolation of aerodynamic responses from time-domain sim-

ulations, as performed here. Integrating these models directly into the frequency-

domain formulation would increase transparency and adaptability of the MDAO

workflow.
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[22] Edris Safavi, Mehdi Tarkian, Johan Ölvander, Hossein Nadali Najafabadi, and

Raghu Chaitanya Munjulury. Implementation of collaborative multidisciplinary

design optimization for conceptual design of a complex engineering product. Con-

curr. Eng. Res. Appl., 24(3), 2016.

[23] Erin E Bachynski and Torgeir Moan. Design considerations for tension leg plat-

form wind turbines. Mar. Struct., 29(1), 2012.

[24] Jason M Jonkman. Dynamics of offshore floating wind turbines-model develop-

ment and verification. Wind Energy, 12(5), 2009.

285



Bibliography

[25] Matthew Hall, Ericka Lozon, Fiona Devoy McAuliffe, Matteo Baudino Bessone,

Ilmas Bayati, Malcolm Bowie, Pauline Bozonnet, Michel Castagné, Ju Feng,
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Appendix A

Aerodynamic damping

The motions of the floating platform affect the velocity of the inflow seen by the rotor,

hence influencing the aerodynamic loads. The aerodynamic damping, defined as the

change of aerodynamic load due to the change of inflow velocity, can be obtained

numerically by varying the inflow velocity for a stationary rotor and observing the

change of the resulting aerodynamic loads:

Baero =
dFaero

dv
(A.1)

In general, there are three aerodynamic forces, three moments, and three inflow

directions. However, the vertical and lateral motions and loads are significantly lower

than the horizontal motions, roughly aligned with the rotor axis. Therefore, the major-

ity of the terms in the aerodynamic damping matrix (or aerodynamic load Jacobian)

are negligible.

Aerodynamic load depends not only on the inflow velocity, but also on the inflow

direction and control action. For this reason, the damping is computed for different

values of the mean platform inclination angles (which are equivalent to the rotor plane

inclination angles assuming a rigid structure). For each simulation, the control variables

(rotor speed and blade pitch) are kept fixed at the values from the control table.

The baseline model described in Chapter 3 uses aerodynamic damping precomputed

for a range of inflow speeds and inclination angles using a time domain Blade-Element
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Appendix A. Aerodynamic damping

Momentum (BEM) code AeroDyn [188] within OpenFAST. The more involved model of

Chapter 6 uses direct computation of aerodynamic damping using a quasi-static BEM

code CCBlade.

A.1 Precomputed look-up tables

The precomputation was done for a grid of wind speeds sampled every 1m s−1 and

inclination angles sampled at 0.5◦. The central difference numerical derivative at a

given grid point was obtained based on a small perturbation of the wind speed δv:

Baero(vi, θi) =
Faero(vi + δv, θi)− Faero(vi − δv, θi)

2δv
(A.2)

The simulations were run in steady wind. Only the surge-surge component of

the aerodynamic damping matrix was computed, and the surge-pitch and pitch-pitch

terms were estimated from it following the approach in [195] based on the moment the

aerodynamic force creates at the origin zh below the hub height:

Baero,(1,5) = Baero,(5,1) = Baero,(1,1)zh (A.3)

Baero,(5,5) = Baero,(1,1)z
2
h (A.4)

The coefficients obtained this way were stored in look-up tables and interpolated

using a linear interpolation when required by the overall framework.

A.2 Direct aerodynamic damping

The precomputation method relied on the steady-state results of aerodynamic load

resulting from a steady wind inflow. Therefore, it was possible to avoid the uncertainties

due to interpolation and directly obtain the aerodynamic damping using a quasi-static

BEM model CCBlade [265].

Again, subject to the mean inclination and wind speed input, and fixed control

variables, CCBlade calculates the derivatives of the components of aerodynamic load
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Appendix A. Aerodynamic damping

with respect to the inflow in the x-direction:

Baero,(1,1) =
δFaero,x

δU
(A.5)

Baero,(2,1) =
δFaero,y

δU
(A.6)

Baero,(3,1) =
δFaero,z

δU
(A.7)

These are then used to compute the remaining items of the aerodynamic damping

matrix like before in Equations A.3–A.4.

The aerodynamic force and damping curves obtained this way are presented in

Figure A.1 together with the control parameters (blade pitch and rotor speed).
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Appendix A. Aerodynamic damping

Figure A.1: Aerodynamic force (thrust) and damping in surge direction curves for three
values of mean pitch angle η̄θ. The blade pitch (θ) and rotor speed (Ω) curves are shown
for reference.
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Appendix A

Nonlinear solvers algorithms and

diagrams

This appendix details the iterative solves, complementing Chapter 3 with algorithms

and diagrams. Please refer to the chapter for nomenclature.

