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ABSTRACT

The escalating global demand for energy has intensified the need for sustainable alternatives to fossil
fuels. Among the array of renewable energy sources, wave energy stands out as a promising solution,
as it offers high energy density and predictability, making it a viable option for consistent power
generation. However, the successful implementation of wave energy farms must address several critical
factors, including the site selection, grid connectivity, suitable devices, and deploying multiple wave
energy converters (WEC) within a farm.

This thesis presents a framework for optimizing the layout of WECs farms, integrating multi—objective
approaches to enhance energy production while addressing environmental constraints. The traditional
optimization strategies often emphasize single objectives, such as maximizing energy output or cost—
efficiency. This research introduces a novel, dynamic, continuous—domain methodology combining
hydrodynamic modeling with advanced optimization techniques to achieve more balanced and
sustainable solutions for offshore energy systems. The framework is built on three pillars: representative
sea—state selection, fitness function definition, and multi—objective genetic algorithm (GA)
optimization. Representative sea states are identified using statistical analysis and machine learning
techniques, ensuring computational efficiency while preserving wave energy. The fitness function
incorporates environmental impacts, and energy production metrics to evaluate layouts holistically. A
customized GA was developed, leveraging domain—specific operators and the SNL-SWAN
hydrodynamic model to optimize WEC placement in a continuous domain, enhancing flexibility and
solution quality.

Case studies demonstrate the framework's adaptability across offshore and nearshore environments. For
offshore farms, the methodology optimized layouts for co—located wind—wave energy parks. Nearshore
applications highlighted the potential for shoreline erosion mitigation through targeted WEC placement,
balancing energy production with coastal protection. These applications underscore the versatility of the
framework in addressing diverse stakeholder priorities and site—specific constraints. Key innovations
include the integration of k—means clustering for efficient sea—state representation, significantly
reducing computational demands, and the implementation of a continuous optimization domain. This
approach overcomes the limitations of grid—based methods, allowing for more nuanced and realistic
solutions. Sensitivity analyses reveal the critical role of wave distribution, device spacing, and WEC
positioning in optimizing energy capture and environmental outcomes, highlighting the importance of
trade—offs in multi—objective optimization.

The framework's effectiveness was evaluated through rigorous testing under varying boundary
conditions, device types, and environmental settings. By harmonizing energy generation with
environmental sustainability, the research provides valuable insights for stakeholders, policymakers,
and researchers in the field of renewable marine energy. Additionally, the open—source implementation
promotes reproducibility and facilitates further research on WEC farm optimization and coastal
morphodynamic evolution, contributing to a future powered by clean and reliable ocean energy.

KEYWORDS:

Marine renewable energy; Wave energy converter; Numerical modelling; Layout optimization; Genetic
algorithm; SNL-SWAN; Co—located wave—wind energy farms; k—means.
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RESUMO

A crescente procura global por energia tem intensificado a necessidade de alternativas sustentaveis aos
combustiveis fosseis. Entre as diversas fontes de energia renovavel, a energia das ondas destaca—se como
uma solu¢do promissora, devido a sua elevada densidade energética e previsibilidade, tornando—a uma
opcdo vidvel para a geracdo consistente de energia. No entanto, a implementagdo bem—sucedida de
parques de energia das ondas exige a consideracao de diversos fatores criticos, incluindo a selecdo do
local, a ligacdo a rede, a escolha de dispositivos adequados e a implementagdo de multiplos conversores
de energia das ondas (WEC) num parque.

Esta tese apresenta uma nova metodologia para a otimizagao do layout de parques de WEC, integrando
abordagens multiobjectivo para maximizar a producao de energia elétrica, ao mesmo tempo que sdo
consideradas restricdes ambientais. As estratégias mais tradicionais de otimizagdo frequentemente tém
objetivos Unicos (e.g., a maximizagdo da producdo de energia ou a redugao de custos). Esta investigagdo
introduz uma metodologia dinamica, que considera um dominio espacial continuo e combina modelagao
hidrodinamica com técnicas avancadas de otimizacdo, de forma a alcancar solugdes mais equilibradas e
sustentaveis para os sistemas energéticos offshore. A metodologia é sustentada por trés pilares: selegdo
de estados de mar representativos, defini¢ao da fungdo de fitness e otimizacao por algoritmo genético
(GA) multiobjectivo. Os estados de mar representativos sdo identificados através de andlises estatisticas
e técnicas de aprendizagem automatica, assegurando eficiéncia computacional e preservando a energia
dos estados de mar. A fun¢do de fitness incorpora impactos ambientais e métricas de producao de
energia para avaliar os layouts de forma holistica. Um GA personalizado foi desenvolvido, utilizando
operadores especificos do dominio € o0 modelo hidrodindmico SNL-SWAN para otimizar a colocagio
dos WEC num dominio continuo, aumentando a flexibilidade e a qualidade das solugdes.

Os estudos de caso demonstram a adaptabilidade da metodologia a ambientes offshore e costeiros. Para
parques offshore, a metodologia otimizou /ayouts de parques de energia edlica—ondas integrados. As
aplicagdes costeiras destacaram o potencial desses parques na mitigagdo da erosdo costeira através da
colocacdo estratégica de WEC, equilibrando a producdo de energia elétrica com a prote¢do costeira.
Estas aplicagdes sublinham a versatilidade da metodologia na abordagem das prioridades de diferentes
stakeholders (partes interessadas), assim como as restrigdes especificas do local. Entre as principais
inovagdes, destaca—se a integragdo do agrupamento k—means para representacao eficiente dos estados
de mar, reduzindo significativamente as exigéncias computacionais, e a implementag¢@o de um dominio
espacial de otimizagdo continuo. Esta abordagem supera as limitagdes dos métodos baseados em grelha,
permitindo solu¢des mais detalhadas e realistas. As analises de sensibilidade revelam o papel critico da
distribuicdo do recurso energético das ondas, do espagamento entre dispositivos e da posi¢do dos WEC
na otimizagao da captura de energia e resultados ambientais, evidenciando a importancia de estabelecer
compromissos em otimizagdes multiobjectivo.

A eficacia da metodologia foi avaliada através de testes rigorosos para diferentes condigdes de fronteira,
tipos de dispositivos e restrigdes ambientais. Ao harmonizar a geragdo de energia com a sustentabilidade
ambiental, esta investigagdo fornece informagdes valiosas para stakeholders, definidores de politicas e
investigadores a trabalhar na drea da energia marinha renovavel. Adicionalmente, a implementagao de
codigo aberto promove a reprodutibilidade e facilita futuras investigacdes sobre a otimizacao de parques
de WEC e a evolucdo morfodindmica costeira, contribuindo para um futuro alimentado por energia mais
limpa e confiavel proveniente dos oceanos.

PALAVRAS-CHAVE:

Energia renovavel marinha; Conversor de energia das ondas; Modelagdo numérica; Otimizagdo de

layout; Algoritmo genético, SNL-SWAN; Parques de energia edlica—ondas co—localizados; k—means.
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Para Bernardo, Henrique e Gustavo

For neither good nor evil can last forever;

and so it follows that as evil has lasted a long time,

good must now be close at hand.

Miguel de Cervantes (Don Quixote de la Mancha)

“One cannot prove anything here, but it is possible to be convinced.’

Fyodor Dostoevsky (1821-1881)
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NOMENCLATURE
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AEP
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FSI
FVM
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GA
GEBCO
GMM
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Absorption

Annual Energy Production

Artificial Intelligence
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Artificial Neural Networks

Archimedes Wave Swing

Percentage of Accessible Wind Turbines during a given percentage of time
Boundary element methods

Bed Level Impact

Level Variation Indicator

Bottom—fixed Oscillating Flap

Capital Expenditure

Cumulative Eroded Area

Computational fluid dynamics

Computational Intelligence

Covariance matrix adaptation—based evolutionary strategy
coefficient of variation

Central Processing Unit

Capital Recovery Factor

Capture Width Ratio

Differential evolution algorithm

Directorate—General for Natural Resources, Safety and Maritime Services
Discrete Interaction Approximation

Directions of Freedom

Dirichlet—to—Neumann

East

Evolutionary Algorithms

European Centre for Medium—Range Weather Forecasts
Erosion Impact

East—Northeast

ECMWF Reanalysis v5

East-Southeast

Beach Face Eroded Area

Fluid—structure interaction

Finite—volume method

Floating Wind Turbines

Genetic Algorithm

The General Bathymetric Chart of the Oceans

Gaussian Mixture models

Glowworm swarm optimization
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HCCA Hybrid cooperative co—evolution algorithm

HI Hydrographic Institute

HRF Significant Wave Height Reduction within the Farm
HRA Significant wave height reduction in the area of interest index
[HO International Hydrographic Organization

10C Intergovernmental Oceanographic Commission
LCoE Levelized Cost of Energy

LMM lateral mobile modules

MAPE Mean Absolute Percentage Error

MODE Multi—Objective Differential Evolution Algorithm
N North

NE Northeast

NER Non—dimensional Erosion

NDA Non—uniformly Distributed Arrays

NLSW Non—hydrostatic, nonlinear shallow water equations
NNE North—Northeast

NNW North—Northwest

NOMAD Mesh Adaptive Direct Search algorithm

NSE Navier—Stokes equation

NSEM Navier—Stokes equation model

NSWE Nonlinear Shallow Water Equation

NwW Northwest

NWT Numerical Wave Tank

0&M Operation and Maintenance

OpEX Operating Expenses

OowC Oscillation water columns

OWSC Oscillating wave surge converter

OWT Offshore Wind Turbine

PDA Peripherally Distributed Arrays

PSO Particle Swarm Optimization

PTO Power—Take—off

RANS Reynolds Averaged Navier—Stokes

RAO Response Amplitude Operators

RCW Relative Capture Width

RMS Root mean square

RMSE Root mean squared error

RNI Average Relative Nearshore Impact

RWP Reduction of Wave Energy Potential

P2M Peak—to—Mean index

S South

SE Southeast

SED Squared Euclidean distances

SHRHA Hydraulics, Water Resources and Environment Division

SIMAR Spanish Port Authority (Puertos del Estado)
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SNL
SPH
SQP

SSE
SSW

Std

SW
SWAN
TRL
UDA
VBGMM
WEC
WFA
WLA

WNW
WSW

Sandia National Laboratory

Smoothed Particle Hydrodynamics
Sequential quadratic programming
South—Southeast

South—Southwest

Standard Deviation

Southwest

Simulating WAves Nearshore

Technology Readiness Level

Uniformly Distributed Arrays

Variational Bayesian Gaussian Mixture models
Wave Energy Converter

WindFloat Atlantic wind turbines

Wave Energy Park Layout Assessment Index
West

West—Northwest

West—Southwest
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SYMBOLS

Si
steci
J
J3%(s,t)
JH(s,t)
Jx

N(x)

p
p

P abs
P, array

P centroid
Pa

PWBC

Wave amplitude

Area

Wave phase velocity

bottom friction coefficient

Wave group velocity

Device characteristic width

Variance density spectrum

Potential energy

Kinetic energy

Resulting Forces

Gravitational acceleration

Water depth

Wave Height

Significant Wave Height

H; of baseline, scenario without WECs

H; of scenario with WECs for each i position of wind turbines
Wave power (energy flux) per meter of wave front

Wave power per meter of wave front at 20 m depth without WEC farm
Wave power per meter of wave front at 20 m depth with WEC farm
Wave power X component

Wave power y component

Wave number

Cluster

Transmission coefficient

Coefficient of linear term of the i curve

Wave action density

Total number of data values

Total number of data values inside a cluster

Normalized value of x

WLA weight for energy production

Pressure

Wave power captured by the WEC

Power of a wave farm

Wave energy per wave front for each sea state

Dynamic pressure

Power of an array of WECs

Incident power

WLA weight for shield protection

Source term for dissipation due to interaction with the bottom
Source term for dissipation due to “white—caping”

Source term for atmospheric input from wind

Source term for nonlinear interactions between spectral components
Total number of points along the contour
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Source term for depth—induced breaking
Source term total

Period

Time

Access time without WECs

Wave energy period

Peak wave period

Cut—off wave period

Access time with WECs

Magnitude of the velocity in a given direction
Velocity in x direction

Velocity in y direction

Velocity in z direction

Orbital bottom velocity

Wind speed used is measured at a 10—meter elevation
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GREEK SYMBOL
a Calibration coefficient
B Power Production Density
y Peak enhancement parameter
v Gradient
Ab Bottom slope
Ad Distance from the first run position
AToam Access Time Increase for O&M
£ Wave steepness
n Displacement of the water free surface above the still water level
0 Wave phase angle
Om Wave propagation direction
A Wavelength
U Density
s Number pi
p Mass density
o Relative radian frequency
0®p Power representativeness
[0) Velocity potential
X Variable of integration
w Angular frequency
®ct Cut—off wave frequency
¢, xy) Seabed level at the point of coordinates (x,y) without WEC farm
Zf(X, y) Seabed level at the point of coordinates (x,y) with WEC farm
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1

INTRODUCTION

1.1.Scope of the research

The rising demand for energy caused by the growth of a more energy—intensive society associated with
higher concerns about the environment boost innovations that could bring alternative sources of energy.
The presently most common sources of energy, i.e., the fossil fuels, are limited, nonrenewable, and
immensely polluting, having an adverse effect on the environment on a worldwide scale. Nevertheless,
a growing number of technologies to produce electricity from renewable and sustainable energy sources

are being developed and tested aiming to expand and diversify the present electricity production matrix.

Advancements in the understanding and utilization of the ocean have steadily progressed across various
fields, including shipping, transportation, health, industry, and energy. These developments significantly
impact marine ecosystems and the Earth's climate system. In the future, the ocean has the potential to
emerge as a primary energy source, for instance, through the harvesting of waves and tidal energy, or
function as a host for the extraction of other sources like offshore wind and solar energy.

Ocean waves are generated by wind, storing potential and kinetic energy. The total theoretical potential
estimated for this resource is of about 32000 TWh per year [1], slightly higher than the world electricity
production in 2023 (29479 TWh) [2]. Because of this high potential, the European Commission
introduced its Strategy on Offshore Renewable Energy, outlining ambitious targets for ocean energy
development. The Strategy aims to support the deployment of 100 MW of ocean energy projects by
2025, scale up to at least 1 GW by 2030, and achieve a long—term goal of 40 GW by 2050 [3]. The
effective exploitation of this renewable energy potential will contribute to the reduction of carbon
emissions and stimulate economic growth in coastal and remote areas.

Therefore, waves can provide a sustainable, power—dense, predictable, and widely available source of
energy, with wave energy converters (WECs) employing multiple principles (e.g., oscillating water
column, point absorber, overtopping, and bottom—hinged systems) to transform the kinetic and potential

energy of ocean waves into electricity.

In the last decades, more than 1000 technologies for harvesting ocean wave energy have been patented.
However, only a few dozen have reached the demonstration phase at sea, and none have yet reached the
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commercial exploration phase. In other words, it has not reached a technological maturity level that
allows it to be competitive with more traditional technologies [1].

Additionally, the high Levelized Cost of Energy (LCoE) caused mainly by immature technologies
hinders its progress. Understanding wave farm effects (e.g., diffraction, reflection, radiation) on energy
capture and their dependence on WECs’ layout is crucial for their optimized design [3], which usually
aims to maximize the electrical energy output and eventually explore co—location benefits (e.g., with

offshore wind farms), as well as to minimize costs and environmental impacts [4].

The wave energy sector needs to improve its competitiveness by gaining scale. For that purpose, several
devices are required to be installed in arrays forming an energy farm/park, which has an impact on the
propagation of incident waves. The interaction of WECs with waves results in diffraction, reflection,
and radiation phenomena, generating a complex wave field, especially on the lee side of the farm, with
potential influence on local and coastal hydro—morphodynamics, as well as on the energy production
itself. Constructive or destructive interference can occur with a local decrease in energy in the latter case
[5-8]. Therefore, local and regional impacts of marine renewable developments must be well understood

as they can interfere with the natural marine environment.

The influence of WEC arrays on the local wave climate affects the flow over the water column and,
subsequently, the sediment dynamics. It has been hypothesized that wave height reductions in the lee
side of WEC:s, particularly nearshore, could benefit coastal protection [9-22]. The morphology of the
coastline is closely linked to the wave climate, and the requirement for accurate modelling of the effects
of WECs has been identified. A change in the longshore littoral transport process can have implications
further along a coastline, as well as in the vicinity of a WEC.

Additionally, the integration of WECs into an existing offshore wind park can create a shadow effect by
reducing wave heights, and extending the period allocated for the operation and maintenance of wind
turbines, thus enhancing the efficiency of wind energy generation [23]. This shadow effect, also known
as the park effect, may be affected by the spatial orientation of the park, wave direction and intensity,
bathymetry, and the absorption characteristics of the WEC array. Combined wave—wind systems can be
classified by technology, water depth, or location relative to the shoreline.

Co—locating wave—wind energy parks may offer benefits such as more effective resource utilization,
lower financial expenses, and improved energy output [24]. The combined use of these technologies in
the same area can take advantage of potential synergies, such as shadow effects, smoothing of power
output, and the sharing of grid infrastructure, operation and maintenance, logistics, and mooring. This
may also allow for smooth grid integration and lower installation costs [25,26].

By expanding co—location benefits, offshore wave farms can also serve the purpose of coastal protection
through wave attenuation and "shadowing" of sensitive shorelines [11,12], leading to lower mean wave
heights [27].

Furthermore, as offshore wind technology matures, following a hybridization strategy may accelerate
the progress of WECs from the pre—operational stage to a fully functioning wave park. A major focus
of present research regarding the hybridization of wave and wind farms is on the coupling of bottom—
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fixed or floating wind turbines (FWT) and WECs, as well as on the developments onshore that combine

power generation with harbor protection [28,29].

However, the traditional approaches to model offshore farms often oversimplify key aspects. These
simplifications include assuming invariant transmission coefficients, fixed power ratings, and limited
farm configurations. Additionally, they may neglect local marine space restrictions or utilize a small
number of WEC units.

Optimizing the layout of wave farms is complex due to the numerous variables involved (WEC position,
array shape), constraints (space available, already allocated areas), and conflicting objectives (energy
output vs. costs vs. environment). Current design methods often neglect these aspects, focusing solely
on maximizing the energy output [3]. Additionally, computational demands increase significantly with
multi—objective functions or high—fidelity wave—WEC interaction models.

With limited field data available, WEC development usually relies on physical and numerical modeling.
Numerical modeling, particularly through wave propagation models, is well-suited for assessing multi—
variable combinations. These tools can be adapted to forecast local wave climates, wave farm energy
outputs, and both near—field and far—field effects [17,30].

Phase—averaged models provide a computationally efficient approach for the simulation of waves and
nearshore wave—induced current fields. However, most of them rely on parametrizations to represent
WECs and other relevant wave characteristics. A common technique involves representing WECs as
porous structures acting as sources or sinks for wave energy extraction [31,32]. The SWAN spectral
wave model is widely used and validated for coastal wave transformation modeling. A modified version,
SWAN-SNL [33-36], allows for WEC representation as power sinks using device—specific power

performance data.

The use of evolutionary algorithms (EAs), specifically genetic algorithms (GAs), provides an efficient
solution to this optimization problem. EAs, inspired by natural selection, offer flexible and robust
optimization frameworks, with GAs operating on candidate solutions to mimic the survival of the fittest,
optimal layout, considering factors like energy output, environmental impact, and economic viability.

Interactions between devices in an array have been a recurring topic of investigation [3,37]. Most studies
on the design optimization of wave energy farms have been based on comparisons of some different
configurations [3,37]. However, the use of machine learning techniques for optimization schemes is
growing, with one example being the evolutionary algorithms, specifically the genetic algorithm, which
mimics the process of natural selection and incorporates heredity, mutation, and recombination [38].

1.2.0bjectives

This thesis aims to develop a systematic optimization framework for designing multi—purpose offshore
wave energy farms. The multi—objective optimization framework will go beyond maximizing electricity
production or revenue, by considering the impact of offshore farms on wave climate and other potential
uses, such as the co—location with offshore wind farms or coastal protection structures. By incorporating
machine learning to define/select representative sea states, a wide range of influencing parameters, and
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advanced numerical modelling, the optimization framework will be able to predict with reliability the
best wave farm layout that balances the electricity generation with the far field wave impacts (positive
or negative) making use of genetic algorithms.

To achieve these goals, complementary approaches will be employed. First, a combined method of
statistical analysis and machine learning is used for representative sea—state selection. This approach
identifies a compact set of sea states that accurately reflects the local wave climate. Second, a custom—
designed multi—objective genetic algorithm (GA) optimizes wave farm layouts for the selected number
of devices (i.e., WECs). To achieve this, the GA seamlessly integrates environmental impact
considerations (defined by the user) and energy production estimation using an automatic routine

integrated into the wave numerical model.

1.3.Thesis structure

This thesis is structured to provide a comprehensive overview of the research, from its background and
motivation to its findings and conclusions. The report is organized into the following chapters:

e Chapter 2 provides a comprehensive literature review on fundamental topics related to the
optimization of offshore WEC farms and their near and far—field effects. Key areas of focus
include the resource assessment of offshore renewable energy, an overview of WEC concepts,
the theoretical background of water wave mechanics used in numerical modeling, an evaluation
of widely utilized numerical models, a discussion of parameters influencing layout optimization,
and an examination of existing studies and methodologies for WEC farm layout optimization;

e Chapter 3 outlines the optimization framework developed. It details the numerical models
employed, the workflow of the customized genetic algorithm developed for this research, and
the simulation parameters used to develop, verify, and demonstrate the model's applicability.
This includes a description of the chosen location and the characterization of the devices

analyzed in the study;

e Chapter 4 elaborates on the foundational developments required to construct the optimization
model. This includes an in—depth comparison of phase—resolving and phase—averaging wave
numerical models, the development of a multi—objective assessment tool (fitness function) for
the genetic algorithm, and the establishment of a framework to identify representative sea states
through machine learning techniques;

e Chapter 5 presents the applications of the novel genetic algorithm developed in this research. It
describes the sensitivity analysis conducted to optimize computational costs and convergence
rates, the verification of the algorithm through repeated simulations and single—objective runs,
and a series of case studies. These case studies encompass an offshore scenario that integrates
economic parameters to refine the objective function and two nearshore scenarios, which
evaluate the model's performance in achieving coastal protection and minimizing environmental

impact;
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Chapter 6 concludes the thesis by summarizing the main findings concerning the research
objectives and proposing directions for future developments in this field.