A.1 Nonlinear Block Jacobi solver

Algorithm 1 Nonlinear Block Jacobi Solver (NLBJ)

Inputs:

û(0) =
[
û
(0)
1 , . . . , û

(0)
m

]
Outputs:
û = [û1, . . . , ûm]
k = 0

While ∥û(k) − û(k−1)∥2 > ε or k = 0:

For all each i ∈ {1, . . . ,m}:

û
(k+1)
i ← solve ri

(
û
(k+1)
i ; û

(k)
j

)
= 0, j ̸= i

k = k + 1
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Appendix A. Nonlinear solvers algorithms and diagrams

Algorithm 2 Nonlinear Block Gauss-Seidel Algorithm with Aitken Acceleration

Inputs:

û(0) =
[
û
(0)
1 , . . . , û

(0)
m

]
θ(0)

Outputs:
û = [û1, . . . , ûm]

k = 0
While ∥û(k) − û(k−1)∥2 > ε or k = 0 do:

For each i ∈ {1, . . . ,m} do:

ûtemp ← solve ri

(
û
(k+1)
i ; û

(k+1)
1 , . . . , û

(k+1)
i−1 , û

(k)
i+1, . . . , û

(k)
m

)
= 0

∆û
(k)
i = ûtemp − û

(k)
i

If k > 0 then:

θ(k) = θ(k−1)

(
1− (∆û(k)−∆û(k−1))

⊤
∆û(k)

∥∆û(k)−∆û(k−1)∥2

)
end if

û
(k+1)
i = û

(k)
i + θ(k)∆û

(k)
i

end for

k = k + 1

end while
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Figure A.1: Nonlinear Block Jacobi solver. Reproduced from [11].

A.2 Nonlinear Block Gauss-Seidel solver

Figure A.2: Nonlinear Block Gauss-Seidel solver. Reproduced from [11].

A.3 Monolithic Newton’s solver

Figure A.3: Full-space hierarchical Newton solver. Reproduced from [11].
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Algorithm 3 Full-space hierarchical Newton Algorithm

Inputs:

u(0) =
[
u
(0)
1 , . . . , u

(0)
n

]
Outputs:
u = [u1, . . . , un]
k = 1
while ∥r∥2 > ε do:

for all i ∈ {1, . . . , n} do:

while ∥ri∥2 > ε do:

compute ri

(
u
(k)
i ;u

(k−1)
j ̸=i

)
compute ∂ri

∂ui

solve ∂ri
∂ui

∆ui = −ri
u
(k)
i = u

(k)
i +∆ui

end while

end for

compute r
(
u(k)

)
compute ∂r

∂u

solve ∂r
∂u∆u = −r

u(k+1) = u(k) +∆u

k = k + 1

end while
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Nonlinear solvers examples

This appendix presents an example calculation demonstrating the different nonlinear

solvers trialled in Chapter 3.

Starting with a 1D problem, we want to solve the implicit nonlinear equation

x = cosx ⇐⇒ F (x) = cosx− x = 0,

starting from x0 = 0.5. The true solution is x⋆ ≈ 0.739085133.

1. Newton’s method

Derivation

Given F : R→ R and a current iterate xk, form the first-order Taylor expansion

F (xk + s) ≈ F (xk) + F ′(xk) s.

Newton chooses the step sk so that the linearised equation is solved exactly:

F (xk) + F ′(xk) sk = 0 =⇒ sk = − F (xk)

F ′(xk)
.
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Hence the iteration

xk+1 = xk + sk = xk −
F (xk)

F ′(xk)
.

Applied to F (x) = cos x− x

Here F ′(x) = − sinx− 1, so

xk+1 = xk −
cosxk − xk
− sinxk − 1

.

Starting x0 = 0.5:

x1 = 0.755222417, x2 = 0.739141666, x3 = 0.7390851339, x4 = 0.7390851332.

(Quadratic convergence near the root.)

2. Broyden / Secant

Derivation (Secant in 1D)

Newton uses the true derivative F ′(xk). The secant method replaces it by the finite-

difference slope from the two latest points:

F ′(xk) ≈
F (xk)− F (xk−1)

xk − xk−1
.

Plugging this into the Newton step formula gives

sk = − F (xk)

F ′(xk)
≈ −F (xk)

xk − xk−1

F (xk)− F (xk−1)
,

and thus the iteration

xk+1 = xk − F (xk)
xk − xk−1

F (xk)− F (xk−1)
.

In multiple dimensions, Broyden generalises this idea by maintaining and low-rank

updating a Jacobian approximation Bk so that Bk+1sk ≈ yk where sk = xk+1−xk and
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yk = F (xk+1)− F (xk); in 1D this collapses exactly to the secant update above.

Applied to F (x) = cos x− x

With x0 = 0.5, x1 = 1.0:

x2 = 0.725481587, x3 = 0.738398620, x4 = 0.739087210, x5 = 0.7390851329.

(Superlinear convergence; no derivatives needed.)

3. Fixed-point iteration: deriving the step

Derivation (from a rearrangement)

Rewrite F (x) = 0 as a fixed-point equation x = G(x). A generic fixed-point method

sets

xk+1 = G(xk)

which can be seen as solving x−G(x) = 0 via the trivial linearization xk+1−G(xk) = 0.