1.4.List of Publications

The following original research papers authored by the thesis author correspond to the chapters of this

thesis:
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il.
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2

LITERATURE REVIEW & THEORETICAL BACKGROUND

2.1.0ffshore Renewable Energy

Offshore Renewable Energy covers a broad spectrum of renewable energy sources such as ocean waves,
tides (tidal streams and tidal range), ocean currents, salinity and thermal gradients, which are extracted
directly from ocean waters. Notwithstanding, the ocean space can also be used to explore wind and solar
energy as well as to produce biomass than can be later converted into electricity [1]. Figure 1 summarizes
the current status (data from 2023) of tidal and wave energy deployment that was prepared by Ocean
Energy Europe [39].
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Figure 1 — Ocean energy key trends and statistics 2023, report from Ocean Energy Europe [39].
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Offshore wind energy technology has already achieved commercial-scale, with a year—by—year decrease
in associated costs. However, there is still a lack of competitiveness when compared, in terms of cost
per kWh of electricity produced, with other renewable energy technologies, such as hydropower, solar
photovoltaic or onshore wind. Wave and tidal energy technologies are not yet market competitive, being
some steps behind, in terms of development, the offshore wind [40]. Since 2010, the overall installed
capacity worldwide was circa 26.4 MW for wave energy and circa 41.4 MW for tidal stream energy
[39].

2.1.1. Wave energy

Wave energy potential is largely discussed, but despite all research carried out so far, the real potential
remains to a certain extent indeterminate. Nevertheless, some credible estimates point to a theoretical
potential estimated of about 32000 TWh/yr [1]. Figure 2 presents the annual mean wave power (kWh)
around the globe. The wave energy potential is linked to wind characteristics (speed, duration, direction)
and the fetch length.
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Figure 2 — The global wave energy resource [41].

The wave energy sector is still considered to be at a pre—commercial stage, demanding further research
and development, to improve the performance and reliability of wave energy conversion technologies,
reduce their overall costs and consequently reduce the Levelized Cost of Energy (LCoE) [1]. Moreover,
these technologies also need continued demonstration and validation in real ocean conditions for long

periods of time.

Europe concentrates over half of the WEC developments, with most research and development dedicated
to point absorbers [42]. Those technologies can be used as independent WECs or as part of breakwaters
or harbor infrastructures. At the moment, the number of systems beyond the research and development
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stage is relatively small, with some point absorbers being developed to be integrated into pilot wave
farms for demonstration purposes [43].

It is important to mention that nearly 95% of the energy in an ocean wave is located between the water
free surface and a water depth equal to a quarter of its wavelength. This energy could be harvested by
several methods, which consequently generate a substantial range of technological developments. Wave
energy is extracted essentially from surge, sway and heave modes of motion of the WEC, despite the

possibility of conversion through other modes of motion [42].

2.1.2. Wind Energy

Offshore wind energy conversion technologies are increasing their importance globally and already have
an important role in the energy systems of several countries (e.g., UK, Belgium and Germany). Wind
turbines are becoming more efficient and larger, and consequently increasing their rated power,
improving also their cost—effectiveness. Benefitting from constant technology enhancements, the
worldwide offshore wind market expanded by approximately 30% per year between 2010 and 2023. In
addition, the new projects have capacity factors of 40%-50%, as larger turbines and technology
improvements are helping to make the most of available wind resources [44]. These capacity factors are
competitive with gas—fired power plants and some coal-fired power plants, and exceed those of
traditional onshore wind farms and solar photovoltaic parks.

The rising attraction of building wind farms offshore is supported by their advantages compared with
the onshore counterparts, such as: the higher wind power resource offshore results in a higher electricity
production when large turbines are used; more constant wind fields offshore; virtually no limitations in
the transport of components for the offshore wind farms; and the huge potentially areas available for the
installation of wind farms. In addition, the distance from the shore and human settlements minimize the
issue of visual and noise impacts. As a result, it is possible to raise efficiency using cheaper or noisier

wind turbines, like two—blades and downwind technologies.

The oil and gas industry, as a long and mature user of offshore technologies, was the major developer
of the support structure/foundation concepts employed. Therefore, the younger wind industry has taken
advantage of existing knowledge and adopted some of them. The typical offshore structure/foundation
concepts can be divided in: bottom—mounted structures, rigidly connected to the seabed (i.e., fixed), or
floating—support structures with no rigid connections [45]. The solution implemented depends on the
local seabed, water depth and financial constraints.

The bottom—mounted structures can be divided in: gravity foundations, monopile foundations and
braced support structures, such as tripod and jacket/truss. The concept most commonly used in swallow
waters is the monopile foundation (which, is similar to the support of onshore turbines). The gravity
foundation is also used on swallow water, but the braced support structures are more appropriate for
intermediate waters. Figure 3 represents the evolution of wind turbines’ structures/foundations as a
function of water depth.
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The design requirements of turbine structures for offshore wind farms are generally complex, including
aspects like the survivability in the harsh marine environment and the prolonged exposure to large wave
loading.

Support Structures
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Figure 3 — Support structure/foundation options for OWTs [46].

While fixed structures are more mature given their longest use, floating structures are still at the
beginning of their path, with the first full-scale commercial floating wind farm only commissioned in
2017. Floating structures are recommended for large water depths, mainly because the cost of bottom—
fixed structures increases with the depth.

The majority of offshore wind farms are currently in China, followed by northern Europe. China alone
accounts for more than half of the total offshore wind power capacity installed worldwide, while Europe
accounts for about 45%, as can be seen in the Figure 4. A total of 236 MW net floating wind has been
installed globally in Norway, the UK, Portugal, China, Japan, France, and Spain [44].

2.1.3. Wave energy converters

Over the years, several alternative ways to classify or categorize wave energy conversion technologies
have been proposed. The classification can be made according to: location and water depth; the way
wave energy is converted into mechanical energy; position/orientation in relation to wave propagation;
or by the technology used.

Wave energy can be harvested onshore, nearshore, or offshore. The wave harvesting principle most used
onshore is the oscillating water column (OWC), in which the water free surface oscillation induced by
incident waves creates compression and decompression of the air inside a semi—submerged chamber.
The air flow produced then rotates an air turbine. In the nearshore and shallow water area, a common
solution is the oscillating wave surge converter (OWSC) acting like a pendulum under the wave action.
Finally, in offshore regions, there are mainly three types of technologies: the point absorbers, the
attenuators, and the overtopping/terminator devices.

The point absorbers have a small size compared to the predominant wavelength [42] (e.g., a buoy, in
which the active part moves predominantly along a vertical axis). The attenuators have large horizontal
extensions oriented in parallel to the wave direction, gradually generating energy as the wave passes
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through the system length. The terminator devices have a large horizontal extension perpendicular to
the wave direction [42].

New offshore wind installations by market
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Figure 4 — The 2023 new and the total installed capacity for offshore wind energy [44].

The mechanism in which wave energy is extracted could be used to categorize the converters. A typical
point absorber uses the “heave” to move a piston up and down, terminators and OWSCs use the “surge”
as a propelling motion, and attenuators convert the “pitch” to activate an engine rotation [2].

The subdivision of WECs in oscillating water columns, oscillating body converters, and overtopping
converters is well accepted in the sector and presented in Figure 5, based on IRENA categorization [47].
Figure 5 also illustrates the subdivisions of each category.
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The OWCs usually have a high level of reliability, and because the only moving part is the air turbine,
these technologies are simpler than the others. On the other hand, their present performance level still
demands improvements, namely by implementing advanced control strategies and turbine concepts that
are under development. The floating OWCs integrated on spar—buoys are considerably improving their
power performance [42].

Figure 5 — Categorization of wave energy converters and examples [47].

The oscillating bodies category includes a significant range of concepts. Although the most common
ones are floating devices, these concepts can also be submerged, fixed to the seabed or not. They are
more common in deep waters (over 40 m), where typically more energetic wave regimes occur. The
large variety of concepts has given rise to a wide diversity of PTO systems, e.g., hydraulic generators
with linear hydraulic actuators, linear electric generators, and piston pumps [47]. Among the advantages
of oscillating bodies are their size and versatility since most of them are floating devices. Nevertheless,
a prevalent technology has yet to emerge, and more research needs to be undertaken to increase PTO
performance and avoid certain mooring system issues [42].

An overtopping device is, in simple terms, a water reservoir structure with a front ramp, fixed or floating,
that can also include concentration walls or arms. Incident waves run up over the front ramp structure

12
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and overtop their crest, entering the water reservoir. This converter uses the potential energy of the water
collected in the reservoirs to move a conventional low-head hydro turbine, such as in a small hydropower
plant [43].

The concept of water storage for electricity purposes is well known and developed along with human
history, which is an advantage for overtopping devices. Still, some downsides related to its application
for marine/wave energy harvesting include the availability and performance of hydro turbines for such
low-heads and large discharges, as well as the impact of sediments and marine growth on their
operational costs. There have been developments in the integration of overtopping devices into port
breakwaters, in which the device can be installed in existing structures and add the benefits of local

electricity production and enhanced protection [29].

2.1.4. Combined wave-wind systems

The integration of technologies that exploit similar resources offers notable advantages, including
greater efficiency in resource utilization, reduced financial costs, and enhanced overall energy
production. This principle applies to offshore renewable energy technologies, such as wind and wave
energy harvesting, which can be co—located. The differing temporal variability of these natural resources
allows for smoother integration into the grid network. Additionally, shared infrastructure between
generators reduces installation costs. Given the maturity of offshore wind technology, a hybrid approach
could accelerate the transition of WECs from the research and development phase to fully operational

wave parks.

The synergies between the offshore wind and wave energy sectors present significant research
opportunities, particularly in combining floating wind turbines with WECs. These opportunities extend
beyond co—location projects to the development of advanced hybrid systems. Additionally, hybrid
onshore systems integrating electricity production with harbor protection could be implemented using
new or existing harbor infrastructure. Several projects, including MARINA platform [48], ORECCA
[49], TROPOS [50] and MERMALID [51], have advanced such concepts in recent years.

Recent policy initiatives, such as Portugal’s ambitious target of 2 GW of offshore wind capacity by 2030
[52], create further opportunities for co—location with wave energy [53,54]. This approach offers various
synergies, including dual energy conversion, cost reductions, and enhanced accessibility for offshore
wind farm maintenance [55-62]. Wave energy parks, acting as wave attenuators, can generate a

“shadowing” effect that protects offshore wind turbines from harsh sea conditions [63,64].

This protection is particularly relevant given the high operational and maintenance (O&M) costs of
offshore wind farms, which account for 30%—35% of their lifetime expenses [53]. To address these
expenses, the offshore wind industry is increasingly adopting preventive and predictive maintenance
strategies [54]. Similarly, wave energy farms face high costs related to construction and O&M [65].
However, integrating these systems allows them to share infrastructure, such as foundations and
electrical connections, significantly reducing overall expenditures [27].

13
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The potential for higher energy output is another compelling reason to combine wind and wave energy
systems [66]. While wind energy can be highly variable, wave energy tends to be more predictable [6].
This predictability can complement wind energy production, ensuring a steadier energy supply over
time. For example, during periods of low wind, wave energy may still generate electricity, helping to
smooth out fluctuations in power output. This complementary behavior can also reduce the demand for
large—scale battery storage systems and lower the total power capacity needed to meet grid requirements.
Additionally, combining wave and wind energy systems can help mitigate the costs associated with
managing intermittency in the power grid, providing more reliable and consistent energy to the network
[52].

Combined wave—wind systems can be categorized by technology type, water depth (shallow,
transitional, or deep), or location relative to the shoreline (onshore, nearshore, or offshore). Pérez—
Collazo et al. [27] proposed a classification framework based on the degree of connectivity between

offshore technologies, distinguishing co—located, hybrid, and island systems, as illustrated in Figure 6.
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Figure 6 — Classification of combined wave-wind technologies [27].

Co-located systems occupy the same marine area while employing separate foundation systems. These
systems typically share essential infrastructure, such as grid connections, O&M resources, and port
facilities. Given the advanced maturity of wind energy technology, co—located systems are frequently
designed with a primary focus on wind farms, either bottom—fixed or floating, and subsequently
integrate the WECs with minimal modifications to the existing grid infrastructure. Co—located systems
are categorized into two configurations: independent and combined arrays.

Independent arrays are located within the same general region, though not in the exact same position.
While spatially distinct, these arrays are sufficiently close to share grid connections, O&M resources,
and associated services. An example of such an independent configuration is illustrated in Figure 7.

Combined arrays, in contrast, occupy the same marine location and share infrastructure, forming a

unified array. These arrays can adopt various layouts, categorized as Peripherally Distributed Arrays
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(PDA), Uniformly Distributed Arrays (UDA), and Non—uniformly Distributed Arrays (NDA), based on
the positioning of WECs relative to wind turbines.

In the Peripherally Distributed Array the WECs are positioned before the wind turbines according to the
prevailing wave direction. This arrangement serves as a wave shield, reducing wave energy and
enhancing stability within the inner section of the array. Uniformly Distributed Arrays intersperse WECs
and wind turbines throughout the array, with WECs evenly positioned in the gaps between turbines.
Non—uniformly Distributed Arrays optimize the placement of WECs to maximize energy extraction,
considering interactions with surrounding devices. This layout offers flexibility and adaptability to site—
specific conditions. Figure 8 illustrates these configurations, although their precise arrangement may

vary significantly depending on environmental, technical, and operational requirements.

Figure 7 — Schematic of a co—located independent array [27].

Figure 8 — Peripherally Distributed Array (left)), Uniformly Distributed Array (center) and Non—uniformly
Distributed Array (right) [27].

2.1.5. Marine renewable energy in Portugal

The Portuguese continental coast, extending approximately 900 km along the Atlantic Ocean, is marked
by distinct atmospheric oscillations throughout the year, with frequent depressions during winter and
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anticyclones in summer [67]. These climatic conditions, coupled with Portugal’s geographical location
and the long fetch of the Atlantic near its coast, create favorable conditions for the development of
offshore renewable energy. However, while the coast presents significant potential for renewable energy
exploitation, it also faces challenges related to coastal erosion, climate resilience, and the need for

effective protection measures.

Historically, coastal erosion and rising sea levels have been pressing issues in Portugal, exacerbated by
certain engineering practices. From 1990 to 2017, approximately 12.5 million cubic meters of sand were
used to stabilize 20 beach sectors covering an area of 75 km [68]. Despite these efforts, the hard
engineering solutions, such as seawalls and groins, have often accelerated erosion by disrupting the
natural sediment flow [69]. In the past, safety concerns frequently overshadowed comprehensive impact
assessments. Coastal retreat continues at an average rate of 1 to 5 m per year [68].

The coastal defense may be even more important if the sea level rise scenarios are considered. By 2050,
sea levels are projected to rise between 0.18 m (likely range: 0.15 to 0.23 m) under the SSP1-1.9
scenario and 0.23 m (likely range: 0.20 to 0.29 m) under the SSP5-8.5 scenario. By 2100, this rise is
expected to be between 0.38 m (likely range: 0.28 to 0.55 m) for SSP1-1.9 and 0.77 m (likely range:
0.63 to 1.01 m) for SSP5-8.5, relative to 1990 levels [70]. This increase is expected to intensify wave
conditions, particularly along the western coast.

In response to these challenges, Portugal has implemented a variety of coastal protection measures
aimed at preserving the socio—economic and ecological value of its coastal areas. These measures
include constructing artificial reefs, restoring dunes, and reinforcing natural barriers such as salt marshes
and wetlands. These interventions are designed to mitigate the physical impacts of erosion and storm
surges while also preserving and enhancing coastal ecosystems. The integration of nature—based
solutions with traditional engineering approaches reflects a more sustainable and holistic approach to
managing coastal dynamics.

Simultaneously, Portugal has recognized the strategic importance of marine renewable energies. In its
National Strategy for the Sea 2013—2020 [71] and the Maritime Spatial Plan [72], the country designated
significant areas along its coast for the deployment of marine renewable energy technologies. Notably,
Portugal has allocated a 400 km? area with depths ranging from 30 to 90 m off Sdo Pedro de Moel, in
central Portugal, as a pilot zone for testing maritime technology. Additionally, there is a test area
approximately 6.5 km off Agucadoura, in northern Portugal, with a water depth of circa 45 m and grid
connection capability. These designated areas underscore Portugal’s commitment to advancing offshore
renewable energy technologies.

The country's coastline, characterized by strong and persistent wind regimes, particularly in the northern
and central regions, has positioned Portugal as a strategic player in both onshore and offshore wind
energy projects. The WindFloat Atlantic project [73], located off the coast of Viana do Castelo,
exemplifies Portugal's innovative approach to offshore wind energy. This floating wind farm, one of the
first of its kind globally, utilizes advanced technology to harness wind energy in deep waters where
traditional fixed—bottom turbines are not feasible.
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In addition to wind energy, Portugal is advancing wave energy technology through significant
investment in research and pilot projects aimed at optimizing the efficiency and scalability of these
devices. With a mean annual wave power of 15 to 35 kW/m, Portugal’s coastline provides diverse testing
environments, from shallow nearshore zones to deeper offshore waters, facilitating the development of
wave energy technologies adaptable to various marine conditions [74].

In 2024, over 83% of Portugal’s electricity was generated from renewable energy sources, primarily
hydropower, wind, bioenergy, and solar [75]. The commercialization of wave energy could further
diversify Portugal's renewable energy portfolio, contributing to energy self—sufficiency and positioning
the country as a potential electricity exporter. This aligns with both national and European strategies for

a green energy transition and increased autonomy [76].

Several companies have deployed or plan to deploy WEC devices in Portuguese waters, including AW—
Energy’s WaveRoller® (350 kW) [77] and CorPower’s C4 (1.2 MW, 300 kW/unit) [78]. Additionally,
the Portuguese government has promoted an auction for offshore renewable energy sources, with a target
of 10 GW by 2030 [52]. While the focus is primarily on offshore wind, there is considerable potential
for co—locating wave energy systems or even adopting hybridization approaches [55,58]. These
strategies could result in dual energy conversion, reduced overall costs, and enhanced accessibility for
offshore wind maintenance. Moreover, WEC parks could act as wave attenuators, reducing the wave
energy impacting wind farms and thus mitigating coastal erosion [9-12,18,59-63].

Integrating renewable energy infrastructure with coastal protection measures can offer several additional
advantages. For example, the presence of renewable energy systems, such as offshore wind turbines or
WECs, could facilitate the installation of monitoring equipment, such as sensors or data collection
platforms. These devices can track key environmental parameters, such as wave heights, water quality,
sediment movement, and coastal erosion patterns. By collecting and analyzing this data, researchers and
policymakers can gain a deeper understanding of coastal dynamics and the long—term impacts of both
climate change and human intervention. This integrated approach enables more effective monitoring of
the coastline and can provide valuable insights for adapting coastal protection strategies to changing

conditions.

2.2.Wave energy converter farms

To harness the energy from waves in a sustainable way, the WEC must be placed in an array, frequently
called a park or farm, in order to exploit the gain of scale. The design of these parks should take into
account many variables and complex interactions; hence a specialized design and engineering are

required to ensure that they can effectively capture and convert wave energy into electricity.

The selection of the initial layout or design assumes a huge importance for the development of offshore
energy parks since the selected design will have a significant and continuous effect on device operation
throughout its life—cycle, which usually spans at least two decades [42]. A complete offshore energy
park design includes many variables, components and/or sub—systems, such as the type, number, and
location of the devices, foundations or moorings, electrical grid integration, land connection,

environmental constraints, and access to operation and maintenance [42].
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Design optimization usually utilizes advanced computation to balance costs, objectives, or a fitness
function, like minimizing cost or maximizing the park performance. The process of optimization
consists of adjusting the variables, device characteristics, or the process to achieve some objective, such
as minimum cost or maximum production [40]. There are several factors that can influence the design
and optimization of WEC farms. From the review of layout optimization [3] the main parameters

include:

i.  Wave conditions: The design of a WEC farm must take into account the local wave conditions;
the majority of the studies use the significant wave height, peak period, and main wave direction
as input to determine the optimal layout and spacing of the WECs, as well as the size and type
of WECs that should be used.

ii.  WEC technology: The choice of the technology can have a significant impact on the
performance and efficiency of a wave energy farm. Most optimization studies use point
absorbers, while there are some optimizations of floating OWC of terminators arrays. The WEC
technology and the wave conditions are intrinsically connected, hence it is important to analyze
the cost beneficial of every possibility when designing a farm.

iii.  Environmental impact: WEC farms can have an impact on the local marine environment,
including impacts on marine life and habitats. The inclusion of the potential environmental
impacts constrains on the park design helps minimizing negative effects or maximizing positive

ones, such as coastal protection.

iv.  Cost: The cost of designing and building a WEC farm usually is the main factor impacting its
feasibility and profitability. The main parameter associated with cost is the Levelized Cost of
Energy, LCoE, while the one associated with the electricity production is the g-factor (see
section 2.2.2). The costs of different design options, when integrated in the optimization,
minimize costs while still meet the performance and efficiency goals of the park.

v.  Maintenance: The maintenance requirements of a WEC farm can also be an important factor
in its design. WECs maintainability influence the cost—effectiveness over long periods, and the
layout can also influence the local wave conditions. Therefore, providing a larger maintenance

weather window in a smoother environment.

The minimization of the cost of energy produced usually guides the park design. As stated before, the
most common tool to evaluate this is the LCoE, which is a measure of the cost of generating energy
from a specific source over the lifetime of the project. A simple model for the LCoE is,

CaPEX X CRF + OpEX

- 1
LCOE 1EP (D

where CaPEX represents the Capital Expenditure, CRF the Capital Recovery Factor, OpEX the
Operating Expenses, and AEP the Annual Energy Production.

From equation 1, it can be inferred that, once the technology is chosen, the optimization of the park
layout has great importance to achieve the best results in terms of energy production with minimum
operational costs and externalities, particularly the environmental ones.
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There are many other factors that can also influence the design and optimization of WEC farms, and the
specific design of a park will depend on the specific goals and constraints of the project. It is important
to work with experts in wave energy and engineering to ensure that the design of a WEC farm is

optimized for the local wave conditions and the specific needs of the project.

To properly understand interactions of WEC arrays and their effects on the environment, it is necessary
to understand the physical process of how a WEC interacts and absorbs energy from the incident wave
field [6].

2.2.1. WECs interference on the waves

Absorption of energy from gravity waves on the ocean should be understood as wave interference
following the same basic principles of absorption of other types of waves, like electromagnetic and
sound waves. The WEC extracts the energy by generating a “counter—wave” that disturbs the incident

wave, and the energy provided by the destructive interaction is absorbed by the device [42].

When an incident wave hits some structure, it will be reflected and diffracted. However, if the structure
is mobile, like a floating body, it will also produce its wave field related to its motion, creating a radiating
wave field. Hence, applying the energy conservation principle all these effects generate waves with the
same total energy minus the absorbed by the structure. Figure 9 presents a simple visual representation

of the phenomena occurring with a WEC array [79].

Reflected
Incident

T

Figure 9 — Representation of incident, reflected, radiated and diffracted caused by a WEC farm [79].

The governing laws are the same for radiated, diffracted and incident waves. However, the incident
wave, given its long path from the origin, is a plane—wave propagating in only one direction. On the
contrary, diffracted/radiated waves, have origin in the oscillating structure and propagate in every

direction.

Given this multidirectional wave field created by the oscillating body, the energy from the incident wave
is redistributed to all directions, causing interferences around the structure.
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In a WEC, the Power—Take—Off (PTO) is responsible for extracting energy from incoming waves. This
extraction is observed as a variation in the phase of the radiated wave, which indicates a reduction in
wave amplification or an increase in wave cancellation. As a result, the disparity in the overall energy

balance reflects the absorbed energy by the device.

Both air and water are fluids and as so the study of the mechanics of waves in them has several
similarities. However, when considering the influence of devices on the extraction of energy there is a
significant difference between both. As illustrated in Figure 10, the perturbation caused by a WEC has
a significant impact not only after the device but all around it. On the contrary, in the case of a wind
turbine, the effect could be neglected to the front. In a wind turbine, this effect is usually called the wake
effect.

The wake effect is a downstream region where the wind speed is modified, creating a shadow, affecting
a cone—shaped region behind the turbine. Hence, wind turbines in the first row of a wind farm are not
affected by the others.

In WEC farms, the concept of a wake is not typically employed since the influence extends throughout
the entire system. Hence, each WEC interacts with all the others, irrespective of their positions. The
devices positioned upstream experience the influence of those downstream, thereby altering their wave
response. It is noteworthy that the potential impact of the park effect on the energy absorption of the
foremost row may surpass that experienced by subsequent rows [6]. Thus, when evaluating the park

effect, it is imperative to regard a WEC array as a cohesive entity.

The influence exerted by the park effect on the wavefield diminishes as the distance from the source
increases. Consequently, the potential for recuperating the wave energy flux may be attainable when the

distance surpasses a certain threshold.

2.2.2. The Park Effect

The investigation on the park effects in the wind energy industry has experienced great development in
the last decades, and it has shown that the park effect, or wake effect, is inversely proportional to the
distance between wind turbines. This led to some separation parameters for the longitudinal and lateral

distances between wind turbines.

The park effect is also very important for the wave energy conversion and must be carefully investigated
to design an optimal layout. Nevertheless, given its higher complexity and the high number of different
technologies and WEC devices, even with several investigations dealing with this matter published over
the past 40 years, there are no guidelines at present for their separating distance [6].

A definition of park effect shall consider that the exploration of renewable energy from the environment,
in a particular place, by the conservation laws, reduces the available energy at that location with
consequences to its neighborhood. As a result, the total power from an array of several WECs should be
lower than the sum of the power of the devices when measured as an isolated unit. This is a highly
complex issue, because the efficiency of WEC depends not only on the device parameters, but also on
environmental parameters, such as the wave height, period, and mean direction.
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incicent

Figure 10 — lllustration of the difference in the effect of a WEC (left) and a Wind Turbine (right) [6].

The g-factor is frequently used to quantify the park effect. This factor is a simple way to quantify how

wave interactions interfere with power absorption in an array. The g-factor is defined as the ratio
between the power of the entire array, Fyyrqy, and the summation of the power of each single isolated

device in the array, P, qc,

array

q-factor = ZP—wec ()
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If “q-factor” is lower than 1, the average power per converter in the array is less than the power of an
isolated converter. Consequently, destructive effects prevailed among wave interactions on the wave
farm. On the other hand, if q is greater than 1, there are more converters positioned on constructive

points than the other way around.

As seen before, since the first investigations of Budal [80,81], it was shown that there is the possibility,
in some layout combinations, to achieve a g-factor considerably higher than 1. Nevertheless, these
achievements were made on a theoretical basis with optimally controlled axisymmetric heaving buoys
and controlled sea states. In real cases, due to the complexity of waves, given their irregularity, achieving
optimal control is not realistically possible. Hence the majority of researchers in this field argue that the
best practice should be to minimize destructive interactions instead of seeking to maximize the
constructive ones [37].

The first row of the array often receives constructive interactions from the rows behind due to the
diffracted waves. However, this is usually not enough to compensate for the decrease in wave energy

remaining for the other rows.

In small arrays with less than ten converters with traditional layouts, the park effect usually has a small
influence on the total energy absorbed, when the distance between devices is greater than one order of
magnitude in comparison to the dimensions of the WEC [6]. In other words, separation of 100200 m
for a converter diameter of 10-20 m. Hence, this opens a discussion of the importance of the park effect
to such small parks, even more, because of the uncertainties associated with the wave modeling, the
positioning of the WECs, and local conditions, like the bathymetry.

As the number of converters increases, the importance of the park effect increases as well, due to the
higher number of wave interactions, with the absorbed power of a given row in the array being smaller
than the one in front, and greater than the one behind. Consequently, the number of rows of parks
arranged on a traditional grid geometry like square or triangular should be maintained as small as
possible. However, the number of devices in a row does not have a limitation, mostly because the lateral
separation is habitually large when compared to the converter dimensions.

The influence of the park effect on extensive arrays was observed to be approximately 5% [6]. This
finding was derived from an array comprising 25 oscillating surge WECs positioned at a separation
distance of 200 m. Moreover, it was observed that the fifth row in the array experienced a decline of
20% in terms of mean annual energy absorption. Section 2.5 provides a comprehensive review of various
studies that have investigated the park effect in order to identify an optimal configuration and understand
its consequences. These studies have delved into the intricate aspects of the park effect and its impact
on wave energy conversion, thereby contributing valuable insights to the field.

2.2.3. WEC farm evaluation

The evaluation of wave energy farms involves a multifaceted approach that considers both the
performance of the farm itself and its broader environmental and operational impacts. A significant body
of research has focused on developing and refining a variety of indicators to assess these dimensions,
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with particular emphasis on the economic feasibility, power production efficiency, environmental
consequences, and operational challenges associated with WEC systems.

A key area of evaluation for wave farms pertains to their economic performance. In studies of layout
optimization, such as those reviewed by several authors [3], economic indicators like the LCoE and
Annual Energy Production (AEP) are often prioritized. These indicators provide essential insights into
the cost—effectiveness and energy output of WEC arrays, helping to gauge their viability as a sustainable
energy source. Alongside LCoE and AEP, additional performance metrics such as the g-factor and
capacity factor are frequently employed to further assess energy production. These metrics offer
valuable information regarding the operational efficiency of the farm, helping to evaluate the overall

energy yield relative to the array’s design and operational parameters.

In terms of economic viability, the LCoE remains a central metric, with co—located wind and wave farms
benefiting from shared infrastructure, such as grid connections and maintenance facilities, which reduce
costs compared to standalone installations. Astariz et al. [61] demonstrated that co—located systems
could achieve cost reductions and improved energy yield per unit area. For instance, the authors showed
that sharing resources between wind and wave energy systems could lead to a 3.4% increase in energy

yield compared to wind—only systems.

In addition to these primary economic and energy-related indicators, several metrics are specifically
designed to assess the quality of power production from wave farms. Power production density, for
instance, measures the ratio of energy output to the area occupied by the farm [82], providing a useful
gauge of spatial efficiency. Power smoothing is another critical aspect of wave farm performance, and
it is evaluated using statistical parameters such as the standard deviation (std), coefficient of variation
(CoV), and the range of power absorption by different WECs within the array. These indicators reveal
the extent of variability in energy production, with measures like the P2M (the difference between the
most absorbing WEC and the farm average) highlighting disparities that may inform optimization

strategies to improve energy capture balance across the farm.

Engstrom et al. [82] utilized potential linear wave theory to evaluate WEC arrays, emphasizing key
performance metrics: the Capture Width Ratio (CWR), which measures absorbed power relative to
incident wave energy transport; Power Production Density (f), defined as total absorbed power divided
by the array's convex hull area; and Normalized Variance of Power, which quantifies output fluctuations.
These metrics were analyzed in the context of hydrodynamic forces (excitation and radiation) and power

absorption using spectral properties such as energy period (7T,) and significant wave height.

Beyond evaluating internal power production, wave farms are also assessed for their broader
environmental impacts, particularly in terms of how they influence their surrounding marine and coastal
environments. One prominent phenomenon, the "park effect," refers to the changes in wave dynamics
and energy distribution caused by the presence of the farm itself. Various indices have been developed
to quantify this effect, with a particular focus on offshore energy parks that combine wind and wave
energy systems. For example, studies by Astariz et al. [23,56-62,66,83—86] have proposed metrics such
as the significant wave height reduction within the farm (HRF), which quantifies the reduction in
significant wave height (H;) within the farm area, specifically at locations of the wind turbines. This
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indicator offers insights into the influence of wave farms on wave patterns, which can affect not only
energy capture but also operational logistics, such as accessibility for maintenance tasks.

n
100~ Hs; — Hs ...
HRF = — ) — "%
n H, (3)

i=1 t

where Hy; is the baseline scenario without WECs and Hg,, . is with WECs, for each i position of wind
L

turbines.

Operational and maintenance (O&M) efficiency is another vital aspect of wave farm evaluation. To
assess the effectiveness of O&M processes, metrics like the Access Time Increase for O&M (AT ggm),
which relate the hours per year when H; is lower than or equal to 1.5 m within the wind farm with co-
located WECs (Tw) and in the baseline scenario (7}), and the Percentage of Accessible Wind Turbines
during a given percentage of time (AWTk) are commonly used. These indicators reflect logistical
challenges in offshore energy park operations, particularly in terms of how wave farms influence
accessibility to turbines for maintenance. Research carried out by Astariz ef al. [56] demonstrated that
non—uniformly distributed WEC arrays could reduce wave heights by up to 19%, thus improving

accessibility during maintenance windows and enhancing operational efficiency.

AWT Accessible wind turbines 100
= X
k™ Total number of wind tubines )

Ty — T,
ATo&M(%) = T x 100 (5)

Another important concept explored in the context of wave farm performance is the "shadow effect".
Astariz et al. [57] showed that the presence of WECs leads to a reduction in wave heights, which in turn
extends weather windows and reduces the variability of power production. This phenomenon has
significant implications for both operational efficiency and economic viability, as it can increase the
predictability of energy output and improve grid integration. Astariz et al. [84] further explored this
effect, highlighting the potential for co—located wind and wave energy systems to reduce the variability
in power production through statistical analysis methods such as cross—correlation and standard

deviation.

The environmental impacts of wave farms on coastal areas are another essential aspect of the evaluation
of wave farms. The work of Abanades et al. [9-12,18] introduced various indicators such as the Bed
Level Impact (BLI), Beach Face Eroded Area (FEA), Non—dimensional Erosion Reduction (NER), and
Cumulative Eroded Area (CEA), which quantify the effects of wave farms on sediment dynamics and
coastal morphology. These metrics are crucial for understanding how wave farms affect the coastline,
particularly in terms of erosion and sediment transport. By measuring the morphological changes caused
by wave farms, these indicators help to assess the potential for wave energy systems to either mitigate
or exacerbate coastal erosion.
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Other researchers have focused on wave power and coastal conditions. Carballo and Iglesias [87]
introduced the Average Relative Nearshore Impact (RNI) to evaluate the impact of wave farms on
nearshore wave power distribution. Similarly, Berrio et al. [88] proposed the Reduction of Wave Energy
Potential (RWP), which is the difference between the simulated and baseline scenario for wave energy
flux per wave front length, and the Level Variation Indicator (BLV) to assess changes in wave conditions
and seabed stability due to wave farm installations. These indicators compare baseline (no wave farm)
and project scenarios, providing a detailed framework for understanding the intricate interactions

between wave farms, coastal systems, and marine environments.

The Average Relative Nearshore Impact (RNI) is a key non—dimensional indicator for evaluating the
effect of wave energy farms on coastal wave power. It compares wave power at specific locations,
typically at the 20—meter depth contour, with and without the farm's presence. The results, averaged
across spatial and temporal domains, provide insights into the farm's influence on wave energy
distribution and coastal processes. This non—dimensional indicator offers a detailed understanding of
how wave farms influence wave energy distribution along the coastline. Results are averaged spatially
and temporally, providing a clear picture of the farm's impact on wave dynamics and coastal processes.
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where JZ%(s, t) is the base line scenario power, ] jzr? (s, t) the scenario with farms and with S, and ¢ the

total number of points along the contour and in time.

The Bed Level Impact (BLI) and the Eroded Area (A) are other crucial indicators used to evaluate the
impact of wave farms on coastal erosion. BLI measures the change in seabed elevation caused by the
farm, while A quantifies the volume of sediment displaced during erosion events. Together, these
metrics provide a clear indication of how wave farms influence coastal stability and the potential for
mitigating or exacerbating erosion. The Erosion Impact (EI) index further quantifies the farm’s role in
reducing coastal erosion, offering a measure of its effectiveness in preserving beach profiles.

BLI (x'}’) = (f(x!y) - (b(x!y) (7)

where Zf(x, y) andq, (x,y) are the seabed level with the farm and without it.

In addition to the BLI, the Eroded Area (A) is quantified to assess the volume of material displaced from
the beach during erosion events. The eroded area in the baseline scenario is compared to the eroded area
in the presence of the wave farm. This comparison allows for the assessment of the farm's effectiveness
in reducing or mitigating coastal erosion. The Erosion Impact (EI) index is then defined to represent the
reduction in eroded area due to the wave farm, expressed as a percentage of the total eroded area in the
baseline scenario. The EI index provides a clear measure of the wave farm’s contribution to mitigating
erosion and preserving the integrity of the beach profile.
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For long—term coastal protection, additional advanced indicators such as the Beach Face Eroded Area
(FEA), Non—dimensional Erosion Reduction (NER), and Cumulative Eroded Area (CEA) are employed.
These indicators help assess the ongoing impact of wave farms on coastal erosion, providing a more

comprehensive view of their role in protecting shorelines over time.

FEA,(y) = f [€o(x,y) — &p(x, )] dx )
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yp X0

where {;, (%, y)is the seabed level at the point of coordinates (x,y) at the initial condition and {¢(x,y) with
the farm. where the variable of integration, X, represents the coordinate along the profile, and x and x,,

and y, and y__ and y, are the limits of integration along the profile and along the coast,

respectively. X, is the value of the x—coordinate corresponding to the first point of the profile and x takes
values from X(to Xp,,c. Along the beach, y is the value of the y—coordinate corresponding to the

southernmost point of the beach, y - the northernmost point of the beach and ythe value corresponding

to the reference profile.

The Beach Face Eroded Area (FEA) measures the volume of sediment eroded from the beach face per
unit length of beach, both in the baseline and farm scenarios. This parameter is defined as a function of
the beach profile, with erosion occurring along the entire profile from the seaward end to the landward
end. The FEA provides a clear measurement of the farm's impact on the beach face and its potential to

reduce or increase erosion over time.

The Non—dimensional Erosion Reduction (NER) is a dimensionless indicator that expresses the
variation in eroded area as a fraction of the total eroded area in a specific beach profile. A positive NER
indicates a reduction in erosion, while a negative value suggests that the wave farm has exacerbated
erosion at that particular location. The NER provides a straightforward way to assess the farm's role in
mitigating or intensifying coastal erosion.

The Cumulative Eroded Area (CEA) represents the total volume of material eroded along a specific
section of the beach, taking into account both the northern and southern parts of the reference profiles.
By considering different reference profiles the CEA offers a holistic view of the erosion dynamics across
a broader spatial scale.

The methodologies and indicators outlined above align with ongoing coastal protection and monitoring
initiatives such as the CONSCIENCE [89] and EUROSION [90] projects, which aim to evaluate and
manage coastal erosion over medium— to long—term periods. These projects utilize a variety of impact
indicators to assess erosion dynamics and the effectiveness of coastal protection measures, including
wave energy farms. By integrating these well—established frameworks, the evaluation of wave farms
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provides valuable insights into their role in mitigating coastal erosion and supporting sustainable coastal

management practices.

The SWAN model combined with Kamphuis’ formulae is often employed to evaluate Hg and T}, to

assess the morphological impact of wave farms, as these influence sediment transport processes. They
play a vital role in understanding the energy dynamics at the shoreline, which is essential for predicting
the potential impacts of wave farms on beach morphology and sedimentation processes.

The evaluation of wave energy farms involves a robust set of indicators that address both the operational
performance of the farm and its environmental impact on coastal systems. By integrating these metrics
into the evaluation process, it is possible to develop a holistic understanding of the potential benefits
and challenges of wave energy farms. This comprehensive approach ensures that the development of
wave energy projects is not only economically viable but also environmentally sustainable, offering a
solid foundation for informed decision—making in the renewable energy sector. Through continued
research and refinement of these evaluation methodologies, wave energy can be positioned as a critical
component of sustainable energy solutions for the future.

2.3.Water Waves Theory

In nature, ocean waves are rarely exactly the same in their neighborhood or propagate in the same
direction. They are affected by a variety of factors, such as wind, currents, water depth, and bottom
bathymetry, which can cause the waves to vary in height, frequency, direction, and shape. In addition,
the interaction of waves with each other, known as wave—wave interactions, can cause waves to change
their characteristics, merge, or even break.

To account for these natural variations in the wave field, many wave models use a stochastic or
probabilistic approach, which involves simulating a range of possible wave conditions that are
statistically representative of the natural variability of the wave field. These models use statistical
distributions to represent the variation in wave height, period, and direction, and may also incorporate
random phase offsets and other sources of variability [91].

For example, SWAN, which is a widely used wave model, includes a number of options for representing
wave variability, including random phase offsets, directional spreading functions, and spectral shape
functions. These options allow the model to simulate a range of wave conditions that are consistent with
the natural variability of the wave field.

Similarly, OpenFOAM includes a range of options for simulating stochastic waves, including the use of
random phase offsets and amplitude modulation functions to represent the variability of the wave field.
These stochastic modeling techniques can help to improve the accuracy of the simulation and provide a
more realistic representation of the natural variability of the wave field.

The most applied theory to describe the characteristics of waves is the Airy linear wave theory. However,
for nonlinear effects, other theories like Stokes’ theory and Boussinesq equations are applied. Figure 11
illustrates the ranges of applicability of the various wave theories.
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Figure 11 — Ranges of applicability of the various wave theories [92].

2.3.1. Water wave governing equations

Ocean waters are Newtonian fluids, hence the equation of motion of a fluid particle is obtained based
on Newton's second law of conservation of momentum. The Navier—Stokes equations mathematically
express conservation of momentum and conservation of mass for Newtonian fluids. The balance

equation could be inferred by the diagram shown in Figure 12.

L= (uux+

dui,

A.\') AyAz

Figure 12 — Three-dimensional control volume to characterize the transport of a property u by the water
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In cartesian coordinates (x,y,z), consider a control volume of a fluid that carries through it some
arbitrary, conservative attribute u (density). The balancing equation for ¢ per unit volume, per unit time
is obtained by:

on Odpuy, auuy+apuz_s (11)
ot ox ay 0z

Considering that water is an incompressible fluid with constant mass density (p =~ 1025 kg/m3for sea
water), it is possible to infer that there is no mass production (water production) or loss inside the control

volume, which gives the continuity equation:

du, du, du,

V.
" ax ay 0z

0 (12)
The balance of momentum is reached by considering the pressure gradient in the water and the balance
equation for 4 = pu. The momentum balance equations, or the Euler equations, can be derived from the
resulting forces, F , on a water particle,

ﬁ 1
F=pr=—p"P+E (13)

Due to the large size of the structures and the intensity of the motion of the water particles, viscous
effects of the fluid are considered insignificant in the majority of the medium in wave motion research
and many technical applications. This, together with the assumption of irrotational flow, can help to
ease the challenge of establishing a wave theory by allowing the inclusion of velocity potentials in the
basic differential equations, reducing the number of fluid unknowns while raising the order of the
equations (potential flow problem) [18]. In essence, this converts the continuity equation to a Laplacian
(linear equation) of the velocity potential, which must be solved when linear and nonlinear boundary
conditions are introduced. Therefore, when wave kinematics can be characterized by a velocity potential
¢, the continuity equation is defined as:
a?¢ 0% 0%¢

24 — —
Ve = ox? +6y2 * oz =0 (14)

The NSEs are integrated in a set of three nonlinear partial differential Equations using the Euler
technique for incompressible fluid in Cartesian coordinates, with the components of velocity u (x, y, z)
and pressure p. The density p can be treated as a known constant since the fluid is presumed to be
incompressible. The fluid's kinematic viscosity is denoted by v. The system of equations corresponds to
the NSEs and is provided for the scenario where the external or body force is just gravity,

ou, du, du, ou, 1dp *u, 0*u, 4*u,
Y = + gx

at T %ax "Wy T e T pax Va2 Tayz T a2 (15)
ou, du, du, du, 1dp 0*u, 0*u, 0%u,
ot +u, ox t+u, 3y + u, 9z —;a +v. 922 + ay? + 922 +9y (16)
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ou, du, du, du, 1dp (82 u, 0*u, > uz> N
= . 9:

Bt Mgy Ty T WG, T T e axz "3y | oz (7)
in a vectorial form,
E+u.|7u= 7+Vv u+g (18)

The Euler equations may be rearranged to yield the generalized Bernoulli equation, which is an integral
form of the equations of motion, in the situation of irrotational flow (V x % = 0).

gz+§+;((2—f)2 n (Z—Z‘”)) +22 e (19)

Wave theories can be split into two broad types, Linear and Nonlinear, depending on how nonlinear
boundary conditions are treated. Within each category, there are a number of wave theories that may be
used to predict wave motion under various sea circumstances. According to the usage made of the wave
theories in this research, the following sections present a brief description of linear and nonlinear wave
theories.