Convergence is guaranteed, e.g. by the Banach fixed-point theorem, if G is a contraction

near the solution, i.e. |G′(x⋆)| < 1.

Applied as Jacobi/Gauss–Seidel in 1D

Take G(x) = cosx:

xk+1 = cosxk.

For a scalar problem, “Jacobi” and “Gauss–Seidel” are identical because there is only

one component to update.

Starting x0 = 0.5:

x1 = 0.877582562, x2 = 0.639012494, x3 = 0.802685101, x4 = 0.694778027, x5 = 0.768195831,

x10 = 0.739006780, x15 = 0.739085131, x20 = 0.739085133.

Here |G′(x⋆)| = | − sinx⋆ | ≈ 0.673 < 1, so convergence is linear.

324



Appendix B. Nonlinear solvers examples

4. How Jacobi vs. Gauss–Seidel differ in systems

For a system F (x) = 0 with x = (x1, . . . , xn), a common route is to write a component-

wise fixed-point form

xi = Gi(x1, . . . , xn), i = 1, . . . , n.

Jacobi forms x(k+1) using only the previous iterate on the right-hand side:

x
(k+1)
i = Gi

(
x
(k)
1 , . . . , x(k)n

)
.

Gauss–Seidel immediately reuses the latest components as they are computed (lexi-

cographic update):

x
(k+1)
i = Gi

(
x
(k+1)
1 , . . . , x

(k+1)
i−1 , x

(k)
i , . . . , x(k)n

)
.

Thus, the derived step for GS differs by plugging in the freshest available values on the

right-hand side, which often accelerates convergence but sacrifices parallelism.

B.1 2D example

Consider the nonlinear system:


y1 = cos(y2),

y2 = sin(y1),

⇐⇒


F1(y1, y2) = y1 − cos(y2) = 0,

F2(y1, y2) = y2 − sin(y1) = 0.

We start from the initial guess y
(0)
1 = 0.5, y

(0)
2 = 0.5.

B.1.1 Jacobi iteration

Update both components using the previous iteration values:

y
(k+1)
1 = cos(y

(k)
2 ), y

(k+1)
2 = sin(y

(k)
1 ).
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Iterations:

y
(1)
1 = cos(0.5) ≈ 0.8776, y

(1)
2 = sin(0.5) ≈ 0.4794,

y
(2)
1 = cos(0.4794) ≈ 0.8872, y

(2)
2 = sin(0.8776) ≈ 0.7695.

Convergence is linear, as only previous values are used.

B.1.2 Gauss–Seidel iteration

Update sequentially using the freshest available values:

y
(k+1)
1 = cos(y

(k)
2 ), y

(k+1)
2 = sin(y

(k+1)
1 ).

Iterations:

y
(1)
1 = cos(0.5) ≈ 0.8776, y

(1)
2 = sin(0.8776) ≈ 0.7695,

y
(2)
1 = cos(0.7695) ≈ 0.7180, y

(2)
2 = sin(0.7180) ≈ 0.6571.

Convergence is faster than Jacobi because updated values propagate immediately.

B.1.3 Hierarchical full-space Newton

Define the residual vector and Jacobian:

R(y1, y2) =

y1 − cos(y2)

y2 − sin(y1)

 , J =

 1 sin(y2)

− cos(y1) 1

 .

Iteration procedure:

1. Perform a few inner sweeps to reduce local residuals (hierarchical step).

2. Assemble full residual R(y(k)) and Jacobian J(y(k)).

3. Solve the linear system J∆y = −R for the Newton step ∆y.

4. Update y(k+1) = y(k) +∆y.
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Step 0: y(0) = (0.5, 0.5) Inner sweeps (hierarchical preconditioning): perform one

Gauss–Seidel style sweep on the components to reduce local residuals:

ỹ1 = cos(y
(0)
2 ) ≈ 0.8776, ỹ2 = sin(ỹ1) ≈ 0.7695

These values ỹ provide a better starting point for the global Newton step. Assemble

full residual and Jacobian at ỹ:

R(ỹ) ≈

0.8776− cos(0.7695)

0.7695− sin(0.8776)

 ≈
0.1568
0.0000

 , J(ỹ) ≈

 1 0.6951

−0.6361 1

 .

Solve linear system: J∆y = −R to obtain Newton step:

∆y ≈

−0.1473
−0.0890

 .

Update state:

y(1) = ỹ +∆y ≈

0.7303
0.6805

 .

Next iteration: repeat inner sweeps and full-space Newton until ∥R(y(k))∥ is below

tolerance. Quadratic convergence is observed after a few iterations.
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Flexible tower and modal analysis

This appendix details the flexible tower properties and modal analysis as required to

evaluate the natural frequencies of the FOWT, supplementing the resonance avoidance

constraints defined in Chapter 2.2.1.

The tower is modelled as a vertical cantilever beam, fixed at its base and free at

its top. The structure is assumed to be isotropic and prismatic along its height, with

geometry and material properties defined at discrete stations. The outer radius and

wall thickness (effective thickness, accounting for the flanges, welds, flanges, and paint

not accounted for otherwise) are prescribed at the tower base and top, and interpolated

linearly between these points. For a tower section with outer radius ro, wall thickness
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t, and inner radius ri = ro − t, the following sectional properties are defined:

A = π
(
r2o − r2i

)
Cross-sectional area (C.1)

m = ρA Mass per unit length (C.2)

Ixx = Iyy =
π

4

(
r4o − r4i

)
Area moment of inertia (C.3)

Ixx,mass = m
Ixx
A

Mass moment of inertia per unit length (C.4)

Sbend = E Ixx Bending stiffness (C.5)

J =
π

2

(
r4o − r4i

)
Polar moment of inertia (C.6)

Storsion = GJ Torsional stiffness (C.7)

Saxial = E A Axial stiffness (C.8)

Here ρ is the material density, E is Young’s modulus, and G is the shear modulus.

These properties are evaluated at a set of equally spaced tower stations, providing

a discretised representation of the tower. Results for the reference tower are listed in

Table C.1. The rotor–nacelle assembly is treated as a lumped mass at the tower top,

with its equivalent mass, centre of gravity, and inertia tensor derived from the contri-

butions of the nacelle and rotor. The floating platform is represented as a rigid body

with specified mass, centre of gravity, and mass moments of inertia. The hydrody-

namic added-mass, hydrostatic restoring stiffness, and mooring stiffness matrices are

incorporated into the system to account for the floating foundation.

The natural frequencies of the system are obtained using the finite element code

BModes developed at NREL [288]. The tower is represented as a Euler-Bernoulli beam

with distributed stiffness and mass properties along its span, and the coupled non-

linear governing equations are derived from Hamilton’s principle. These equations are

analytically linearised and discretised using a special-purpose finite element with 15 de-

grees of freedom per element, enabling the representation of coupled bending, torsional,

and axial deformations. Shear deformation and cross-sectional warping are neglected,

consistent with the Euler–Bernoulli beam theory.

From the element formulations and boundary conditions, BModes assembles the
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Table C.1: Tower sectional properties of the reference system evaluated at 11 stations.

z r t A m Ixx,mass EI GJ EA
[m] [m] [m] [m2] [kgm−1] [kgm] [GNm2] [GNm2] [GN]
10.00 3.25 0.03 0.55 4667.0 24443.7 604 465 1150
17.76 3.12 0.03 0.51 4345.3 20952.2 518 398 1070
25.52 2.99 0.03 0.47 4034.8 17847.0 441 339 1000
33.28 2.86 0.02 0.44 3735.4 15098.5 373 287 923
41.04 2.72 0.02 0.41 3447.3 12678.6 313 241 852
48.80 2.59 0.02 0.37 3170.4 10560.1 261 201 783
56.56 2.46 0.02 0.34 2904.7 8717.2 215 166 718
64.32 2.33 0.02 0.31 2650.2 7125.0 176 135 655
72.08 2.20 0.02 0.28 2406.9 5759.8 142 110 595
79.84 2.07 0.02 0.26 2174.8 4599.3 114 87 537
87.60 1.94 0.02 0.23 1953.9 3622.1 89.5 68.9 483

global mass and stiffness matrices of the coupled tower–platform system (ignoring gy-

roscopic effect). The free vibration of the coupled tower–platform system is governed

by the second-order equations of motion

M q̈(t) +K q(t) = 0, (C.9)

where q(t) is the vector of generalised displacements, q̇(t) and q̈(t) are the corresponding

velocities and accelerations, and M and K are the global mass and stiffness matrices.

Assuming harmonic motion of the form

q(t) = ϕ eiωt, (C.10)

where ϕ is the mode shape and ω the natural circular frequency, substitution gives the

quadratic eigenvalue problem

(
−ω2M+K

)
ϕ = 0. (C.11)

Rather than solving this quadratic problem directly, BModes introduces a state vector

that stacks displacements and velocities,

x(t) =

q(t)
q̇(t)

 , ẋ(t) =

q̇(t)
q̈(t)

 . (C.12)
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Using the equations of motion q̈(t) = −M−1K q(t), the system becomes

ẋ(t) =

 0 I

−M−1K 0


︸ ︷︷ ︸

A

x(t). (C.13)

The resulting first-order system can be written as the linear eigenvalue problem

Ax = λx, (C.14)

with eigenvalues λ = iω. The natural frequencies are finally obtained as

f =
ω

2π
. (C.15)

Solving this eigenvalue problem yields the natural frequencies and associated mode

shapes. Note that the mode shapes and frequencies are not prescribed a priori but

are obtained directly from the eigenvalue problem. Among the resulting modes, some

correspond predominantly to rigid-body motions of the floating platform (surge, heave,

pitch, which are coupled through hydrostatic and mooring restoring), while others

represent flexible tower modes (fore–aft and side–side bending). The natural frequencies

of the reference floating wind turbine system corresponding to the surge, heave, pitch,

and tower 1st fore-aft modes are summarised in Table C.2. These were verified against

the values reported in [289].

Table C.2: Natural frequencies of the reference floating wind turbine system.