2.3.2. Linear wave theory

The linear, or small amplitude, theory of surface gravity waves has been the basic theory for ocean
waves since Airy proposed it in 1847. It is presented in many books, usually with a scientific or
engineering approach against the background of mathematics, physics, oceanography, ocean
engineering, or coastal engineering [92].

Water waves in real conditions propagate in a viscous fluid over an irregular bottom of varying
permeability. However, in the majority of the situations, the main body of the fluid motion is almost
irrotational. This effect is provided by the fact that the viscous effects are typically restricted to thin
“boundary” layers near the surface and the bottom. In addition, because the water could be considered
reasonably incompressible, velocity potential and a stream function would exist for waves. To develop
the theory and simplify the mathematical analysis, several other assumptions must be made [91].

First, the fluid is assumed to be homogeneous and incompressible, which implies that the density (p)
remains constant throughout. Additionally, surface tension effects are considered negligible, as is the
Coriolis effect arising from the Earth's rotation. The pressure at the free surface is presumed to be
uniform and constant. Furthermore, the fluid is treated as ideal or inviscid, meaning that it lacks

viscosity.

The theory also assumes that the wave under consideration does not interact with other water motions.
The flow is regarded as irrotational, signifying that water particles do not rotate; only normal forces are
significant, while shearing forces are negligible. The bed is modeled as a horizontal, fixed, and
impermeable boundary, implying that the vertical velocity at the bed is zero. The wave amplitude is
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assumed to be small, with the waveform remaining invariant in both time and space. Lastly, the waves
are considered to be plane or long-crested, corresponding to a two-dimensional representation.

The assumption of irrotationality is particularly noteworthy, as it permits the use of a mathematical
construct known as the velocity potential (¢). The velocity potential is a scalar function whose gradient,
the rate of change of ¢ with respect to the horizontal and vertical directions, yields the velocity vector
at any point in the fluid. This theory is fundamental for understanding higher order-theories and for the

analysis of irregular waves.

The linearization is reached by assuming that the wave height is too small compared to the wavelength,
small wave steepness, and the water depth is taken as constant with a flat bottom. The theory is built on
only two equations: a mass balance equation and a momentum balance equation. The water free surface
elevation of one wave component is sinusoidal, and can be expressed as a function of the horizontal
position, x, and time, Z, by:

2ntx  2mt

H
n(x,t) = acos(kx — wt) = - €os (T - T) = acos6 (20)

where “a” is the wave amplitude, “k” the angular wavenumber and “w” the angular frequency.

By integrating the velocity of the water particle in time it is possible to calculate its path. The underwater
particle follows an orbital path, which can be observed by fixing the point of interest to the crest and
following its movement. In different water depths this orbital path changes shapes. Like Figure 13
illustrates, the orbital shape becomes more elongated as the wave moves to shallower waters, because
of the seabed influence.

It turns out that the boundary conditions can be linearized and 7 can be eliminated from the mass balance
and momentum balance equations. The linearization of the boundary conditions is described in the
following section.

deep water intermediate depth very shallow water
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Figure 13 — The orbital motion in deep water, intermediate—depth water and very shallow water [92].
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2.3.2.1. Linearization boundary conditions for flat horizontal bottom

For the theory to be linear, certain aspects of wave kinematics (motion) and wave dynamics (forces)
need to be neglected. For this, it is enough that the amplitude of the waves is small relative to the
wavelength and to the water depth. Figure 14 presents a scheme of the linear theory mathematical
problem.

kinematic: dynamic;

3_0 4 .(?i’. - water surface z = 1) Ly +en=0; 20
&k o ol
g ' )
X
T T T T T 3 P
l |
I |
| from mass balance: from momentum balance: |
I a.‘ ): ‘, |
| Laplace —¢ - Q + ﬂ =0 Bernoulli -(22 ks 4 +gz=0) |
| 'yt o p |
I o
| bottom z==h |
X 0 J X= L
kinematic: a—¢ =0; z=-h

0z

Figure 14 — The linearized basic equations and boundary conditions for the linear wave theory, adapted
from [92].

Kinematic free surface boundary conditions:

Considering the premise of the theory, the small amplitude (% « 1), it can be inferred that the slope of

the water free surface will be close to zero, i.e., z = 0, given,

dep O0n
9z o wz=0 (21)

Dynamic free surface boundary condition:

Because of small amplitude, velocity and pressure are also supposed to be small. Therefore, the products
of these variables should result in extremely small values, which can be neglected in the linearization.
The Bernoulli equation can be written, for z = 0, as:

¢
gn+W=0 atz= 0 (22)
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2.3.2.2. Wave energy and Energy Transportation

Wave energy is the combination of kinetic energy, due to the movement of the fluid particles, and
potential energy, due to the displacement of the fluid from its horizontal equilibrium position. The
propagation of waves is intrinsically linked to the direction of energy propagation. In essence, the wave
propagation direction is determined by the direction in which the energy is being transmitted through

the medium.

i.  Potential Energy

The displacement of a mass of water from its equilibrium position against a gravitational field generates
potential energy in water waves. All potential energy comes from gravitational forces since the fluid is
considered to be incompressible, and surface tension is ignored,

n 0 n
E,(6) = J pgzdz—J pgzdz :J pgzdz (23)
-h -h 0
1 2 1 2
E,(6) =5PgN" = ;pga (24)
1 2
Ep=1gP9H (25)

where E,(6) is the potential energy of a fluid element at a phase angle 6, p the density of the fluid, g
the acceleration due to gravity, z the height above a reference level (usually the still water level), h is
the water depth at the location and 7 the displacement of the water free surface above the still water
level. The mean potential energy of the wave is obtained by time—averaging the potential energy over
one wave period or length—averaging over one wavelength.

The term H /2 represents the amplitude of the wave measured from the mean water level to the wave
crest, and the factor of 1/4 in the equation accounts for the fact that the wave amplitude is measured
from the mean water level to the wave crest, while the potential energy is measured from the mean water
level to the center of gravity of the fluid element.

ii.  Kinetic Energy

In an ideal fluid, there is no turbulent kinetic energy, as turbulence is a property of viscous fluids. The
flow is assumed to be frictionless and non—viscous, so there is no mechanism for the production and
dissipation of turbulent kinetic energy.

When considering waves in an ideal fluid, the fluid particles move in a regular and predictable manner,
and the wave motion can be described using linear wave theory. In this case, the particle velocities
induced by the wave can be calculated using the wave height, wavelength, and wave period, and the

flow is assumed to be laminar and non—turbulent.

The term "E}," typically stands for turbulent kinetic energy. However, it is still possible to calculate the
instantaneous kinetic energy per unit volume of the fluid due to the wave motion, which is related to the
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wave velocity and the density of the fluid. Time (period) or space (length) averaging gives the mean
value of the kinetic energy. The time—averaged in the entire column, is then, per unit surface area,

n

E.(0) = f %p(ux2 + uz?)dz (26)

-h
1 2
Ei = 7-PgH (27)

The magnitude of kinetic and potential energy been the same is typical of conservative (nondissipative)
systems in general [91]. The sum of the potential and kinetic energy is the overall average energy per

unit surface area of the wave. The total average energy per unit surface area is denoted by the letter E.
1 2
E = Ep+Ek=§ng (28)

Energy transport in water waves is directly tied to wave energy flux, which quantifies the rate at which
wave energy propagates in the direction of wave advance. Wave energy flux is defined as the energy
transmitted through a vertical plane perpendicular to the wave direction, spanning the entire water depth.
In linear wave theory, the average energy flux per unit wave crest width is mathematically expressed as:

t+T 1

1
szf fpdudzdt (29)

t -h
where T represents the wave period, p; the dynamic pressure (pg = p + pgz), u the horizontal
velocity, dz the vertical coordinate, and dt temporal averaging over a wave cycle. The integration is
performed over the vertical domain from the seabed (—h) to the free surface (1) and across one complete
wave period (ttot + T).

Upon integration, this expression simplifies to:
P= EnC= EC, (30)

Here, P is referred to as wave energy flux, or wave power per unit length of wave front (Wm™1), E is
the wave energy density, C is the wave phase velocity, and C, is the group velocity. The variable n,

which is dimensionless, is defined as the ratio of group velocity to phase velocity (C;/C), as described
in prior formulations. This parameter n adjusts for the distribution of energy between wave components,
depending on the wave type and water depth.

The concept of wave energy flux is pivotal in understanding the transport of energy in ocean waves. In
practical applications, it forms the foundation for estimating the potential of wave energy as a renewable
resource. The wave energy flux quantifies how much energy can be harnessed per unit width of wave
crest and is a key metric in the design and optimization of WECs. For deep-water waves the group
velocity can be approximated as half the phase velocity (Cy = %C ), and the parameter n to 0.5. In

shallow-water conditions the group velocity and phase velocity converge (C; = C), leadington ~ 1.
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The group velocity C,; depends on the wave dispersion relation and can be written in terms of the wave

phase velocity C as:

T T
g_:g_ (31)

c
2t 4w

:nC:

N

g

Substituting equations 28 and 31 in equation 30, it is possible to rewrite the wave energy flux function
of the wave height (H) and period (T) as:

_ pg*H?T
P= ECg = W (32)

2.4.Numerical Modeling of wave propagation

Free surface flow simulation is a subject of great interest for coastal and maritime researchers, not only
because of its complexity, but also due to its importance to marine structures design and optimization.
When the focus is on the numerical modeling of a physical event, different approaches have been used
to simulate the propagation of nonlinear waves and the fluid—structure interaction. It is common to divide

such models into three major classes: Boussinesq, potential flow, and Navier—Stokes models.

To accurately model the extremely complex behavior of free surface flows along with maritime and
coastal structures, where viscous forces have higher relevance, models based on the Navier—Stokes
equations (NSEM) are needed to consider the viscous effects of boundary layer separation, turbulence,

wave breaking, and overtopping [93].

The computational fluid dynamics (CFD) models require a significant computational processing
capacity, which has become feasible with the advancements in modern computational power. This
progress has enabled the efficient solution of the Navier—Stokes equations (NSEs), in conjunction with
the continuity equations, for fluid—structure scenarios. Consequently, CFD simulations can now be
employed to accurately analyze and understand fluid—structure interactions within reasonable

timeframes.

Wave prediction requires a combination of environmental data, such as local wind—generated sea and
swell, spatially and temporally varying winds, and irregular bathymetry and coastlines. Numerical
models will attempt to mimic the physical processes that occur in nature, and predict waves as
realistically as possible.

A comprehensive model that integrates the complete knowledge of wind—wave physics and could be
appropriate in all situations is, still nowadays, computationally expensive. Instead, several models have
been proposed for applications that consider particular circumstances.

The selection of the most suitable model for each situation demands an understanding of the target
domain and the relative importance of the different physical processes involved. The main four areas of
interest for wave prediction are:

e Deep Oceans — the area where bottom effects could be neglected,;
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e Shelf Seas — transition area from deep oceans to shoaling zone;
* Shoaling Zone — area sensitive to the shoaling effects;

e Artificial Structures — areas where there is an interaction between waves and any artificial

structure (e.g., breakwater, oil platform, island, reef).

Table 1 presents the relevance of each physical process to them [94]:

Table 1 — Relative importance of the physical mechanisms in different domains. The color scale
represents the importance: negligible (white), minor importance (light blue), significant (blue), and
dominant (dark blue). Adapted from [94].

Artificial
Structures

Depth refr./shoaling _

Current refraction

Physical Process Shoaling zone Deep Water Shelf Seas

Quad. Interactions
Triad Interactions
Atmospheric Input

White—capping

Depth Breaking

Bottom Friction

This difference in the importance of physical mechanisms in different domains leads to distinctive
approaches to simulate water wave propagation. Usually, two major categories of models can be
identified [95]:

(1) Deterministic (phase—resolving) models are usually derived from the Euler equation for potential
flows (Laplace equation + boundary conditions) under the hypothesis of weak nonlinearity and in the
limit of shallow water. The amplitudes and phases of each individual wave component are resolved in
these models, which aim to simulate the time—varying water surface [95];

(il) Stochastic (phase—averaged) models are derived from deterministic equations by applying a
turbulence—like closure hypothesis to the infinite set of coupled equations governing the evolution of
the spectral moments. For any given deterministic wave equation, with a suitable closure hypothesis, a
stochastic model can be developed. Since the closure approximation invariably introduces errors, the

underlying deterministic model is, in principle, more accurate than its stochastic counterpart [95].
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As waves approach the shore, effects such as bottom friction and depth—induced wave breaking must be
considered [95]. However, ocean waves are generally not modeled in all their detail as they propagate
across the ocean, into shelf seas, and finally into coastal waters.

Except for simulations of small scales, such as a detailed survey on the reliability of a structure or local
hydrodynamic of beaches, great detailing is generally not required since it leads to prohibitive
computational requirements. So, some models use the statistical characteristics of waves, represented
by the wave spectrum, which can be determined either from observations or with computer simulations

based on wind, tides, and seabed topography [92].

2.4.1. Phase-resolving Models

The phase-resolving models attempt to represent the time—varying water free surface, resolving both
the amplitudes and phases of the individual wave components. Phase—resolving models have generally
been used for the propagation of waves in nearshore regions where there are relatively rapid changes in
water depth and shoreline [96,97].

Phase-resolving models could be categorized according to the values of the nonlinearity parameters (ak
or a/h), the relative water depth (kh), or the bottom slope (Ab). Where “a” is the wave amplitude, “k”
is the wave number, and “h” is the water depth [94].

Models that do not rely on simplifying assumptions about the magnitude of the aforementioned
parameters in their formulation are referred to as "exact" models. However, it is important to note that
these models do not yield exact solutions, as their implementation requires numerical methods. This
class of models is typically solved using boundary integral methods [94,98], also referred to as boundary
element methods, BEM.

For conditions with a small bottom slope (a << kh) and with waves weakly nonlinear (ak << 1), it
is possible to expand the velocity potential as a Taylor series, leading to the mild—slope equation models
[94].

When both the relative depth parameter and the bottom slope are small (kh << 1,Ab << 1),
combined with a weak nonlinearity (a/h << 1), Boussinesq equation models result. If a no-reflection
situation with waves only propagation forward is assumed, the Boussinesq equations can be reduced to
the Korteweg—de Vries equations [94].

The fluid can be depth—averaged or multi—layered. These models can be used for simulating wave
transformation in the surf and swash zones, complex changes in rapidly varied flows (wave breaking
and coastal flooding), density—driven flows in coastal seas, estuaries, lakes, and rivers, and large—scale
oceanic circulation [99].

In general, there are two sets of equations that belong to this class of depth—integrated, wave—resolving
models: nonlinear shallow water equations — NSWEs [100,101]; and the numerous equations of
Boussinesq type, all of which stem from the work of Peregrine [39].
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NSWE modeling approaches present good response where nonlinearity predominates, with good
performance from the surf zone shoreward, modeling breaking wave, run—up, in a depth—integrated form
[102], and the moving shoreline. However, the absence of frequency dispersion leads to an incorrect

propagation of ocean waves in deeper waters, causing an abnormal wave breaking [99].

2.4.2. Phase-averaging Models

Phase—averaging models predict average or integral properties of the wave field, considering the
evolution of the directional wave spectrum. There is no attempt made to predict the phases of the spectral

components, instead, it assumes a Gaussian random wave model [94].

Some of the simplest properties calculated are the significant wave height or peak wave period.
Nevertheless, these models can predict the spatial and temporal development of the directional spectrum.

An important aspect to understand phase—averaging models is the source term, which represents all
physical processes that transfer energy to, from, or within the spectrum. This term is composed by the
summation of independent processes like atmospheric input from wind (Si,), nonlinear interactions
between spectral components (Sa), dissipation due to “white—capping” (Sas), dissipation due to
interaction with the bottom (Sy), among others. Thus, the source term represents all effects of generation,

wave—wave interactions, and dissipation.

Those four parameters are the major ones to describe the source term for wind—generated waves.
Nonetheless, in deep waters, usually aiming simplicity, the source term could be reduced to include just
three, removing the bottom dissipation (St = Sin + Sni + Sds).

The review of phase—averaging models, along with the examples of their implementation, is discussed
in detail in following sections. These sections provide a comprehensive overview of the specific models
employed in various research studies. Furthermore, the limitations associated with these models are also
examined, shedding light on the constraints and considerations that need to be taken into account when

applying such approaches.

2.4.2.1. Spectral modelling of waves in deep waters

In deep water environments, where seabed influence on wave motion is negligible, wave characteristics
are primarily shaped by wind speed, fetch, and the duration of sustained wind [92]. Spectral wave
models, such as JONSWAP [103] and Pierson—Moskowitz [104], effectively describe wave spectra
under idealized conditions. However, real-world complexities necessitate a spectral energy balance
approach that is able of considering the wave generation process, propagation, nonlinear interactions,
and energy dissipation [105]. Eulerian methods are preferred for computational efficiency due to wave
interactions [106].

Oceanic environments can be described using a deep-water condition, where seabed influence on wave
motion is negligible. Typically found along straight or gently curving coastlines without significant
currents or obstacles, these environments allow for simplified wave modeling [92]. Under such ideal
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conditions, wave characteristics, including significant wave height, period, and spectral distribution, are
primarily determined by wind forcing, fetch, and duration. Spectral models like JONSWAP and
Pierson—Moskowitz accurately represent wave spectra for young and fully developed seas, respectively,

with directional spreading typically around 30°.

However, real-world oceanic conditions often deviate significantly from these idealized scenarios,
necessitating more sophisticated modeling approaches. The concepts of fetch and duration become
inadequate in complex oceanic environments. Consequently, the spectral energy balance equation
emerges as a fundamental tool for describing the temporal evolution of wave spectra. This equation
accounts for various physical processes, including wave propagation, generation through wind input,

nonlinear wave—wave interactions, and energy dissipation due to wave breaking [105].

The formulation of this energy balance can be approached through two primary methodologies: the
Lagrangian method, based on the tracking of wave rays, and the Eulerian method, which utilizes a fixed
grid on the ocean surface. Given the inherent complexity arising from the interactions among numerous
wave components, the Eulerian approach generally proves more suitable for computational purposes
[106].

Wave generation in deep water is primarily attributed to atmospheric pressure fluctuations induced by
wave—induced airflow, rather than direct wind stress [107]. Energy dissipation predominantly occurs
through wave breaking, commonly referred to as whitecapping. Nonlinear quadruplet wave—wave
interactions play a crucial role in redistributing energy within the wave spectrum without altering its
total energy content [108].

These interactions contribute to a downshift in peak frequency and stabilize the spectral shape,
reinforcing the characteristic JONSWAP spectrum for wind—sea conditions. As waves propagate away
from their generation area, they evolve into swell, characterized by a narrower frequency and directional
spectrum, reflecting the imprint of the generating storm rather than the local wind conditions [94].

To accurately model wave spectra in deep water, it is essential to employ short—term statistical
descriptions. Time series of sea surface elevation, typically ranging from 15 to 30 minutes, provide the
necessary data for characterizing wave conditions through parameters such as significant wave height
and period [109].

A more comprehensive statistical representation is achieved through the random—phase/amplitude
model, which treats the sea surface as a superposition of numerous independent harmonic waves. This
model leads to the concept of the variance density spectrum, offering a detailed description of how the
wave energy is distributed across different frequencies and directions [109]. For stationary and Gaussian
sea surfaces, the variance density spectrum provides a complete statistical characterization of the wave
field.

Third—generation phase—averaged spectral wave models, such as WAM [110] and WAVEWATCH III
[111], are widely used for large—scale wave forecasting [109]. These models assume weak forcing and
quasi—linear wave evolution, governed by the energy balance equation. The quasi—Gaussian, quasi—
homogeneous, and quasi—stationary nature of wave fields allows for efficient and accurate large—scale
predictions [105].

39



Multi-Objective Optimization Framework For Wave Energy Farms
Combining Machine Learning, Genetic Algorithms And Numerical Modeling

While WAM and WWIII excel in deep waters, models like SWAN are better suited for coastal regions
[112]. Nested modeling systems can combine these models to cover various spatial scales.

Wave energy assessments worldwide have highlighted the potential of this resource using WAN, WWIII
and/or SWAN. Studies in the United States, Chile, China, Europe, and various other regions have
reported significant wave power levels [67]. For Portugal, studies analyzed wave power under various
sea states along the northern and central coasts. These studies identified maximum wave power values
ranging from 30 kW/m to 600 kW/m, depending on the sea state [113]. A comprehensive 3—year
simulation along the Iberian Peninsula's north and west coasts showed significant seasonal variations,
peaking at 90 kW/m during winter, and 10 kW/m in summer time [114]. These findings emphasize the

importance of accurate wave modeling for assessing and exploiting wave energy resources.