Mode No. Frequency [Hz] Dominant motion

1 0.008 Surge (rigid-body, coupled)
2 0.032 Heave (rigid-body, coupled)
3 0.034 Pitch (rigid-body, coupled)
4 0.4778 Tower fore–aft, 1st bending
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Tower structural checks

This Appendix provides further details of the buckling and yielding checks (constraints)

introduced in Chapter 4.

D.1 Shell (local) buckling

The tower is modelled as a circular, linearly tapered in radius and thickness, conical

shell without longitudinal stiffeners.1 The taper angle is assumed to be small in the

order of 1◦ (for perspective, the original tower’s slope is about 0.8◦). It is subjected to

a design axial force NSd and a global bending moment MSd arising from aerodynamic

load on the rotor and tower, self-weight and inertial effects. In the typical ultimate

limit state conditions, hoop stress from external pressure and in-plane shear are small

compared to longitudinal compression and are neglected in the shell-buckling check.

The conical shell of length L is mapped to an equivalent cylinder, following the

recommendations of DNV-RP-C202 [212], Sections 4.3–4.4, by defining the equivalent

radius, thickness, and length:

α = arctan

(
Rbase −Rtop

L

)
, R̄ = 1

2

(
Rtop +Rbase

)
, t̄ = 1

2

(
ttop + tbase

)
,

Re =
R̄

cosα
, te = t̄ cosα, le =

L

cosα
.

1The transverse stiffeners/flanges are accounted for by using the effective material properties and
wall thickness.
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Given the equivalent particulars of the tower and the design resultant loads (NSd,MSd),

the resultant longitudinal stresses at the extreme location are given by:

σa,Sd =
NSd

2πRete
(uniform axial membrane stress),

σm,Sd =
|MSd|
πR2

ete
(bending stress at extreme location),

and the total compressive stress is obtained as:

σmax
x,Sd = σa,Sd + σm,Sd.

Following Table 3-2 and Sections 3.4 of DNV-RP-C202, buckling coefficients are

computed to account for the buckling susceptibility and real design conditions, to ef-

fectively reduce the “perfect cylinder” buckling strength to a realistic one:

Zℓ =
l2e

Rete

√
1− ν2 (Curvature parameter),

ξ = 0.702Zℓ (Buckling coefficient),

ρaxial =
1
2

(
1 +

Re

150 te

)−1/2

(Imperfection sensitivity reduction factor for axial load),

ρbending =
1
2

(
1 +

Re

300 te

)−1/2

(Imperfection sensitivity reduction factor for bending),

CAxial = Ξ

√
1 +

(
ρaxial ξ

Ξ

)2

(Reduced buckling coefficient for axial load),

CBending = Ξ

√
1 +

(
ρbending ξ

Ξ

)2

(Reduced buckling coefficient for bending).

The Ξ coefficient accounts for fabrication quality/imperfection class. For unstiffened

cylindrical shells, it can be taken as 1.0 (default imperfection class). The corresponding

elastic buckling strengths are then obtained by reducing the ideal elastic buckling stress

by the factors above:

fEa = CAxial
π2E

12(1− ν2)

(
te
le

)2

, fEm = CBending
π2E

12(1− ν2)

(
te
le

)2

.
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Appendix D. Tower structural checks

The characteristic buckling strength fks is neither yield strength nor just elastic

buckling strength, but a blend of the two depending on slenderness. The failure of the

thick-walled shells will be primarily governed by material yielding, while the thin-walled

structures will buckle before undergoing yielding. The relative importance of these two

effects is modelled through the reduced shell slenderness factor:

Λ2
S =

fy
σmax
x,Sd

(
σa,Sd
fEa

+
σm,Sd

fEm

)
.

fy is the characteristic yield strength of the tower material. For low slenderness (ΛS ≪

1), fks ≈ fy (yield-controlled), while for high slenderness, fks approaches the elastic

buckling strength. This smooth transition, defined by DNV-RP-C202, is expressed as

fks =
fy√

1 + Λ4
S

.

The ratio fks/fy is plotted against ΛS in Figure D.1, illustrating how the characteristic

buckling strength reduces from the yield strength at low slenderness to the buckling-

controlled regime at higher slenderness.

Figure D.1: Transition from yield to buckling strength.

Reducing characteristic buckling strength by the material factor (here, taken equal

to 1.1) gives the design buckling strength:

fkd =
fks
γM

.
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Appendix D. Tower structural checks

Finally, the utilisation for shell buckling is

Ushell =
σmax
x,Sd

fkd
≤ 1.0.

as seen in Chapter 4.

D.2 Column (global) buckling

In addition to local shell buckling, the tower as a whole can fail by global column

buckling, i.e. lateral instability of the entire tower treated as a cantilever beam. The

tower of total height L is modelled as a cantilever column, i.e. fixed at the base and

free at the top, with effective length factor K = 2.0 (standard for cantilever columns).

For the column check, the section properties are evaluated at the tower base, where the

axial force and bending moment are largest. The cross-sectional area is denoted by A,

the second moment of area about the horizontal axis by I, and the section modulus by

W =
I

Router
,

where Router is the outer radius of the base section. With these definitions, the Euler

critical axial load is

Ncr =
π2EI

(KL)2
.

A non-dimensional slenderness parameter is then defined by

λ̄ =

√
Afy
Ncr

,

The quantity Afy is the so-called squash load, i.e. the maximum axial force that the

cross-section could sustain if the entire wall reached the yield strength fy in uniform

compression.

Similar to the shell backing process, to account for imperfections and residual

stresses, Eurocode 3 introduces a reduction factor χ, obtained via the Perry–Robertson
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formula:

ϕ = 1
2

[
1 + α

(
λ̄− 0.2

)
+ λ̄2

]
,

χ =
1

ϕ+
√

ϕ2 − λ̄2
,

where α is the imperfection factor associated with the chosen buckling curve. Buck-

ling curves are empirical reductions to the ideal Euler strength to account for initial

out-of-straightness, residual stresses, and other imperfections that reduce real column

strength. Different curves (presented in Figure D.2) correspond to different sensitiv-

ity levels. Typically α ∈ [0.21, 0.49], depending on fabrication quality. In this thesis,

α = 0.34 is adopted, corresponding to buckling curve b, which is typical for welded

circular cylinders.

Figure D.2: EN 1993-1-1 Eurocode 3 buckling curves.

The design axial and bending resistances of the column are then given by:

NRd =
χAfy
γM

, MRd =
Wfy
γM

.

Finally, the column utilisation is checked using a linear interaction between axial

load and bending moment (which is a conservative approach):

Ucol =
NSd

NRd
+
|MSd|
MRd

≤ 1.0,

as formulated in Chapter 4.
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D.3 Yielding check

In addition to stability checks against local shell buckling and global column buck-

ling, the tower sections must also be verified against material yielding in accordance

with Eurocode 3 (EN 1993-1-1) and DNV-RP-C202 [212, 290]. The design von Mises

equivalent stress is evaluated as

σVM, Sd =
√
(σaz + σb)2 + 3τ2,

where σaz is the axial membrane stress due to the total axial force, σb is the bending

stress at the extreme location, and τ is the in-plane shear stress from horizontal shear

forces. For ultimate limit state (ULS) checks of the tower, partial safety factors γF =

1.25 (load factor) and γM = 1.1 (material factor) are adopted in accordance with

DNVGL-RP-C202, giving a design yield strength:

fyd =
fy

γFγM
,

Here, fy is the material characteristic yield strength. Finally, the utilisation check is

expressed as

Uyield =
σVM, Sd

fyd
≤ 1.0.
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Appendix E

Verification numerical results for

models C1 and C2

This appendix presents numerical results obtained during the dynamic model verifica-

tion process, as introduced in Section 6.3.1, in terms of the mean responses and loads

(Table E.1) and the standard deviation of the responses and loads (Table E.2)

Table E.1: Verification results in operational cases for the baseline FD model (C1)
against OpenFAST (OF). Mean of motions and loads.

Surge (m) Heave (m) Pitch (deg) T2 (kN) My (MNm) Fxaero (kN)

Case OF C OF C1 OF C1 OF C1 OF C1 OF C1

3.1 15.54 15.98 0.65 0.66 2.86 2.91 1093.16 1090.81 49.9 52.3 401.14 427.55
3.2 26.84 27.24 1.00 1.01 4.96 4.87 1255.06 1248.68 86.3 90.5 679.69 718.08
3.3 15.27 15.98 0.63 0.66 2.82 2.91 1099.87 1079.01 49.2 52.8 364.64 417.80
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Table E.2: Verification results in wave-only, wind-only, and operational cases for the
baseline FD model (C1) against OpenFAST (OF). Standard deviation of motions and
loads.

Surge (m) Heave (m) Pitch (deg) Nacelle Accel. (m s−2) T2 (kN) My (kNm)

Case 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 0.49 3.52 3.57
1.2 0.15 0.15 0.02 0.02 0.08 0.08 0.1872 0.1830 4.58 0.98 7.03 7.13
1.3 0.22 0.21 0.05 0.05 0.11 0.10 0.0786 0.0748 1.28 1.77 3.36 3.33
1.4 0.45 0.42 0.09 0.10 0.22 0.20 0.1572 0.1495 2.49 3.54 6.73 6.66
1.5 0.55 0.56 0.29 0.31 0.42 0.45 0.0666 0.0650 3.24 10.10 4.76 5.36

2.1 0.87 0.84 0.01 0.01 0.13 0.12 0.0050 0.0045 9.48 7.52 2.22 2.31
2.2 2.71 2.90 0.07 0.06 0.41 0.39 0.0216 0.0211 39.15 44.49 6.98 7.54
2.3 3.94 4.29 0.16 0.14 0.68 0.63 0.0386 0.0384 70.48 140.65 11.0 12.3
2.4 4.50 4.84 0.13 0.12 0.81 0.76 0.0558 0.0522 66.55 77.32 12.9 14.5

3.1 2.69 2.74 0.07 0.06 0.42 0.39 0.1374 0.1327 39.07 41.29 8.62 9.16
3.2 3.91 4.06 0.16 0.13 0.68 0.63 0.1766 0.1734 70.25 124.07 12.8 13.9
3.3 4.46 4.48 0.13 0.11 0.81 0.75 0.2574 0.2494 66.23 66.45 16.0 17.4

Table E.3: Verification results in operational cases for the FD+TD model (C2) against
OpenFAST (OF). Mean of loads.