Summarizing, phase—averaged spectral wave models simulate large—scale ocean wave evolution by
solving the energy balance equation with a computational grid with resolutions that can reach hundreds
of kilometers. These models track the distribution of wave energy across frequencies and directions,
capturing essential wave dynamics while averaging out rapid phase fluctuations. By incorporating
physical processes like wind input, wave—wave interactions, and dissipation, these models predict key

wave parameters and inform various oceanographic applications.

2.4.2.2. Spectral modelling of waves in shallow waters

Coastal waters are defined as bodies of water that are close to the coast, shallow enough to affect waves,
and may include (small) islands, headlands, reefs, tidal flats, estuaries, harbors, or other features. They
also have ambient currents that are influenced by tides, storm surges, or river discharge, and their water
levels vary over time. Under certain idealized conditions, such as a constant wind blowing
perpendicularly off a long and straight coastline, over shallow water with constant depth, the significant
wave height is determined by the wind speed, fetch, wind duration, and depth. These factors also

influence the significant wave period and the energy density spectrum.

Under these idealized conditions, the spectrum has a universal shape known as the TMA spectrum [115],
which is a generalization of the JONSWAP spectrum. The directional width of this TMA spectrum
remains consistent with that in deep water [92]. In more realistic, arbitrary coastal-water conditions, the
spectral energy balance of the waves is used to compute wave conditions. This shallow—water version
of the energy balance is conceptually a straightforward extension of the energy balance in oceanic
waters, with the wave spectrum based on the wave—wave interactions, generation, dissipation and
propagation of spectral components individually.

As in oceanic waters, computations using the spectral energy balance should employ a Eulerian
representation based on a computational grid projected onto the coastal region. Ambient currents are
accounted for by replacing the energy density with the action density (i.e., the energy density divided
by the relative frequency) in the energy—balance equation and applying other relatively simple
conceptual measures. Refraction is included in the energy or action balance equation through an
additional transport term, while diffraction is only experimentally formulated in the energy balance

equation.
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As the water depth decreases, the processes of wave generation by wind, quadruplet wave—wave
interactions, and dissipation by white—capping intensify, joined by bottom dissipation. In very shallow
water, just outside and within the surf zone, triad wave—wave interactions and depth—induced breaking
become significant, dominating wave evolution in the surf zone. The combination of triad wave—wave
interactions and depth—induced wave breaking tends to stabilize the spectrum into the universal TMA
shape. However, in fully developed, shallow—water conditions near the outer edge of the surf zone, triad

interactions may create an additional (secondary) high—frequency peak in the spectrum.

The success of the phase—averaged approach in the open ocean [116] has inspired its application to
large—scale coastal water domains. Consequently, phase—averaged models like SWAN [112] and
TOMAWAC [117] were developed and are now commonly used for coastal applications [118]. These
models solve a single energy balance equation, originally developed for global wave forecasting, with
some modifications to account for finite depth effects [119] and important shallow water processes, such
as near—resonant triad interactions [ 120] and depth—induced breaking [121]. These adjustments are made

using designated source/sink terms.

These modifications are based on the assumption that coastal wave fields can be considered quasi—
Gaussian, quasi—homogeneous, and quasi—stationary random processes [92]. However, as waves in
shallower waters, waves develop faster as the mean forcing becomes stronger. Additionally, the
dispersion effect weakens in shallower waters. This diminishes the validity of the statistical properties
(i.e., weakly forced and strongly dispersed wave fields) that underpin the energy balance equation in
coastal phase—averaged models. This raises questions about the adequacy of these models in providing
a complete statistical description of coastal wave fields.

Two key assumptions become particularly questionable in coastal waters. The first is quasi—
homogeneity, which, to the leading order, ignores possible coherent structures induced by simple linear
interference effects. These effects are frequently observed in coastal seas, where bathymetry and
smaller—scale ambient current patterns cause wave fields to change rapidly [122]. The second
questionable assumption is quasi—Gaussianity. In shallow coastal waters, wave triads are nearly
resonant, leading to strong correlations over relatively small scales. The weakening of the dispersion
effect, which typically promotes Gaussian statistics, further challenges the assumption of Gaussianity.
In other words, shallow water coastal waves are non—Gaussian [123].

Phase—averaged models for shallow water nonlinearity are based on a quadratic model and a statistical
truncation assumption. The quadratic model allows for the formulation of the evolution equations for
the statistical moments of a wave field. The quadratic term generates a hierarchical dependency between
the moments, leading to an infinite set of equations, which requires a truncation assumption, thus
expressing the famous closure problem of turbulence theory [124]. The common truncation strategy is
the fourth—cumulant discard, resulting in a coupled set of two equations for the second—order spectrum
and third—order bispectrum [125,126].

However, as nonlinearity intensifies, the fourth—cumulant neglection leads to over—predicted bispectral
values [127,128]. This observation has motivated the development of heuristic closure strategies to limit
significant deviations from Gaussian statistics [127—129]. These solutions emphasize the challenges
posed by the closure problem and the need for further research and development. Furthermore, the
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numerical solution of the coupling between the spectrum and bispectrum over large scales is
computationally demanding, prompting further simplifications for practical use [120,130-132].

The formulation of the quadratic model neglects higher—order nonlinear terms, which can lead to a lack
of reliability of this approach, particularly in areas with high nonlinearity such as shallow waters.
Despite this, efforts have focused on improving the linear properties of models [126,133-139], and
improving linear characteristics, such as dispersion and shoaling. However, there is uncertainty
regarding the prediction of nonlinear evolution because of the truncation error associated with the
changes in the quadratic coefficients.

The Whitham equation [140] is an example of how refining the linear dispersion relation can
significantly influence nonlinear model behavior. As a generalized Korteweg—de Vries (KdV) equation
[141], the Whitham equation incorporates a more complete representation of the linear dispersion
relation. While this improvement is aimed to yield a more accurate representation of wave field
evolution, particularly for shorter wave components, it can strongly alter the characteristics of
modulational instability [142,143]. This shift can lead to instability in shallower water depths higher
than predicted by the KdV equation.

Consequently, the Whitham equation, unlike the modulationally stable KdV equation, exhibits
modulational instability. This instability can result in erroneous predictions of narrowband field
recurrence in shallow waters, potentially leading to incorrect energy transfers and inaccurate evolution
of peak frequency components. Furthermore, these errors can also impact the development of
infragravity components due to improper modulations of the wave field.

The dynamics of waves in coastal waters are complex and influenced by factors such as shoaling,
refraction, and breaking. These phenomena arise from nonlinear wave—wave interactions and the
interaction of waves with varying bottom topography and currents. Accurate wave prediction is crucial
for coastal communities, engineers, and municipalities, as it informs decisions related to nearshore

circulation, sediment transport, shipping operations, coastal safety, and erosion prevention.

Traditional deterministic wave prediction models often employ dimensional reduction techniques like
the Boussinesq or mild—slope approach. However, these approaches can limit the accuracy of wave
propagation simulations, especially for waves with a wide spectral width or in regions with complex
bathymetry. To address these limitations, non—local formulations based on the Dirichlet-to—Neumann
(DtN) operator have been developed. The DtN operator allows for a fully dispersive representation of
wave propagation, preserving the accuracy of the linear dispersion relation.

While the DtN approach has been successfully applied to wave propagation in deep water and over
constant depth, its extension to varying bathymetry presents challenges. Existing formulations often
assume small bottom perturbations, which may not be accurate in coastal areas with mild slopes and
significant bottom amplitudes. Consequently, these formulations may struggle to accurately predict
wave field parameters, particularly as waves transition from deep to shallow water.

While phase—averaged spectral models have been designed to include basic shallow water effects, they
tend to focus on deep and intermediate depth waves. Several limitations are associated with using phase—
averaged models in coastal domains: (1) they are based on an energy balance equation for weakly
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nonlinear waves; (2) they rely on linear wave theory to relate the wave field to the bathymetry and
ambient current patterns; (3) they assume that nonlinear interactions are weak, and energy is primarily
exchanged through resonant four—wave interactions; and (4) they employ simple parameterizations for

shallow water processes such as wave breaking, bottom friction, and wave—wave interactions.

In practice, these limitations mean that phase—averaged models may not accurately predict the details of
wave transformation in shallow waters, especially for complex coastal environments where strong
nonlinear interactions and wave—breaking processes dominate. To address these challenges, alternative
approaches, such as phase-resolving models, directly solve the nonlinear governing equations of wave
motion, including higher—order interactions. These models can provide more accurate predictions of
wave evolution in coastal regions but are computationally demanding and may not be suitable for large—
scale applications.

Overall, the accuracy and reliability of wave models in coastal waters depend on the balance between
the complexity of the physical processes included and the computational resources available. Advances
in numerical techniques, computational power, and the understanding of coastal wave dynamics

continue to drive the development of more accurate and efficient wave models for coastal applications.

2.4.3. Modeling the WEC park effect

Phase—averaged and phase-resolving models should not be directly compared, since they are

complementary tools. However, their application domains could be the same in specific areas [94].

The phase—resolving approach applies hydrodynamic laws to calculate the movement of the water free
surface, the velocity of water particles, and the wave—induced pressure in the water with great precision
at any time and space in the domain. Thus, the description and modeling of waves are fully deterministic,
being possible to compute every change in the evolution of the waves, like waves’ breaking in the surf
zone or on a breakwater [92].

However, for larger scale domains, the phase—resolving models are not commonly applied [144], mostly
because of the overwhelming calculation requirements and the lower capability to obtain feasible
detailed wind data for this scale. On the other hand, in practice, this level of detail is not required [92].

Ocean waves’ description at a large spatial domain could ignore this level of detail aiming at
characteristics that are relevant and predictable. This could be achieved by applying specific averages
of the waves in space and time, i.e., applying the phase—averaging approach, in which statistical
properties are defined and modeled. However, to achieve feasible results with the averaging data, the
wave situation must be homogeneous and stationary in the space and time interval considered. For waves
not extremely steep in not shallow waters, the physically and statistically most significant phase—
averaged characteristic is the wave spectrum [92].

In summary, if the wave properties vary rapidly, on an order of a few wavelengths, then it will be
required the application of a phase—resolving model. On the other hand, if the wave properties vary
slowly, on a scale of several wavelengths, then phase—averaging models would be adopted [94].
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The effect of WEC farms could be divided into two classes regarding the distance from the devices: the
near field and the far field effects. In terms of computer processing capacity, the simulations can be
divided into two categories. One that fully couples the WEC motion and wave kinematics, but relies on
extensive simplifications on what concerns the environment (e.g., wave conditions and bathymetry) and
device geometry. And the other with less accuracy on wave—structure interaction (WSI), but that can
better simulate several devices in real conditions, such as realistic irregular wave, over long periods and

large domains.

Near field effects are commonly simulated by BEM models, such as, WAMIT [145] and NEMOH [146].
The use of CFD models, resolving the NSEs, or Smoothed Particle Hydrodynamics (SPH) methods, for
modeling the fluid—structure interaction is growing with the advances in the computer processing
capacity [147—149]. BEM models require a flat bottom, while CFD solvers rapidly increase the
computational time with irregular bathymetry. Hence, these models are framed in the first category and

it is not feasible to use them for far field effects.

The employment of wave propagation models takes place in far field effects simulations. Several studies
have compared the environmental impacts of WECs in different wave scenarios. It is suggested that the
energy extraction capabilities of a specific device can be incorporated into nearshore wave propagation
modeling software using semi—empirical models that represent the natural generation, dissipation, and
transmission of energy. These models can be used to predict the impact of the WEC on the wave energy

resource and nearshore wave behavior.

Phase—averaging models are a computationally efficient option for modeling wave properties and
nearshore wave—induced current fields, but they rely on parametrizations to represent the WEC and
other relevant wave characteristics. Typically, the device is represented as a porous structure [150] that
work as either a source or a sink term [32], extracting a specific amount of wave energy. Spectral wave
propagation models, such as the MIKE 21 SW [151] and the TOMAWAC [152], have been applied,
however the most common and broadly used is the SWAN [9-12,18,23,31,56-62,66,83—-87,153—163]
and its modified version the SNL-SWAN [32,164], introduced by Smith [13].

In order to accurately simulate currents and sediment transport, phase—averaging models are often
coupled with other models, such as ROMS for circulation and XBeach for sediment transport. Another
viable option is the utilization of the Delft3D application, which integrates multiple models within a
user—friendly graphical user interface (GUI). This comprehensive software tool enables the coupling of
a wave model (SWAN) with current flows and morphological changes, facilitating a more
comprehensive analysis of coastal processes.

The porous layer method in SWAN was pioneered by Millar et al. [31], which represented the WEC's
impact on wave conditions with generalized transmission coefficients. However, this method ignores
intrinsic information, such as the WEC viscous power losses, and treats the devices as barriers with an
idealized reflection and transmission coefficient.

Carbalo and Iglesias [87] applied in SWAN the transmission coefficient (ki) of WAVECAT device
measured in wave tank tests at the Hydraulics Laboratory of FEUP. Abanades ef al. [9-11,18] applied
this ki to assess the impact of wave farms on coastal morphodynamics and have found that wave farms
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decrease erosion but also decrease beach accretion. While Astariz et al. [23,56-62,66,83—86] applied
similar techniques to study the influence of WEC arrays on co—located wind—wave offshore energy
parks.

The SNL-SWAN refers to the improvements that the Sandia National Lab made to the code of SWAN,
including new types of obstacles that calculate the k; based on the WEC power matrix or the Relative
Capture Width curve [34-36] and allow frequency—dependent wave energy transmission through the
obstacle. Luczko et al. [32] improved the model fidelity and accuracy including viscous drag and

moorings into k; calculation.

The use of phase-resolving models to simulate the coastal impacts of wave farms is rising. Those
application used models like REFDIF [16], Boussinesq Wave [165,166], Mild—slope (Mildwave) [167—
170] and non—hydrostatic wave—flow models (SWASH) [171-173]. These models can more accurately
depict wave transformation processes, such as shoaling, refraction, diffraction, and nonlinear wave—
wave interactions, by resolving individual waves and solving mass and momentum balance equations.
Additionally, by including phase information and capturing dynamic wave—WEC interactions, wave—
resolving models can produce more accurate downstream predictions of the influence of individual or
groups of WECs. Rijnsdorp ef al. [172] demonstrated the capabilities of SWASH in simulating wave—
WEC interactions under linear and nonlinear wave conditions.

Nearshore shallow waters have highly nonlinear hydrodynamic processes, and SWASH has been
successfully used and validated there [174—177]. These findings show how SWASH could be used to
validate phase—averaged models. David et al. [173] compared the coastal impacts of a WEC farm using
both a coupled wave—averaged flow model (Delft3D-SNL-SWAN) and a non-hydrostatic wave—
resolving model (SWASH). The simulations showed that both models predicted similar impacts,
including reduced wave heights near shore and the generation of converging nearshore currents.
However, significant differences were observed between the models in the wave farm region, likely due

to differences in the representation of WECs.

To summarize, phase—averaged wave models are used to predict the average properties of waves over a
certain period of time, such as the mean wave height or the mean wave period. These models are useful
for predicting the long—term behavior of waves and for design purposes, such as determining the
required strength of a coastal structure or predicting the loads on an offshore platform. Phase—resolving
wave models, on the other hand, are used to predict the detailed time—dependent behavior of waves and
are able to provide more accurate and detailed predictions of wave behavior, particularly for highly
nonlinear wave phenomena such as breaking waves or wave—structure interactions. Both phase—
averaged and phase-resolving wave models can be useful tools for assessing the environmental impacts
of wave energy conversion technologies. The choice of model will depend on the specific application
and the level of accuracy and detail required.

2.5.0ffshore energy park layout optimization

The overall performance of an offshore wave energy array is influenced by the size, shape, and
characteristics of each device, as well as the local wave climate [42]. Layout optimization of a wave
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energy farm has been broadly investigated; however, the process remains incomplete. Hence, this
remains a pertinent research topic in WEC farm design [178].

Several investigations on the layout optimization problem have been conducted, some based on
numerical software and others on analytical models. However, a few numerical models also relied on
experimental results [179]. To perform optimization of large wave energy farms with many devices and
parameters, semi—analytical methods were often the most selected, while studies applying analytical

models were usually for single or a few floating bodies.

The effect of changing the distance between WECs in an array was studied by Ringwood and Korde
[180], with arrays having up to four devices considering four arbitrary geometries of the layout. The
work demonstrated that an improvement of 40% in g-factor can be obtained when control and separation
distances were selected properly [178].

These research works did not investigate the optimal layout or propose new algorithms to maximize the
g-factor. The layouts rely on a researcher's educated judgment, and only WECs with simple geometry
were considered, like spheres, arranged in a simple way, such as rows [181]. The basic conclusion made
was that the spacing between converters has a higher impact on g-factor than the device geometry
[182,183].

This section presents a review on the main methods of WEC farm layout optimization applied until now.
The methods are divided into two large groups: the analytical methods, and the computational

intelligence methods. A deeper review can be seen in Teixeira—Duarte et al. [3].

The layout optimization of offshore WECs is a multidisciplinary task with high complexity, mainly due
to the many interrelated purposes, restrictions and variables involved. Hence, the achievement of a final
solution usually results from empirical procedures with numerous rounds of trial and error [42]. The
decision on the layout is established by the team planner following Ad Hoc and heuristic approaches.
However, over time, it has been growing the research and utilization of more automated, holistic, and
repeatable approaches, mainly using computational procedures to achieve the optimal arrangement of
the layout for enhancing energy production and reducing the cost of operation, maintenance, and
distribution [38,184].

The layout of an offshore park defines the position of all devices relative to one another and the electrical
grid, mutually. A variety of trade—offs should be considered when selecting an optimal layout,
depending mostly on two factors: the distance from shore and the spacing between devices [42].

To resolve optimization layout problems, there are mainly three types of techniques:

e Experimental methods — can be applied in the laboratory or in the field, however, they are

commonly highly expensive, time—consuming, and have low parameters flexibility, hence,
usually, they are used often just at the last stage of development to validate some other
technique;

e Analytical methods or mathematical techniques — are used to increase the understanding of

problems, using equations to provide exact solutions. Although as the problem grows in
complexity and variability, it becomes more and more challenging to fit some analytical method.
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They are efficient at finding local optima, although they do not assure to achieve the global
optima;

e Numerical methods — utilize probabilistic approaches to iteratively generate a sequence of

approximations close to the exact solution and have become more popular with the development

of more powerful computer hardware.

Both analytical and numerical methods could utilize optimization algorithms, which can be of different
types: a deterministic method, such as the analytical itself or an exhaustive search method; a stochastic
method; or a heuristic technique.

An exhaustive search ensures the global optimal utilizing a systematic approach to sample the entire
solution domain at a satisfactory resolution. Nevertheless, they are extremely computationally expensive
for complex solutions, turning challenging the data analysis in some cases.

Stochastic algorithms, like the Monte Carlo method, randomly sample the solution domain a sufficient
number of times to ensure that a global optimal solution is found. Although these approaches are
commonly more computationally efficient than an exhaustive search method, they are still

computationally expensive for complex cases.

Heuristic algorithms use the previous experience of the researcher to sample the solution domain, aiming
to fit the most optimal solution, with the least number of function evaluations possible. However, by
definition, they do not ensure global optimization. The inclusion of randomness in some algorithms
allows a search through multiple optima, avoiding entrapment in a local optimum. A heuristic algorithm
is commonly used when the stochastic approach becomes unreasonably computationally expensive.
Some examples of heuristic methods utilized for layout optimization of offshore WEC farms are
Evolutionary Algorithms, including genetic algorithms, Covariance Matrix Adaptation — Evolution
Strategy, and Differential Evolution. Figure 15 presents a taxonomy of optimization algorithms.

To settle a baseline on the layout optimization methodologies, the following sub—sections present a brief
explanation of the most used techniques applied, until this moment, to layout optimization of WEC
farms, explaining the founding theory of each one, their working logic, and application in the wave
energy field.

2.5.1. Analytical and Semi—Analytical methods

Analytical methods are specific, precise, accurate, and reliable. However, as the complexity of a system
increases, the difficulty of fitting a precise and computationally feasible analytical equation to the
problem reaches situations that are impossible to process, becoming necessary other approaches. A
possibility is to integrate an analytical method to the parts that are well-known and developed and a
numerical method to explore other more complex parts of the system. This is the basic concept of the
semi—analytic approach.

In a semi—analytic framework, the system is manipulated to reduce the computational load and
complexity required by a stochastic simulation. Hence, a method that combines the best of both
analytical and stochastic methods could be a powerful tool for the analysis of complex systems.
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Figure 15 — Taxonomy of optimization algorithms (adapted from [92,93]).

Commonly, it is possible to distinguish three different parts of a semi—analytical framework: simulation,
estimation, and analytical model. The simulation parts are used to determine the decision variable
employed for recovering the transmitted symbol, the analytical model utilizes the system properties to
define the quantities of interest. The estimation part is the connection between the simulated and

analytical.

In the sequential framework, Figure 16, the chain of events is straightforward, with no feedback between
the different elements. This usually requires beginning with a simulation to generate the processes and
system functions that are too complex to describe analytically. Then, the estimation process applies the
values received by the simulation to achieve key parameters for the analytical model, where these
parameters integrate the variables of a known equation to obtain the final result. In this structure, the

simplifications permitted by the analytical model provide the computational gain.
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Figure 16 — Flowchart of a sequential semi—analytical approach.

In stochastic simulations, the computational complexity increases as more communication systems
coexist inside the same environment, making it important to include the interaction of the separated
systems and determine their inner potential interference. Furthermore, processing requirements have
significant growth of random elements of each part of the communication chain. Given that, the semi—
analytic techniques enable a reduction of these computational requirements by the expression of the
evaluated metric analytically as a function of parameters projected during simulations. This assumption
is the basic concept of the sequential semi—analytic approach, presented in Figure 16.

In the closed—loop approach, Figure 17, the simulation part processes the analytical model outputs, with
the nonlinear segments fully simulated and quantities like, for example, the loop discriminator and filter
outputs being calculated. The estimation block is, like in the sequential approach, used to integrate the
simulation and analytical components of the scheme, with the new estimate parameter obtained used to
generate new correlator outputs. Nevertheless, the estimation part also computes performance metrics
according to the ending parameters.

Since the initial studies on wave energy, analytical techniques have been largely used to determine
hydrodynamic parameters, because of the low computational costs required, the interaction wave—
device, the power output of the park, and the spacing between WECs. However, they lose accuracy as
the systems get larger and more complex, due to the simplification made to fit the equations.

Analytical Model —»| Simulation

+ Final

Estimation [—3» performance
metric

Figure 17 — Flowchart of a closed-loop semi-analytical approach.

The first investigations on wave energy farms made by Budal [80,81], Falnes [187] and Evans [188]
employed analytical methods for hydrodynamic modeling. These investigations adopted the point
absorber approximation, considering the devices to be sufficiently small that the interaction resulting
from scattered waves could be disregarded. Similarly, in the plane—wave approximation utilized by
Simon [189] the structures are assumed to be sufficiently separated, allowing their interaction to be
treated as an approximation of plane waves with complex amplitudes. This approach facilitated the
treatment of wave interactions as additional incident waves, while neglecting the contribution of
evanescent modes.
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The point absorber approximation performs fairly well at low frequencies and for large separating
distances, while the plane—wave approximation performs better at high frequencies [190]. Nevertheless,

it is expected an error increase with more interacting units.

Falnes and Budal [191] observed that the wave period and the array configuration could lead the g-
factor to be higher or lower than one. Nonetheless, higher g-factor (equation 33) values suffer great
variations, and considering the polychromatic nature of real waves, it was suggested that a properly

designed array configuration should focus on minimizing the destructive influences [192].

In the iterative multiple scattering method, developed by Ohkusu [193] and later applied in wave energy,
the diffraction and radiation properties of isolated bodies are utilized, and the reflected waves inside the

array are added iteratively until convergence is reached.

Simon [189] combined the iterative multiple scattering method with the direct matrix method, solving
the wave amplitude around every structure simultaneously. This approach eliminated the need for
iterative procedures and provided exact solutions within the assumptions of linear potential flow theory.
For floating bodies, the resulting infinite matrices must be truncated, leading to a semi—exact method.

Fitzgerald and Thomas [194] investigated a layout optimization problem without using the small body
approximation to simulate the motions of bodies. They consider the general layout of arrays in the plane.
They applied the small body approximation instead of the point absorber approximation and performed
a local layout optimization for five devices using the sequential quadratic programming (SQP) solver

with multiple manually selected initial points [194].

Child and Venugopal [195], applied the interaction theory to solve interactions within the WEC array
[196], and also introduced a method called parabolic intersection [197]. They claim it is beneficial to
position the devices at the intersection points of certain parabolas centered at the other devices. The
authors considered wave directionality and array layouts for five identical generic point absorbers and
compared their method with a traditional genetic algorithm, using the MATLAB GA and Direct Search
Toolbox. It was concluded that the parabolic intersection was more efficient but less accurate [178,197].
However, the accurate computation of the g¢-factor requires a BEM code and is presently
computationally prohibitive within an optimization context [181].

Goteman et al. [198] investigated the use of devices with different dimensions in the same array and
concluded that it could lead to an increase in total power production. Consequently, it is possible to
achieve a reduction in costs and an improvement in production at the same time, being economically
beneficial to deploy smaller and larger devices together in a wave energy farm. The authors also
investigated different array configurations to minimize the output power fluctuations, optimizing the

power variance for some wave conditions and array geometries.

Goteman et al. [199] used a semi—analytical method to study the performance of wave energy farms of
over 1000 devices. Instead of numerical models to calculate the hydrodynamics, the authors used the
potential flow theory to reduce computational costs. The power performances of layouts are similar, on
the other hand, the variance of rectangular geometry (higher) was three times larger than that of the
random geometry (lower). Figure 18 presents the layout comparison.
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Figure 18 — Layout comparison of time—averaged power per WEC. The power scale ranges from 1.2 to 2.7
kW per WEC. The sea state is categorized by the energy period, Te = 5.47 s, and the significant wave
height, Hs = 1.02 m. Wave moving in the positive x—direction [199].

Goteman et al. [200] developed a method based on analytical multiple scattering theory and used time
series of irregular wave amplitudes to compute the instantaneous power of each device, to model the
hydrodynamic interactions and power output of very large wave energy farms.

McGuinness and Thomas [201] applied an analytical method, the sequential quadratic programming
method, to identify the minimum value of an objective function for optimization of the spacing between
heave—constrained, spherical point absorbers lay on a parallel line to the wave direction. In another study
[202], the authors investigated three devices in a line perpendicular to the incoming waves, regular and

irregular, and indicated the important possible variability in power development.

An expanded multiple scattering method was applied by Goteman [179], which used cylindrical bodies
with changes in size, demonstrating a higher performance when different sizes are together.

Jianyang et al. [178] explored the optimal configuration of both dimension and layout of arrays of
heaving buoys with full interaction and exact hydrodynamics using BEM, and a point absorber
approximation for the initial setup for the array.

Analytical approaches are numerically efficient and capable of obtaining good results, even nowadays.
However, they lose accuracy in more complex cases such as devices with multiple Degrees of Freedom

or irregular waves.
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2.5.2. Computational intelligence

Computational Intelligence (CI) is the theory, design, application, and development of biologically
inspired computational paradigms [185]. It is inserted into Artificial Intelligence (Al), which is a concept
for advanced information processing. The focus is to build algorithms capable of processing a huge
amount of raw, incomplete, imprecise, or uncertain data, for approximating solutions for those complex
problems [203]. These methods implement new approaches for analyzing and creating flexible
information processed by humans, such as sensing, understanding, learning, recognizing, and thinking
[186].

Conventionally, the three main areas of Computational Intelligence have been Neural Networks, based
on the human brain; Fuzzy Systems, based on the way humans think, and Evolutionary Computation,
based on natural evolution [204]. Table 2 summarize the main characteristics of each one.

Table 2 — Main areas of computational intelligence.

Artificial Neural Networks Fuzzy Systems Evolutionary Computation

Description Basic Computational Data handling .
. . Based on natural evolution
analytical tools, with complex =~ methodology that allows

L o process
communication network ambiguity
Algorithms Multi-Layer feedforward; Fuzzy control language; .
. . . Stochastic search and
backpropagation algorithm; Continuous set L .
. . optimization algorithms
gradient descent membership from 0 to 1
Wave energy  Predict wave parameters (Hs . . Missing data; estimate wave
.. ) L Control strategies; predict L
applications Te); estimate missing data; parameters; optimization of WEC
wave parameters
energy flux; control strategy shape and park layout
References [203,205,206] [203,207,208] [203,207-209]

New approaches are presented frequently in addition to the three main areas, like ambient intelligence,
artificial life, cultural learning, artificial endocrine networks, social reasoning, and artificial hormone
networks [185].

2.5.2.1. Genetic Algorithms

Evolutionary Computation refers to a category of CI techniques inspired by biological theories. The
algorithms could be classified as a metaheuristic optimization method, being capable of finding the
global optimum, hence it is widely used in engineering optimization problems. Nevertheless, it has a
significant computational requirement, as it needs a huge quantity of fitness function evaluations to
achieve the global optimum [210].

Evolutionary computation includes several techniques, such as genetic programming, genetic
algorithms, evolution strategies, swarm intelligence, differential evolution, evolvable hardware, multi—
objective optimization, among others [185]. These techniques usually can be distinguished by the used

approaches in terms of how they represent the individuals.

The genetic algorithms (GA) are the most recognized type of evolutionary algorithm and have been

applied several times as function optimization and search method [211]. These are robust methods that
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do not necessitate derivative information and can manage a huge number of variables to achieve the
minimum or the maximum of a function. Usually, this algorithm has a binary representation, a low
probability of mutation, and an emphasis on genetically inspired recombination to determine the

selection of the fittest, to generate the new candidate solutions.

The route is inspired by the continuous Darwinian improvement cycle of evaluation [212]. In GA, the
survivability, or fitness, is evaluated by a selection operator, which determines the solutions that best

solve the problem with minimum error. Figure 19 presents a GA cycle.

Next generation

Initial population ]—) Evaluation Crossover/Mutation

Figure 19 — A genetic Algorithm cycle (adapted from [212]).

M

Termination
Criteria

The individuals of the populations are evaluated according to the objective function, the fitness. An
evaluation step is a non—deterministic approach. The repetition of the process for several generations,
the probability disseminates genes that promote higher fitness, creating better solutions and
extinguishing the worse suited [203].

The initial population can be settled both randomly and heuristically. Then, the workflow of genetic
algorithms enters an endless loop. Each individual is evaluated, and the best fitted are choosen to the
next generation. The reproduction is performed by creating random pairs, or “mating partners”, and
applying some basic genetic operators, like crossover, that combine each pair, and mutation, which
basically apply noise to the strings of genes with different probabilities, generating an entirely novel
array of individuals. Although, it is possible that pieces, or even complete individuals, from the previous
generations survive crossover and mutation without being modified, the likelihood of this hypothesis is

relatively improbable [211].

The objective function does a similar job as the gradient or the derivative in conventional optimization
techniques, where the selection is made following a selection strategy which picks individuals with
probability proportional to their relative value and explores the solution domain searching for better
solutions [212].

While the value of each fitness is important to determine the chances of its survival, there is no guarantee

that the ones with the higher fitness values will survive or the smaller ones will perish, because of the
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non—deterministic nature of the method [213]. Given that, it could occur that some individuals with low
fitness value genes might prove to be useful when recombined in new chromosomes, which is a low
probability “second chance”, offered by the process flexibility that would be impossible in a more
deterministic setting [213].

A pseudocode of the steps for a Genetic algorithm approach could be synthesized as:
I.  Setting a population
II.  Assess the fitness of every individual
III.  While termination criteria are not achieved
a. select parents
b. apply genetic operators to the selected individuals
1. select mating partners
ii. chromosome recombination
iii. random mutation
c. assess fitness values of new individuals
d. select individuals for the next generation
IV.  End while

V.  Return the best sample

2.5.3. Computational intelligence applications

Blanco et al. [214] investigated a Multi-Objective Differential Evolution Algorithm (MODE) to
optimize the energy production of a 2-Body Point absorber, with positioning, PTO system, control
strategy, and hydrodynamic design as parameters. In another investigation [215], this approach was
enhanced by the application of PTO constraints and two cost functions, which include the mean annual
power produced and device surface.

Sharp and DuPont [216] presented a multi—objective method, using binary and continuous genetic
algorithms, to determine array configurations considering as parameters the power output and costs in
the evaluation function [217]. In another investigation [ 184], they used a coupled genetic algorithm and
heuristics to investigate the minimum separation for a small number of devices, five, in a discretized
space and a unidirectional wave. The method uses several layout evaluations, which could limit their
application to more complex wave energy models. Figure 20 shows one of the layouts found by the
authors in one case and its effect on the wave field simulated with WAMIT.

Wu et al. [218] used a variation of an evolutionary algorithm, and a covariance matrix adaptation—based
evolutionary strategy (CMA-ES) aiming to achieve an improvement and a fast process in the
optimization when considering a fully submerged three—tether buoy array. The investigation considered
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25 and 50 devices and a unidirectional irregular wave model. The results indicate that the variation of
EA, called 1+1EA, performed better for a small number of layout evaluations.
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Figure 20 — Layout from case one of the compared cases with 6 m minimum separation distance (a).
Corresponding wave characterized by the disturbance coefficient (ratio between significant wave height
after and before the WEC) (b).

Sarkar et al. [192] applied an array optimization for 40 OWSC using machine learning, a Monte Carlo
method, and a genetic algorithm. The hydrodynamic interaction was constrained between nearest
neighbors for fast evaluations, and a machine learning approach was applied to identify optimal three—
WEC clusters. Then, the optimization of the park used the genetic algorithm, with the same number of
evaluations, 16 million, which outperformed the Monte Carlo method. This investigation also concluded
also that clustering should be avoided for this type of device, although a positive interaction could be
achieved.

The project DTOcean (optimal design tools for ocean energy arrays) developed a set of tools for the
optimization of ocean energy systems [209].

Snyder and Moarefdoost [181,182] investigated the layout optimization using the point absorber
approximation introduced by Budal [81], instead of simulating the exact hydrodynamics and proposed
a greedy search heuristic to optimize the wave farm layout. They concluded that this method outperforms
a specific GA and the general-purpose global solvers PSWARM (PSO) and NOMAD (Mesh Adaptive
Direct Search algorithm). Figure 21 shows the layouts obtained, and Figure 22 the g-factor comparison
between techniques.

Ruiz et al. [219] compared the convergence rate and efficiency of three Evolutionary Algorithms: a
CMA-ES from DTOcean, a modified GA, and a GSO in a discrete search space with a simple wave
energy model. The study concludes that CMA—-ES converged faster but with less accuracy, in terms of
energy production, when compared to the other two.
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Ferri [220] compared the CMA—ES from DTOcean and a metamodel algorithm, surrogate—model based
optimization method, to compare computational cost and energy production. The metamodel algorithm
converged rapidly, but with less accuracy (estimation error of 10%), being suitable just to be used as an

initial step on a hybrid method.
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Figure 21 — Layouts configuration obtained by Snyder and Moarefdoost [182] for 3,4,5,6 and 7 WECs. All
layouts have a WEC at the origin.
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Figure 22 — Comparison of g-factor performance for different heuristic methods and the one developed by
Snyder and Moarefdoost [182].
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Giassi et al. [217] investigated the optimization of arrays using GA, varying the diameter and the gridded
spacing. The results show that the diameter affects the cost of a device more than power production, and
changes in the mass have a greater impact on the energy absorption. In [221], Giassi et al. studied the
dimensions of the array, optimizing WECs position and buoy dimensions, concluding that the array
performance can be increased using different WEC dimensions. Giassi and G6teman [38] continued this
investigation to optimize arrays of four to fourteen converters achieving a g-factor larger than one. In
this study, a hybridization of GA with a multiple analytical scattering method was proposed, to adjust
the geometry and control parameters of a small wave farm.

Fang et al. [222] used a DE, with an adaptive mutation operator, to improve the convergence rate of the
array optimization for a wave energy farm with three, five, and eight devices in a unidirectional wave
scenario. Configurations with higher energy production were obtained, although the study did not
consider large arrays.

Neshat et al. [223] compare some metaheuristic optimization evolutionary algorithms, like CMA-ES,
DE, and partial evaluation, using a population from 2 to 100 devices. They observed that differences in
the mean output energy obtained by the methods were less than 20%. The hybrids of stochastic buoy
placements and the uphill local search performed better for energy absorption. In another investigation
[224], the same sea state was used to assess and optimize a 16 devices array using an adaptive neuro—
surrogate optimization method. Optimization strategies were compared in different ways; for example,
all parameters were optimized simultaneously, the device coordinates and PTO parameters were
optimized alternately, or the converters were positioned one—by—one using a local search to fit the best

positioning.

Vatchavayi [225] used real wave data, applied a CMA—-ES to optimize the positioning of WECs and the
Nelder—Mead method to find the optimal parameters for each WEC. The proposed optimization was not
suitable for all scenarios studied. In the ones with the best performance, the smaller arrays achieved the

best results.

Faraggiana et al. [226] compared different metaheuristic optimization strategies, particle swarm
optimization, and genetic algorithm, to optimize the separation distance between devices, the PTO
tuning, and the rated power of a system of three WaveSub WECs. PSO presented better results for two
converters, but not for larger arrays.

Neshat et al. [227] compared their previous results with 17 different optimization approaches (Figure
23), three of them with a hybrid heuristic framework, for optimizing the arrangement of large wave
farms with 49 and 100 generators in two real wave regimes. The study concludes that the multi—strategy
evolutionary algorithm created by symmetric local search and Nelder—Mead search, with an embedded
rotation operator, combined with an improved binary DE and a hybrid backtracking strategy
(DLS+CLS), achieved the best performance. In another investigation [228], the authors applied 15 state—
of—the—art evolutionary, swarm, alternating (cooperative), and hybrid optimization algorithms, showing
that the new hybrid cooperative co—evolution method can outperform other heuristic search methods in
convergence speed and the quality of layouts.
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Figure 23 — Best layouts for an array of 16 devices using HCCA, CMA- ES, AGWO-NM, SLPSO Il, and LS-

NM in four real wave scenarios, adapted from [228].
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3

METHODOLOGY

This chapter aims to present an overview of the research methodology. Initially, a summary of the

following sections will be presented, followed by a comprehensive description of the tasks undertaken.

3.1.0verview of the framework

In order to accomplish the aforementioned goals, and allow the understanding and reproducibility of the

research framework, the following sections addresses the challenge of wave farm layout optimization

by proposing a novel, multi—objective framework. The framework integrates three key components:

(1)

(i)

(iii)

(iv)

Representative sea—state selection: a statistical analysis coupled with machine learning
techniques is used to identify a representative set of sea states that accurately capture the local

wave climate.

Definition of the fitness function: a multi—objective decision tool for assessment of wave
energy park, the WLA index, is created and presented in a case study.

Multi—objective genetic algorithm optimization: a tailored GA is developed to optimize
wave farm layouts for multiple objectives. This includes energy production estimated using
the SNL-SWAN model, alongside environmental impact considerations seamlessly integrated
into the fitness function. Domain—specific operators are implemented in the GA to ensure

physically feasible solutions based on established knowledge of wave—WEC interaction.

Applicability to offshore and nearshore environments: The framework's versatility is
demonstrated through various case studies. An economic approach is employed to determine
constants in the WLA index for offshore co—located scenarios. Additionally, the algorithm is
applied to distinct WECs and coastal regions. These applications highlight the framework's
potential to mitigate shoreline erosion by reducing incoming wave energy and to optimize

wave farms for minimal shoreline impact.
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v) Open-source framework for reproducibility: The entire codebase is publicly accessible to
promote replication and extend research on WEC farm optimization and coastal

morphodynamic evolution.

Previous studies in WEC array optimization have extensively used fixed or small arrays in a much
greater area [3,229], where the optimizations merely find the best separation distance between WECs
[37,203,230], focused on discrete positioning strategies. For instance, many works employ grid—based
methods, limiting WEC placements to predefined locations [37,38,181,221,231-237]. While these
methods simplify computational demands, they inherently restrict the flexibility needed to achieve
optimal layouts in realistic scenarios [238,239]. Moreover, the majority of existing studies emphasize
single—objective optimization, such as maximizing the power output [3,203] or focus on specific
environmental conditions [23,27,240], limiting their generalizability.

As the computational demands of evaluating WEC arrays grow exponentially with the number of
converters, developing a fast and effective optimization approach for large—scale wave farms becomes
crucial [241]. To address this challenge, the proposed multi—objective evolutionary algorithm optimizes
both power output and hydrodynamic interactions within large—scale farms. The methodology combines
a smart initialization process, a population—based evolutionary algorithm, a third—generation wave
numerical model, and continuous global optimization. This integrated approach effectively handles the
complexities of large—scale wave farm optimization, scaling up the array size without sacrificing
computational efficiency, while accurately capturing significant interactions between WECs and
managing the extensive search space dimensions inherent to the problem.

This approach departs from prior studies that often focus on single or limited objectives. It offers a more
realistic solution by simultaneously considering a large number of WECs on a continuous deployment
domain, variable installed capacity, and a robust statistical representation of local wave conditions. The
versatile SNL-SWAN model [34,35,242], effectively captures complex interactions and provides
greater adaptability to site—specific constraints and stakeholder priorities. The proposed multi-objective
GA framework is implemented and evaluated through rigorous simulations and case studies. These
evaluations assess key performance metrics, including convergence speed, solution quality, and overall
robustness, in comparison to existing methods. The framework is designed to effectively balance energy
extraction with environmental considerations, ensuring a comprehensive analysis of its capabilities.

The research discusses future directions, including applicability to diverse wave farm configurations,
integration with advanced computational models for accuracy, and the development of self—adaptive
frameworks for dynamic optimization under varying wave conditions. Overall, the work highlights the
power of GA as a tool for optimizing wave farm layouts. By facilitating efficient wave energy harvesting
while considering environmental and economic constraints, GA—based optimization holds significant
promise for unlocking the potential of wave energy and contributing to a sustainable future powered by

ocean renewables.
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3.2.Numerical Modeling

Wave—averaged models are a computationally efficient option for modeling wave propagation and
nearshore wave—induced current fields, but they rely on parametrizations to represent WECs and other
relevant wave characteristics, such as refraction from depth and current, shoaling, wind forcing, white—
capping, wave breaking, and non—linear wave interaction. Furthermore, these models do not account for
the evolution and transformation of individual waves. Typically, the device is represented as a porous
structure [31,150] that works as either a source or a sink term [32], extracting a specific amount of wave
energy. Several spectral wave propagation models have been applied to simulate the far—field impacts
of wave energy parks. However, the most common and broadly used is the SWAN model [9-
12,18,23,31,56-62,66,83—-87,153-163] and its modified version, the SNL-SWAN [32,34-36,162,164],
introduced by Smith et al. [13].

3.2.1. SWAN model

The SWAN (Simulating Waves Nearshore) model, a widely utilized phase—averaged spectral wave
model, was developed at Delft University of Technology [112]. As an open—source, third—generation
model, SWAN is designed to simulate and propagate waves from deep water to nearshore environments.
Its versatility and efficiency make it suitable for a range of scenarios, from complex, time—dependent,
two—dimensional simulations using spherical coordinates to more straightforward, stationary, one—
dimensional energy balance calculations in Cartesian coordinates. Although it accurately captures wave
transformations induced by bottom bathymetry and currents, such as shoaling and refraction, its
representation of diffraction is estimated. In addition, the model has undergone extensive testing and

validation against real-world wave conditions [92].

SWAN operates by solving the energy balance equation, which incorporates the interactions between
waves and currents and accounts for various physical processes, including wave generation, wind—
driven growth, wave—wave interactions, propagation, refraction, diffraction, shoaling, bottom friction,
and white—capping dissipation. At its core, SWAN uses the spectral action balance equation to model
wave—current interactions. This equation is adaptable to both cartesian and spherical coordinate systems,
facilitating applications at both small and large scales. Furthermore, SWAN accommodates complex
geometries by supporting curvilinear and nested grids, which allow for high—resolution simulations in
areas of particular interest.