T2 (kN) My (MNm)

Case OF C2 OF C2

3.1 1093.16 1092.44 49.9 56.0
3.2 1255.06 1253.43 86.3 94.2
3.3 1099.87 1083.84 49.2 56.6

Table E.4: Verification results in wave-only, wind-only, and operational cases for the
FD+TD hybrid model (C2). Standard deviation of loads.

T2 (kN) My (MNm)

Case OF C2 OF C2

1.1 2.56 0.32 3.52 3.54
1.2 4.58 0.62 7.03 7.08
1.3 1.28 1.19 3.36 3.31
1.4 2.49 2.39 6.73 6.63
1.5 3.24 4.56 4.76 5.34

2.1 9.48 9.80 2.22 2.26
2.2 39.15 45.54 6.98 7.20
2.3 70.48 85.33 11.0 11.5
2.4 66.55 76.85 12.9 13.4

3.1 39.07 42.47 8.62 8.80
3.2 70.25 79.99 12.8 13.2
3.3 66.23 70.03 16.0 16.3

339



Appendix F

Initial mooring surrogate dataset

This appendix presents the initial dataset used to train the initial mooring surrogate

model. The full factorial design of experiments over all input parameters listed in

Table F.1 yielded 117 187 500 combinations.

Table F.1: Primary platform, mooring system and environmental parameters (design
of experiments).

Min Max Units Count

Platform and mooring design vari-
ables

Nominal chain diameter (dmoor) 0.04 0.2 m 5
Fairlead radius (rF ) 3.0 10.0 m 5
Fairlead z-coordinate (zF ) -100.0 -20.0 m 5
Anchor radius (rA) 3.0 850.0 m 10
Anchor z-coordinate (zA) -320.0 -180.0 m 5
Line length (lmoor) 100.0 1100.0 m 10
Platform vertical centre of mass
(zCM )

-100.0 -20.0 m 5

Environmental conditions vari-
ables

Mean wind speed (U) 3.0 25.0 m s−1 5
Turbulence intensity (TI) 12 16 - 3
Significant wave height (Hs) 1.0 6.0 m 5
Peak period (Tp) 7.0 10.0 s 5

Given that only about 300 000 samples could be simulated within the available time
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frame, this was insufficient to achieve a surrogate that would be precise enough. The

lack of precision was evident in the verification results, as illustrated in Figure F.1.

Figure F.1: Initial mooring surrogate: true versus predicted value plots and absolute
relative error histograms.
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Appendix G

ICR time series in regular waves

Figures G.1 and G.2 present the time histories of xICR and zICR for two wave periods

(10s and 125s), and for four wave heights (2m, 4m, 4m). Significant differences in

the sensitivity of the ICR to the wave height is seen between the two periods’ cases.

The vast discrepancies at low-frequency (right) are not seen in the ICR history in the

high-frequency case (left).

Figure G.1: x-coordinate of ICR as excited by high-frequency (left) and low-frequency
(right) waves of three different heights.
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Figure G.2: z-coordinate of ICR as excited by high-frequency (left) and low-frequency
(right) waves of three different heights.
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Appendix H

ICR in 1D and 2D coupled

motion

Figure H.1 compares pitch motion time history in a 2 degrees of freedom (DOF) coupled

motion (surge and pitch) against a 1 DOF (pitch only) uncoupled motion. Without

the coupling, the pitch motion is not distorted and follows a sinusoidal pattern.

Figure H.1: A comparison of pitch motion time history and FFT amplitudes in a 2
DOF coupled motion against a 1 DOF uncoupled motion.
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Appendix I

Sensitivity of ICR to

environmental loading

parameters

This appendix presents the figures supporting the discussion in Section 5.4. Figure I.1

shows the ICR coordinate distributions for two additional wave periods: 31 s and 125 s

(pitch and surge natural frequencies). Figure I.2 shows the distributions of the hori-

zontal velocity at points A and B for all wave periods.
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Appendix I. Sensitivity of ICR to environmental loading parameters

Figure I.1: Distribution of ICR coordinates in regular waves of periods 5 s–31 s (top)
and 5 s–125 s (bottom).

Figure I.2: Distributions of the horizontal velocity at points A (left) and B (right).
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Appendix J

Correlation between design

variables and FOWT responses

This appendix presents the correlation matrices (Spearman correlation) between the

design variables and the responses of interest for the spar (Fig. J.1) and semisubmersible

(Fig. J.2) floating offshore wind turbines.

Figure J.1: Correlation matrix between the design variables and the responses of inter-
est for the spar design.
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Figure J.2: Correlation matrix between the design variables and the responses of inter-
est for the semisubmersible design.
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Appendix K

Example of an IPOPT solution

This appendix provides a simple analytical example to illustrate the basic principles of

a primal–dual interior-point method, as employed by IPOPT.

K.0.1 Problem definition

Consider the following nonlinear optimisation problem with a single inequality con-

straint:

min
x

f(x) = (x− 2)2, (K.1)

s.t. x ≥ 1. (K.2)

The unconstrained minimum of the objective function occurs at x = 2, which also sat-

isfies the constraint. Therefore, the constrained optimum is x⋆ = 2, and the inequality

constraint is inactive at the solution.

K.0.2 Slack-variable formulation

The inequality constraint is converted into an equality constraint by introducing a slack

variable s > 0:

x− 1− s = 0, s > 0. (K.3)
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Appendix K. Example of an IPOPT solution

The optimisation variables now consist of the primal variables (x, s), while the equality

constraint is enforced through a Lagrangian formulation.

K.0.3 Barrier problem and Lagrangian formulation

Using an interior-point approach, the inequality constraint is enforced by augmenting

the objective function with a logarithmic barrier term. The resulting barrier subprob-

lem is defined as

min
x,s

ϕµ(x, s) = (x− 2)2 − µ ln(s), (K.4)

subject to

x− 1− s = 0, (K.5)

where µ > 0 is the barrier parameter. To account for the equality constraint, a La-

grangian function is introduced:

L(x, s, λ) = (x− 2)2 − µ ln(s) + λ(x− 1− s), (K.6)

where λ is the Lagrange multiplier associated with the equality constraint.

K.0.4 KKT conditions

The corresponding Karush–Kuhn–Tucker (KKT) conditions are

∂L
∂x

= 2(x− 2) + λ = 0, (K.7)

∂L
∂s

= −µ

s
− λ = 0, (K.8)

x− 1− s = 0, (K.9)

s > 0. (K.10)

Combining the first two equations yields the perturbed complementarity condition

sλ = µ. (K.11)
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Together, these equations constitute the primal–dual system solved by the interior-point

method.

K.0.5 Central path and convergence

Eliminating λ and using the feasibility condition s = x − 1, the KKT system reduces

to

2(x− 2)(x− 1) = µ. (K.12)

This equation defines the so-called central path, along which the iterates (x, s, λ) evolve

as the barrier parameter µ is reduced. As µ → 0, the solution of the barrier problem

converges smoothly to the constrained optimum x⋆ = 2 while maintaining strict feasi-

bility (s > 0) at all intermediate iterations. To illustrate this convergence, Table K.1

lists several points on the central path for decreasing values of the barrier parame-

ter µ. For each µ, the corresponding primal and dual variables are obtained from

2(x− 2)(x− 1) = µ, s = x− 1, and λ = −µ/s.

Table K.1: Example points on the central path for decreasing barrier parameter µ.

Iteration µ x s λ

1 1 2.3660 1.3660 −0.7321
2 10−1 2.0477 1.0477 −0.09545
3 10−2 2.0050 1.0050 −0.009950
4 10−3 2.0005 1.0005 −0.0009995

At the early stages of the optimisation, the barrier parameter is relatively large,

strongly penalising small values of the slack variables, discouraging the iterates from

approaching the constraint boundaries too rapidly. In this phase, the optimisation

primarily seeks directions that reduce the objective function, leading to noticeable

changes in the design variables. As the optimisation progresses, IPOPT gradually

reduces the barrier parameter. This relaxation diminishes the influence of the barrier

term in the merit function, allowing the slack variables to decrease and the solution to

approach the active constraint boundaries. Consequently, constraint satisfaction and

complementarity conditions become increasingly important in determining the search
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direction. In this regime, relatively small changes in the design variables may lead

to significant changes in constraint activity, and the optimisation behaviour becomes

dominated by feasibility restoration rather than further objective improvement.

In this simple example, the KKT system can be solved analytically for each value

of µ, yielding the points along the central path directly. In practice, IPOPT computes

these solutions numerically by applying Newton steps to the perturbed KKT system.

K.0.6 Newton solution

The KKT conditions can be written compactly as a nonlinear residual system

F (x, s, λ) =


2(x− 2) + λ

−µ/s− λ

x− 1− s

 = 0. (K.13)

At a current iterate (xk, sk, λk), a Newton step (∆x,∆s,∆λ) is computed by solving

the linear system

JF (x
k, sk, λk)


∆x

∆s

∆λ

 = −F (xk, sk, λk), (K.14)

where JF denotes the Jacobian of the KKT residuals with respect to (x, s, λ). The

iterates are then updated according to

(x, s, λ)k+1 = (x, s, λ)k + α


∆x

∆s

∆λ

 , (K.15)

where the step length α ∈ (0, 1] is chosen to ensure sufficient decrease of the residual

norm while maintaining strict feasibility of the slack variable (s > 0).

In practical large-scale problems, this Newton-based procedure is applied repeatedly

for a sequence of decreasing barrier parameters µ, yielding convergence to a solution of

the original constrained optimisation problem.
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