The wave action density, denoted as N, is a critical concept in wave modeling, defined as the ratio of
the variance density spectrum E (g, 8) to the relative frequency o:

N(0,0) = w, (34)

Here, E (o, 0) represents the wave variance spectrum, which distributes wave energy across relative
radian frequencies (o) and propagation directions (6,,). This formulation provides a mean of
understanding how wave energy is distributed within the spectral space, considering both the frequency

and direction of wave propagation.
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The wave action density, N, along with the variance spectrum, E, vary in space and time, particularly in
the presence of ambient currents. This dynamic behavior is captured by expressing N as a function of
(0,0, x,y,t), where x and y are spatial coordinates, and t represents time. The governing equation that
describes the evolution of wave action density is the action balance equation, which accounts for the
propagation of wave action through both physical and spectral spaces. This equation is central to
understanding wave dynamics as it integrates the effects of wave—current interactions, energy flux, and

various physical processes.

The action balance equation, as formulated by Ris et al. [243] and Holthuijsen [92], is expressed as:

N . d d
3¢+ Ve [(¢, +U)N] + 30 (cN) + 36 (cgN) =

Stot

(35)

This equation consists of several key components. The first term on the left—hand side represents the
local rate of change of wave action density in time, which can also be interpreted as the rate of change
of energy in the absence of currents. The second term describes the propagation of wave action in the
geographical space, considering the propagation velocities Eg in the x and y directions and the influence
of ambient currents U. This term also encompasses shoaling, the phenomenon where wave heights
increase as waves move into shallower water. The third term accounts for the shifting of wave action
density in the frequency domain, primarily due to variations in depth and currents, with the propagation
velocity in the spectral domain C; . The fourth term captures depth—induced and current—induced
refraction, where the propagation velocity Cq represents changes in the directional space 6.

On the right—hand side of the action balance equation lies the source term S;,;, which encapsulates the
various processes of energy generation and dissipation within the wave field:

Siot = Sin + Swe + Snia + Sbfr + Ssurf + Su3 (36)

Each component of the source term plays a distinct role in the wave dynamics. The term S;;, represents
the energy transferred from wind to waves, a process dependent on local wind velocity and the wave
spectrum itself. S, accounts for the dissipation of wave energy due to white—capping, a phenomenon
that becomes significant in the wave generation area and is primarily influenced by wave steepness. The
term S,,;4 represents the nonlinear transfer of wave energy through quadruplet interactions (four—wave
interactions), which are dominant in deep water.

As waves propagate into intermediate and shallow waters, additional processes become more influential.
The term S,z captures the effects of bottom friction, which depends on the orbital velocity near the
seabed and the bottom roughness. Depth—induced breaking, represented by Sg,,f, is another significant
factor, especially in shallow waters, and is dependent on the ratio of significant wave height to water
depth. Finally, S;,;3 accounts for nonlinear interactions among three wave components (triads), which
also contribute to the evolution of the wave spectrum.

The versatility of the SWAN model allows it to be used in various computational contexts. For small—
scale computations, the action balance equation is typically expressed in Cartesian coordinates, denoted

62



Multi-Objective Optimization Framework For Wave Energy Farms
Combining Machine Learning, Genetic Algorithms And Numerical Modeling

as S(a,0,x,y,t)/c. In contrast, for large—scale computations, the equation is often formulated in
spherical coordinates S(o, 0,4, ¢,t), where A and ¢ represent longitude and latitude, respectively.
Additionally, in scenarios where ambient currents are absent, the relative frequency ¢ can be replaced
by the radian frequency w, simplifying the action balance equation to the energy balance or density
equation S(w, 8, x,y,t).

Other simplifications are also possible within the SWAN framework. For instance, under stationary
conditions, the time component can be omitted from the equation, leading to a static formulation.
Furthermore, for one—dimensional scenarios, where seabed topography varies only in the direction
normal to the coast, the variation in the y—direction can be removed, thus further simplifying the energy

balance equation and reducing computational demands.

The SWAN model incorporates the mechanisms of wind energy transfer to waves through two primary
processes: the resonance mechanism as described by Phillips [107] and the Miles—Janssen feedback
mechanism [244,245]. Initially, waves are manually introduced into the model, and the wind speed used
is measured at a 10—meter elevation (Ug). The resonance mechanism plays a critical role in the early
stages of wave growth, with wave energy increasing linearly over time. In contrast, the Miles—Janssen
mechanism functions through a feedback loop, where energy and pressure are transferred to the wave
system in a manner proportional to the existing wave energy, thereby enhancing wave growth in a

sustained manner.

SWAN is capable of simulating non—linear wave interactions through the inclusion of two key terms:
three—wave interactions (triads) and four—wave interactions (quadruplets). Triads are crucial in shallow
waters, facilitating the transfer of energy from lower to higher frequencies, often leading to the formation
of higher harmonics [246]. This mechanism is particularly important for steep waves. In contrast,
quadruplets dominate in deep and intermediate waters, redistributing energy within the spectrum by
transferring it from the spectral peak to both lower and higher frequencies, where energy is eventually
dissipated through white—capping. SWAN handles these complex interactions using the Discrete
Interaction Approximation (DIA) [247], which models the energy transfer processes essential for

accurate wave spectrum evolution.

Energy dissipation within the SWAN model is accounted for through three primary mechanisms: white—
capping Sy (o, 8),bottom friction Sy, (0, 8), and depth-induced breaking Sg,,,-f (g, 8). White—capping
serves as the dominant energy dissipation process in deep water, being directly proportional to the
energy density and heavily influenced by the steepness of the wave field. The formulation for white—
capping in SWAN is based on the pulse model proposed by Hasselmann [108], and it effectively controls
and limits wave heights, especially in the presence of wind input.

The dissipation of wave energy due to seabed interactions is modeled as a function of the bottom friction
coefficient (C,) and the root mean square (RMS) orbital bottom velocity (U,ys). Given the diverse
characteristics of seabed properties, SWAN incorporates several friction models, including the empirical
JONSWAP model [103], the drag law model by Collins [248], and the eddy—viscosity model by Madsen
et al. [249]. These models allow SWAN to simulate a wide range of bottom interaction scenarios,
adapting to different seabed compositions and roughness.
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In shallow waters, the mechanism of depth—induced breaking, particularly within the surf zone, becomes
the primary process governing wave energy dissipation. SWAN employs the spectral version of the bore
model by Eldeberky and Battjes [121], which is an extension of the original formulation by Battjes and
Janssen [246]. This approach preserves the spectral shape while modeling the total wave energy and its
dissipation rate due to wave breaking, thus ensuring accurate predictions of wave behavior in shallow
coastal areas.

Refraction effects are fully incorporated in SWAN, particularly in the fourth term of the wave energy
balance equation. To address diffraction, which was not originally included, Holthuijsen et al. [250]
introduced a phase—decoupled refraction—diffraction approximation. This method combines the
processes of diffraction, typically handled by phase—resolving models through the mild—slope equation,
with refraction, shoaling, generation, dissipation, and wave—wave interactions. This hybrid approach
enables SWAN to simulate the complex interactions of random, short—crested waves in varying coastal

environments.

SWAN also models the reflection and transmission of wave energy through or over obstacles like
breakwaters, dams, and WECs. The degree of reflection is influenced by factors such as the shoreface
slope, mean wave frequency, and incident wave height. The model computes absorption by structures
or coastlines as the difference between the incident energy and the combined reflected and transmitted
energy. Reflection within SWAN is treated as specular, assuming that the angle of incidence equals the
angle of reflection [92]. Recent updates to SWAN have introduced variations in transmission that
depend on the wave frequency and direction, providing more nuanced simulations of wave—structure

interactions.

Gradients in wave—induced radiation stresses, which typically generate currents and water level set—up,
are standard outputs of SWAN. These can be used as input for subsequent computations in separate
hydrodynamic models [92]. This allows for the simulation of feedback mechanisms between waves,
currents, and water levels. For stationary cases, the exchange between wave and hydrodynamic models
can be iterated until convergence is achieved. In non—stationary cases, SWAN can exchange data with
hydrodynamic models at regular intervals, ensuring that dynamic feedbacks are accurately captured over

time.

Regarding the wave energy, SWAN utilizes the full wave spectrum E (g, 0) to calculate the wave power

components per meter of wave front in the x and y directions, as defined by the following equations:

2w
J.=pg f f ¢y (0,d)E(0,0) cos 0dao do,
o Jo (37)

2w 0
Iy = pgf f ¢y (0,d)E(0,0)sin0do do,
o Jo (38)

in these equations, p denotes the water density, g represents gravitational acceleration, and ¢, indicates

the group velocity. The x and y coordinates correspond to the spatial directions on the grid. The total

wave power per meter of wave front, /, is then derived as:
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J= /§+1§- (39)

SWAN has proven effective in a range of studies for assessing wave resources across various wave
climates and coastal environments [251-253]. It has also been employed to evaluate the potential
impacts of WECs on the surrounding wave climate, including the impact on shoreline
[13,16,31,68,153,156,158,254-256].

In such applications, WECs are represented as porous obstacles spanning at least two grid cells,
functioning as energy sinks in the wave action balance equation, which results in the extraction of a
portion of the incoming wave energy [87]. The absorption of energy by the WECs is quantified using a
transmission coefficient, K;, which measures the ratio of absorbed energy to the incoming significant
wave height (Hg). However, it is important to note that this approach assumes a constant energy
absorption rate, which is an oversimplification since actual absorption depends on both wave period and
height. Despite these limitations, this methodology is widely used to assess the effectiveness of wave
energy farms in mitigating extreme wave conditions, particularly in conjunction with offshore wind
farms and coastal areas [12,23,56-62,83,84,157]. The coefficient K; is usually defined empirically
based on the characteristics of the specific WECs [87].

SWAN's versatility extends across various domains, including coastal engineering, offshore
engineering, and marine renewable energy. Its modular structure allows for the integration of additional
physical processes, enhancing its flexibility for different wave modeling scenarios. Nevertheless, it is
crucial to acknowledge some limitations of SWAN, such as its reliance on the Gaussian distribution
assumption and the challenges associated with parameterization.

SWAN relies on a series of input and computational grids to define the spatial and temporal boundaries
of the simulation. Users need to configure three primary spatial grids: (1) the input grids, which detail
the bathymetry, water levels, bottom friction, and wind conditions (especially if wind is not uniform
across the area of interest); (2) a computational grid where SWAN performs its calculations; and (3) one
or more output grids where the simulation results will be displayed. Similarly, users can define distinct
time frames with varying time steps, including a computational time window, input time windows for
variables such as water levels and wind fields, and output time windows, for example, to generate hourly
results.

A comprehensive bathymetric grid is critical for effective SWAN simulations, particularly in shallow
or intermediate water conditions where waves interact with the seabed. While in deep offshore waters,
precise bathymetric details are less critical due to the lack of seabed interaction, in coastal areas, factors
like bottom friction, depth—induced breaking, and refraction become significant. In addition to
bathymetry, grids for variables like wind fields (if not uniform), bottom friction, currents, and water
levels can be input by the user, especially when these variables fluctuate over time, requiring non—
stationary inputs.

The computational grid, defined by the user, sets the geographical scope (X, Y coordinates), size (X and
Y dimensions), orientation, and resolution (grid spacing). This grid should encompass the area of interest
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and ideally overlap with the input grids to allow for interpolation of data such as bottom depth, currents,
and wind conditions. The boundaries of this grid should extend beyond the area where accurate results
are desired, especially when boundary conditions are uncertain. SWAN supports various grid types,

including uniform rectangular, curvilinear, and unstructured (triangular mesh) grids.

As a spectral model, SWAN also requires the user to define the characteristics of the computational
spectral grid, including the frequency range (minimum and maximum), resolution (number of
frequencies), and directional domain. The minimum frequency should be less than 0.7 times the lowest
expected peak frequency, while the maximum should be approximately three times the highest peak
frequency [112]. The frequency resolution is determined within this range.

SWAN needs boundary conditions defined by incoming wave parameters to solve the wave action
balance equation. These boundary conditions can be derived from various sources: (1) parametric
spectra from offshore data (e.g., Hmo, T}, or Tmo1); (2) 1D/2D spectra, either measured or modeled; and
(3) outputs from other wave models like WWIIIL, WAM, or previous SWAN simulations. For parametric
spectral inputs or stationary/non—stationary spectra, users can select the spectral shape at the
computational grid boundary, with options such as JONSWAP (default), PM spectra, or Gaussian
spectra. The seaward boundary is typically aligned parallel to the coast, close to the data source,
assuming uniform wave conditions along this boundary.

When boundary conditions are derived from earlier simulations, a nesting approach is often used. This
involves an initial broad—area simulation with coarse resolution, which then provides boundary
conditions for a finer, more detailed SWAN grid. If the initial simulation uses a model other than SWAN
(e.g., WAM, WWIII), extra care is needed to allow SWAN to adjust the wave conditions to its internal
physics, typically by setting boundaries far enough from the area of interest. Guidelines for designing
nested grids in terms of dimensions, resolution, and spectral parameters are provided in the SWAN user
manual [257] and scientific and technical documentation [258].

Users can customize the physical processes included in the simulation, such as white—capping, wave
interactions (quadruplets and triads), wave breaking, bottom friction, diffraction, and obstacles. These
processes can be activated or deactivated based on the study area's characteristics, and users can choose
between different generations of wave modeling (first, second, or third—generation) to match the
requirements of their specific scenario.

Finally, the output grid must be configured to specify the spatial and temporal resolution of the results.
The output grid, which should align with or be smaller than the computational grid, can present results
in various formats, including grids, curves, contour lines, or specific points. SWAN offers over 20 output
commands, with results available in table formats, matrices, or as 1D/2D energy density spectra.

Since SWAN outputs are purely numerical, users typically require additional software to visualize and
interpret the results. When outputting data in a matrix format, the user can choose between binary or
ASCII file formats. Plotting and analyzing SWAN results generally necessitate familiarity with
complementary software tools.
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3.2.2. SNL-SWAN
SNL-SWAN [33,259] is a software tool specifically designed by the Sandia National Lab to simulate

the effects of WEC arrays on ocean waves. It is an open—source code derived from the well-established
SWAN model developed by TU Delft, and has been verified and preliminary validated by comparison
to experimental data [34-36].

A key enhancement introduced by SNL-SWAN is the WEC module. This module significantly
improves SWAN's ability to account for the power performance of WECs and their subsequent impact
on the wave field. SNL-SWAN employs five distinct methods to determine the transmission coefficient,
which represents the ratio of transmitted over incoming significant wave height (Hy) and is determined
using either the WEC power matrix or the Relative Capture Width curve, activated through specific
switches within the WEC module. This transmission coefficient is then utilized to estimate either a
frequency—variable coefficient within SWAN's Action Density Evolution Equation or a frequency—
constant coefficient. The frequency—dependent wave energy transmission allows for a more accurate
evaluation of WEC farm effects on wave propagation considering also the dependence of WEC

performance on it.

To effectively model WECs within SNL-SWAN, it is essential to provide accurate information
regarding their power performance. This information is typically presented in two primary formats. The
power matrix represents the absorbed power (in kilowatts, kW) by a WEC device across a range of
significant wave heights and peak wave periods. The Relative Capture Width (RCW) quantifies the ratio
of power absorbed by the WEC to the incident wave power in a wave front equal to the characteristic
dimensions of the WEC at a specific frequency. It can be calculated for each individual frequency.

The WEC Obstacle Case (Obcase) parameter within SNL-SWAN determines the method used to
calculate the obstacle transmission coefficient (K;). This coefficient quantifies the amount of wave
energy that is transmitted through the WEC. The baseline SWAN model, equivalent to Obcase 0, does
not account for WECs, the K; is specified directly in the input file. Obcase 1 and 2 employ simplified
approaches, calculating a constant K; based on the power matrix and incident wave field (Hg, T,) or the
RCW value at the peak incident wave period, respectively. For more accurate simulations, Obcase 3 and
4 utilize the power matrix and incident wave spectra or the RCW curve, respectively, to calculate a
frequency—dependent K, allowing for a more realistic representation of WEC energy absorption across
different wave periods.

The normalization width, a crucial parameter in WEC modeling, represents the physical dimension of
the WEC along its face. It is essential to provide this information to ensure accurate simulation results.
It is important to note that the power matrix typically relies on bulk sea state parameters, such as
significant wave height (Hy) and peak wave period (T},), to characterize wave conditions. However, it
does not provide information about the shape of the wave spectrum. Consequently, if spectral
information is unavailable, only Obcase 1 can be employed. Conversely, if a power matrix is available

for discrete wave periods (frequencies) and amplitudes, Obcase 3 can theoretically be utilized.

The RCW curve, which illustrates the absorbed power ratios of a WEC device at varying wave periods,
can be estimated through experimental or numerical methods. While RCW values exceeding 1.0 have
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been observed experimentally, SNL-SWAN imposes a limit of 1.0 to ensure physical accuracy. This
constraint prevents the model from removing more power from the wave field than is physically
available to the obstacle. Furthermore, SNL-SWAN cannot simulate the "antenna effect," where a WEC

focuses wave energy beyond its physical dimensions.

This method enables the transmission coefficient (directly linked to wave power absorption) to vary
when wave conditions change over a relatively broad range of temporal and spatial scales. To date, most
studies assessing the park effects of wave farms and potential synergies with offshore wind farms have
been conducted using SWAN, which simulates WECs as obstacles with an empirically defined K,
which, as previously stated, has serious limitations in reproducing wave energy absorption.

SNL-SWAN models WECs as linear obstacles within a computational grid. When a grid line intersects
an obstacle, a transmission coefficient is applied to the wave energy flux between the grid points. It is
crucial to note that the width of the obstacle does not directly influence its impact on the model. Instead,
the intersection of the obstacle with grid lines determines its effect. A wide obstacle that does not
intersect any grid lines will have no impact on the simulation, while a narrow obstacle that intersects

multiple grid lines can significantly affect the wave field.

To ensure accurate WEC simulations, the grid resolution should be sufficiently fine to capture the
physical dimensions of the WECs. This ensures that the obstacles intersect multiple grid lines, allowing
for a more accurate representation of their impact on the wave field. Additionally, the RCW should be
within the range of 0 to 1.0, as values outside this range will be automatically adjusted by SNL-SWAN,
and the sum of transmitted, reflected, and absorbed energy should not exceed the incident wave energy.
SNL-SWAN will flag any violation of this principle.

The choice of the obstacle case depends on the availability of information about the WEC's power
performance. Obcase 3 and 4 are suitable when detailed spectral information is available, while Obcase
1 and 2 are more appropriate for average sea state conditions.

SNL-SWAN determines transmission coefficients by interpolating values from either the Power Matrix
or the RCW curve. This interpolation process ensures a smooth transition between data points, allowing
for accurate estimation of the transmission coefficient for any given frequency and significant wave
height combination. If a specific frequency or significant wave height falls outside the range defined by
the Power Matrix or RCW curve, SNL-SWAN assigns a transmission coefficient of 1.0. This implies
an absorption coefficient of 0.0, indicating that the WEC does not absorb any wave energy at those

conditions.

In addition to the standard outputs, SNL-SWAN generates a file named POWER ABS.OUT, which
provides detailed information on the absorbed power for each modeled WEC (obstacle). This file is
crucial for analyzing the power capture performance of WEC arrays.

SNL-SWAN offers a higher level of accuracy in assessing the performance of a WEC array compared
to the original SWAN code, including more detailed physics and processes, and a greater control over
the simulation, allowing for the input of more accurate data and the adjustment of parameters to fine—
tune simulations. It can also be adapted to specific scenarios and conditions, providing more flexibility.
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Overall, SNL-SWAN is a powerful tool that significantly improves upon the original SWAN model for
simulating ocean waves and assessing the performance of WECs.

For the present work, a frequency—dependent transmission was used, calculated according to the WEC’s
power absorption matrix at each of the binned incident wave frequencies. As a result, SNL-SWAN does
not consider the diffracted or radiated waves resulting from WEC operation. On these grounds, SNL—
SWAN does not take into account resonance phenomena and possible standing waves in the WEC array.

Based on the aforementioned characteristics, SNL-SWAN shares with the standard SWAN model an
inherent limitation to accurately model WEC power absorption [230]. Nonetheless, nowadays, SNL—
SWAN emerges as the most suitable choice for modeling environmental and far—field impacts, over
RANS/SPH-CFD, coupled BEM and Boussinesq, Mild—Slope, and non—hydrostatic models, primarily
owing to its ability to model wave propagation over large coastal areas with varying bathymetries, all at
a very reasonable computational cost [230]. In contrast, the potential flow models lack the flexibility to

work with varying bathymetries.

3.2.3. SNL-SWAN Model setup

The performance of each wave farm is evaluated by the application of SNL-SWAN using stationary
mode in each sea state. The model domain is discretized into a curvilinear grid and the bathymetry is
defined over the model domain, applying a triangular interpolation, followed by internal diffusion, using
the Delft3D-QUICKIN toolbox [260]. This ensured adequate aspect ratio, Courant number and
orthogonality values towards high—fidelity simulations [261]. All grid resolution was planned to provide
at least 10 crossings of each obstacle line.

The spectral resolution used was a circle in 36 directions with frequency interval varying from 0.05 to
1 Hz in 24 bins. Depth—induced breaking with ¢ = 1 and y = 0.73. The bottom friction used the
JONSWAP parameter with a coefficient of 0.067 m?s~3. To calculate the transmission coefficient the

Obcase 3 (power matrix with frequency dependent values) was applied.

Wave conditions are specified at the four boundaries of the model domain. JONSWAP wave spectra are
used to define the wave height, peak period, and spectral shape. The boundary conditions vary according
to the defined sea state and the area is automatically adjusted by the algorithm.

3.3.Unsupervised classification for minimal representative sea states

Unsupervised classification is a fundamental method in machine learning and data mining, allowing for
the automatic discovery of hidden patterns and structures within unlabeled datasets, attributes or
characteristics. The process involves representing the data, defining a distance or similarity measure,
initializing the clusters, assigning data points to the clusters, iteratively refining those clusters, and
evaluating the results. The group assignment is done based on the similarity to cluster centroids. The
quality of the clusters can be evaluated using both internal or external metrics. Different clustering
algorithms exist, each employing different strategies and assumptions based on the nature of the data
and the problem at hand.
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K—Means clustering approach involves partitioning a dataset into a specified number of clusters, where
data points within each cluster exhibit high similarity, while clusters are distinct from one another. The
clustering process iteratively minimizes the sum of squared Euclidean distances (SED) between data

points and their respective cluster centroids:
K

2
SED =) > x| (40)

k=1 xiEMkc

where x; is the individual data point, and p;, the centroid of cluster k..

k—Means offers a computationally efficient method for reducing a large dataset into a smaller number
of representative subgroups. Some studies applied clustering methods to wave climate estimation,
mostly k—means, to deal with the huge amount of data [262—270]. The k—means clustering algorithm
can be applied to metocean data (e.g., significant wave heights, Hg, peak wave periods, Tp, peak wave
directions, 6,,) to analyze and understand local extreme events, as well as to characterize waves and

currents.

In this context, k—means clustering aims to identify distinct groups or clusters within the dataset based
on the values of Hg, Tp, and 8,, [268], to reduce the number of sea states needed for the study. However,
it is important to note that k—-Means can only guarantee a local optimum, and its performance may be
influenced by the initial choice of centroids. Therefore, data standardization is often recommended to
mitigate the impact of differing scales.

The unsupervised classification methods utilized included k—means, Gaussian Mixture models (GMM),
and Variational Bayesian Gaussian Mixture models (VBGMM). These methods were implemented
using the python scikit—learn library [271] with the full and filtered dataset. The approach followed the
normalization procedure outlined by Camus [262], to equalize the scales.

To assess the effectiveness of sea state clustering, this study employed two common error metrics: Mean
Absolute Percentage Error (MAPE) and Root Mean Squared Error (RMSE). These metrics are widely
used to evaluate model predictions providing valuable insights into the representativeness of each cluster
regarding the corresponding sea states [272]. Notably, previous research [264—267] used metrics similar
to MAPE to evaluate input wave parameters within k—-means clustering applications.
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where x; is the measured value, x; the estimated value and n the number of data points.
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The definition of the optimal number of sea states was determined by locating the number of clusters
that could provide sea states that represent at least 90% of the incoming wave energy. In this process,
power representativeness (¢,) was used,

— Z?ZI(Pcentroid X Nc)

¢ 43
. TP, “3)

where P..,t0iq Tepresents the wave energy per meter of wave front for each sea state, represented by
the centroid of the cluster, N the total number of data values, N, the values inside a cluster, n the number
of clusters, and P; the incoming wave energy per meter of wave front for each data value.

3.4.Genetic Algorithm

Achieving the stated objective of building a Genetic Algorithm (GA) with a novel multi—objective
function, while integrating SNL-SWAN as the Hydrodynamic model for array evaluation, involves a
sequential chain of development. The process starts with an initial assessment of the WEC, determining
key farm characteristics, including the type, number, location, and orientation of the devices, alongside
defining the optimization metric. Moreover, as part of the whole package of optimization some side
algorithms were needed to support the GA, such as an algorithm to automate the process of input creation
and execution of multiple simulations using the SNL-SWAN model, which is the core of layout

evaluation.

The first step before entering the new tailored GA loop of generations is the definition of sea states,
which using the data from the clustering and a side algorithm (included in the provided GA code), create
the SWAN input files and simulate them to define the baseline scenarios. The second step is the random
creation and simulation of an initial population in the deployment area. In all simulations in this work,

the initial population size was 500 individuals (WEC farm layouts).

Then the workflow of GA enters in a loop, Figure 24. The SNL-SWAN model is incorporated inside
the GA loop. At the beginning, the model simulates all initial populations for every sea state, generating
2 outputs: the power absorption of each WEC and the Hg of every node in the AOI. Those outputs are
processed in the evaluation code, and generate a table with weighted mean Hg reduction and power

absorption for each layout.

The fitness evaluation uses the WLA index [63] to classify the layouts and determine the elite that will
be granted in the next generation. The parents’ selection is done using the probability according to the
individual ranking, i.e., individuals of higher rank have higher chances to be picked, independently of
their WLA value. It is worth noting that even with a low probability of choosing the same pair of parents
more than once, the creation of new individuals is forced to be different from the ones already in the
offspring. The reproduction was performed by applying the crossover, according to the flowchart in
Figure 25 and mutation, Figure 26 , using the function “create child layout” described in the flowchart
presented in Figure 27, which combines the WECs from the parents regarding the minimal distance

between WECS constrain.
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Figure 24 — Genetic Algorithm loop.

The crossover flowchart outlines the selection process for elite individuals and best parents, which are
individuals preserved even when the crossover operation is bypassed due to the crossover rate used to
populate the next generation. This ensures the retention of valuable genetic information from the
previous generation. The information for all individuals, including offspring generated by crossover and
elite members from the prior generation, is retrieved from a dictionary data structure. Then, the crossover
loop iterates through each crossover rate, determining whether crossover should be applied based on the

predefined probability.
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To maintain population diversity and prevent duplicates, a check for repeated individuals is done after
the crossover operation. This ensures that the newly formed population adheres to the principle of a
unique solution space within the GA. Finally, the complete population undergoes mutation, introducing
random variations within each WEC (segment) while adhering to the pre—defined layout constraints.
This mutation process injects novelty into the population, facilitating the exploration of the solution
space.

Generating offspring layouts (children) within a continuous domain presents a challenge due to the
minimum distance constraint between individual WECs. This function, illustrated in Figure 27,
addresses this challenge by randomly selecting a WEC from either parent layout. The selected WEC's
position is then evaluated to ensure it adheres to the minimum distance requirement from previously
placed WEC:s in the child layout.

However, this approach can potentially lead to deadlocks where the remaining WECs cannot be
positioned within the constraints. To mitigate this, a limit is set on the number of placement attempts
for each WEC. If this limit is reached without a successful placement, the reproduction process restarts.
This mechanism ensures that even if the parents are highly similar, a valid child layout satisfying the

minimum distance restriction will eventually be generated.

There are two possible ways that an individual from previous generations survives to the next one. The
first one is that it belongs to the elite of that generation, which assures that the best individuals of the
generation are not lost in the reproduction process. The second one is when the crossover does not occur,
i.e., the rate of occurrence of that matting is lower than the crossover rate predefined. In this case, the
best parents are repeated in the next generation after a chain of checks to ensure no individual repetition
in the offspring.

74



Multi-Objective Optimization Framework For Wave Energy Farms
Combining Machine Learning, Genetic Algorithms And Numerical Modeling

Create child layout

layout1, layout2,
minimum_distance

=

\While number of child's WECs &lt; layout size //New child Iayout/

Select WEC randomly

Calculate distance

selected WEC,
/ child layout WECs

Calculate center
coordinates

heck if selected WEC satisfies
minimum distance condition

Add WEC to child's WECs

Calculate distance to all WECs
placed

SE=

Increment attempts

Restart child's
WECs

Check maximum attempts

Figure 27 — Flowcharts of the function to create a new (child) layout simulating reproduction between two
previous generation layouts (parents).

While the value of each fitness is important to determine the chances of individual survival, there is no
guarantee that the ones with the higher fitness values will survive or the ones with the smaller values
will perish, because of the non—deterministic nature of the method [213]. Given that, it could occur that
some individuals with low fitness value genes might prove to be useful when recombined in new
chromosomes, which is a low probability “second chance”, offered by the process flexibility that would
be impossible in a more deterministic setting [213].
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3.4.1. Optimization Problem Definition

The optimization problem in this study is designed to maximize the WLA index in each generation, as
presented in [63] and developed in Section 4.2, which will optimize the g-factor and the HRA globally.
For demonstration purposes, in this study equal weights (p=s) were assigned to ensure a balanced
contribution from both factors and specific weights to optimize for maximum power absorption (p=1)
and maximum shield protection (s=1), to verify the data in a single objective. Additionally, a definition

of weights using economic parameters was employed in CASE I (section 5.3.1).

The algorithm adjusts the positions of the WECs to find the optimal layout. The position of the WECs
is constrained by sector bounds or a polygon, where WECs are limited to this deployment. The selection
of the crossover rate and population size was driven by their influence on the required number of SWAN
simulations for each layout. Given the computationally intensive nature of multiple SWAN simulations,
it was imperative to carefully consider these parameters to strike a balance between solution quality and

computational cost.

To optimize the trade—off between exploration and exploitation within the solution space while
minimizing the computational burden imposed by the several simulations, the crossover rate (70% and
95%) and population size (25 and 50 arrays) were varied. Additionally, to keep a proportionality and an
integer number, the elite size varied with the population size, 12% for cases with 25 layouts and 10%
for cases with 50 layouts. This approach allowed to efficiently explore a diverse range of solutions
(while ensuring feasibility) and apply them to other arrangements with more WECs (28, 84, 100, 150
and 200) and larger spacing between WECs (5D and 7D).

The termination criteria were defined based on the stability of the main parameters (g-factor and HRA),
with a tolerance of 10, This means that the optimization process terminates after 20 consecutive
generations without changes in the g-factor and HRA exceeding this threshold.

The arrangement of simulation parameters for model sensitivity analysis, including crossover rate, elite
size, number of WECs, number of layouts, and minimal spacing between WEC:s, is detailed in Table 5
— Simulation Setup. These configurations were designed to test the algorithm under different scenarios
and evaluate its robustness and performance in optimizing WEC layouts. The subsequent simulations

applied the GA configuration S1, which presents the best results in the analysis.

3.5.Simulations

The simulations are designed to evaluate the proposed framework, ensuring accurate representation of
energy extraction and wave field interactions. Therefore, to accommodate a wide range of deployment
scenarios, two different obstacle placement methods were employed: a sector—based approach for
offshore, shielded deployments, and a random placement approach for nearshore, restricted areas.

In the sector—based approach, WECs are arranged along a circular arc, with their orientation
perpendicular to the radius, changing the orientation in the 2D plane. This configuration provides
shielding to a specific area. In the nearshore approach, WECs are randomly placed within a defined area,
facing the predominant wave direction.
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The following sections provide a detailed explanation of the methodologies used to evaluate the
performance of individual devices, perform a sensitivity analysis, incorporate economic parameters into

the WLA function, and apply the framework to coastal zone case studies.

3.5.1. Single device

The performance assessment of individual WECs is crucial for analyzing the overall performance of a
WEC farm. While the rated power of a WEC represents its theoretical maximum power absorption under
ideal conditions, real-world performance is often significantly lower due to various factors such as wave
conditions and device limitations. To accurately evaluate WEC performance in specific sea states or a
range of sea states, simulations of individual WECs are necessary.

One key parameter in WEC farm optimization is the g-factor, which quantifies the efficiency of energy
extraction from the wave field. To accurately estimate the g-factor, it is essential to model the power
absorption of individual WECs with sufficient precision. In SNL-SWAN, the power absorption of a
WEC is influenced not only by wave height, period, and direction but also by the number of grid lines
it intersects. Previous studies suggest that at least 5—10 grid line intersections are required to ensure
accurate results. To meet this requirement, the grid resolution in this study was refined to achieve more
than 10 intersections per WEC.

To determine the performance of individual WECs in each deployment scenario, two simulation
methods were used. For offshore, co—located WECs, an arc method was employed, where WECs were
placed at 0.5—degree intervals along the arc and simulated for all sea states. For nearshore WECs, a
random method was used, where WECs were randomly placed within the defined area and simulated
for all sea states. In both cases, the average power absorption from all simulations was used to represent
the performance of a single WEC.

3.5.2. Model sensitivity analysis
3.5.2.1. Case study site

The case—study site is located offshore Viana do Castelo (Northern Portugal), where the offshore farm
of WindFloat Atlantic project is located. This wind farm is composed of three floating wind turbines
with a total installed capacity of 25 MW, and is located between 17 to 19 km from the coast of Viana
do Castelo, where water depths can reach 100 m [73]. The wind farm positioning area is 4.77 km?, and
the protection area is 11.25 km? [273]. Figure 28, presents the location of WindFloat park and Table 3
the vertices’ coordinates of the protection area and the wind turbines (WFA) [274].

This research work builds upon previous work [63] (section 4.2), which introduced the evaluation
parameters HRA, g-factor and the WLA index. In this scenario, the importance of shield protection (s)
and energy production (p) was considered the same. The WEC used was CECO described in section
3.5.2.2.
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Table 3 — Coordinates (WGS84) of the protection area vertices and the wind turbines [274].

Vertex Latitude (°) Longitude (°)
A —9.0875989 41.697497
B —9.0335472 41.697934
C -9.0332331 41.675428
D —9.0872658 41.674992
WFA3 -9.0501671 41.686668
WFA1 —9.0574999 41.686501
WFA2 —9.0646667 41.686501

Unlike the previous work, which employed fixed layouts for the WEC:s, this study utilizes a continuous
domain for WEC placement. This approach allows for greater flexibility, as WEC locations can be freely
optimized within the designated area, adhering only to minimum distance constraint between WECs. To
initiate the optimization process, the initial layout was generated by randomly placing WECs within the

allowable domain. Figure 29 depicts one such initial layout alongside the selected placement area.
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Figure 28 — Location of the WindFloat Atlantic farm. ABCD are the vertices of the protection area and
FEGH the submarine cable area [273].
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Figure 29 — Protection area (dark blue), WEC farm possible area (light blue), area of interest (red), and

wind turbines (yellow).

3.5.2.2. Wave Energy Converter and bathymetry

In this study, the floating version of CECO [275-277] device was used as a case study for capturing
wave energy. CECO is a point absorber WEC that utilizes a sloped power take—off (PTO) system [276],
allowing it to capture the vertical and horizontal force components of ocean waves [278,279]. The main
elements of CECO consist of two lateral mobile modules (LMMs) connected by a frame of tubular
elements. In its current design, CECO uses a rack and pinion system to convert the absorbed energy into
electricity [275]. Figure 30 illustrates a scheme of the CECO concept and its working principle.

Research over the last eight years has been conducted to optimize the original CECO design. Changes
such as the shape and mass of the LMMs have been made to improve the hydrodynamic response of the
device and increase its power absorption for a wider range of wave conditions [280]. The PTO damping
[281] and inclination [282] have also been found to play a significant role in the device's response. These
variables can be adjusted to match the resonance condition for the most frequent and energetic sea states,
which improves CECO's power absorption.

CECO also offers high flexibility in terms of installation. The original design, for nearshore shallow
waters, was based on a bottom-fixed support structure. However, a floating alternative for deeper
locations was designed and optimized for the wave conditions of the Portuguese coast, based on a
tension leg platform with a star—shape mooring system. This configuration offers the best results in
terms of energy production and mooring loads [277]. In this study, the floating version of CECO defined
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by Giannini et al. (2020) is used as the case study. For the SNL-SWAN, the relevant design
characteristics are the width (22m overall), and the power matrix.

Rack-pinion system
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Figure 30 — CECO concept (a) and its working principle under wave action (b) [275].

Table 4 summarizes the principal features of CECO. Since, there has not been many studies done on the
impacts of CECO offshore parks, this study uses the results of Ramos et al. (2022a), which was done at
the same site, as starting point. The authors proposed an arrangement of CECO WECs placed on a
curvilinear alignment facing the prevailing wave direction (NW or 315°).

As mentioned before, the SNL-SWAN model uses the WEC power matrix to establish the transmission
coefficient. Therefore, the power matrix of CECO [283] was used as an input to the model and is
presented in Figure 31.

In SNL-SWAN, a WEC is treated as a line of WEC—wide extension, and the device is considered by
the model only where it crosses the grid. Hence the grid must be small enough to catch the WEC line as
much as possible. To achieve good accuracy in simulating the WEC with reasonable use of processing
time, a grid of 5.5x5.5m was created, which is 1/4 of the WEC size and guarantees at least the crossing
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of 5 grid cells. The whole extension of the grid covers an area of 6.6x4.4km (1200x800 cells) centered
in the WindFloat Atlantic Park.

Table 4 — Principal features of the CECO WEC.

Parameter Value
PTO inclination angle (°) 30
LMM inclination (°) 45
LMM length (m) 9.52
LMM width (m) 6
LMM maximum stroke (m) 15
LMM mass (ton) 288
Overall width (m) 22

PTO rated power (kW) 500

Hmo (M)

3 5 7 9 11 13 15 17 19
Tp (s)
200 250 300 350
Power (KW)

Figure 31 — Power matrix for CECO that shows the average power output by sea state [Adapted from 175].

The bathymetry data were obtained from the datasets of GEBCO (The General Bathymetric Chart of the
Oceans), which operates under the joint support of the International Hydrographic Organization (IHO)
and the Intergovernmental Oceanographic Commission (IOC) of UNESCO.
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3.5.2.3. Simulation setup

The crossover rate and the population size have a significant influence on the model computational time.
Therefore, the used approach commenced with a series of simulations where these parameters were
systematically varied. Then, upon identifying the optimal configuration, further simulations were
conducted to assess the method's efficacy across a broader spectrum, encompassing a larger array of
devices and increased inter—device spacing.

Table 5 provides a comprehensive overview of the simulation setups employed in this investigation,
detailing the average new layouts generated (referred to as "children") and the corresponding number of
simulations needed by each variation of the GA parameters. The “efficiency” of each simulation
iteration was quantified by computing the average execution time across its generational iterations,

compared against the baseline established by the fastest simulation, which was S1.

Table 5 — Simulation Setup.

SIM WECs Layouts Min Elite Crossover Children Simulations Max
Dist. Rate /Generation  /Generation Gen.

S1 50 25 2.5D 0.12 0.70 15.4 123.2 500
S2 50 25 2.5D 0.12 0.95 20.9 167.2 260
S3 50 50 2.5D 0.10 0.70 31.5 252.0 150
S4 50 50 2.5D 0.10 0.95 42.75 342.0 120
S5 100 25 2.5D 0.12 0.70 15.4 123.2 200
Sé6 200 25 2.5D 0.12 0.70 15.4 123.2 200
S7 50 25 5D 0.12 0.70 15.4 123.2 125
S8 50 25 7D 0.12 0.70 15.4 123.2 125

As will be more comprehensively elaborated in section 5.1.2, simulation S1 was not only the fastest (by
generation) but also presented the best results. Hence, the simulations denoted as S5 to S8 aimed at
elucidating the method's scalability to accommodate a larger number of WECs and increased inter—-WEC
spacings, using as basis S1 configuration. This configuration entailed a crossover rate set at 70%, a
population size consisting of 25 individuals (farm layouts), and an elite rate of 12% (equivalent to 3
individuals). Notably, the average efficiencies observed in these subsequent simulations deviated by less
than 1% from that of the benchmark S1 simulation.

The simulations were executed on the FEUP cluster, which comprises multiple nodes, each possessing
distinct CPU processing capacities. To ensure equitable comparison, the number of generations for each
simulation was estimated to achieve at least the computational execution time equivalent of 100
generations of the slowest simulation (S4), which was about 4 days. It is noteworthy that, to maintain
consistent runtime conditions, all simulations were executed utilizing 24 cores on an AMD EPYC 7443
processor for a minimum of 10 generations. Consequently, owing to its superior performance, the S1

simulation was extended to 500 generations to optimize the layout of the WEC farm layout.
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3.5.2.4. Verification Study

A comparative study was conducted to validate the performance and accuracy of the proposed
optimization algorithm. Three simulations were selected (S1, S5 and S6) to obtain results with different
numbers of WECs (50, 100, and 200). The study compares optimization results obtained using the dual—
objective function (WLA) against those obtained with single—objective functions focused exclusively
on maximizing the power production (g-factor) and the shield protection factor (HRA). This comparison

aims to highlight the importance and effectiveness of the dual—objective approach.

Additionally, the accuracy of the algorithm is evaluated by rerunning the selected cases and comparing
the optimized layouts with those presented in the first simulation (original run). To evaluate the
positional discrepancies between the rerun optimized layouts and the original simulation, the RMSE
was employed as a quantitative metric. The calculation methodology comprised two key steps.

First, to find the optimal pairing of WEC positions, the Kuhn—Munkres algorithm was utilized to
establish the optimal correspondence between the WECs in the original and rerun layouts. This method
minimizes the total positional distance across all WECs, ensuring an objective and globally optimal
pairing. Once the optimal pairs were identified, the RMSE was calculated to the distances between the
paired WECs. This approach captures the magnitude of the average positional error in meters, providing
a comprehensive measure of the layout deviations between simulations. Additionally, two other
parameters were evaluated, the distance between the centroids of each WEC array and the number of

WECs with a distance from the pair higher than the WEC width, to evaluate the precision.

This methodology ensures a rigorous and systematic assessment of the optimization algorithm's
consistency. The RMSE serves as a robust indicator of the accuracy of the rerun layouts compared to
the original simulation, reflecting the algorithm's capability to reproduce optimal configurations under

varying conditions.

Considering the computational costs, all simulations performed for verification were executed with a
termination criterion of 200 generations and compared to the results of the original simulation at the
same generation.

3.5.3. Wave farm Layout based on economic parameters

The methodology, location, device configurations, and algorithmic parameters used in this analysis
replicate those from simulation S1 in the sensitivity analysis, as this case demonstrated the most
favorable results. In previous scenarios, the weights applied in the objective function were either equal
or designed to prioritize power absorption or shield protection, without explicitly incorporating the

economic advantages inherent to each parameter.

Typically, the LCoE index is utilized to analyze the economic aspects of WEC farms. However, as LCoE
includes several fixed parameters unaffected by WEC positioning or variations with negligible influence
relative to the benefits derived from increased power absorption and enhanced accessibility, it was
deemed unnecessary to explicitly incorporate all LCoE factors in this case. Instead, the influence of two
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primary parameters, the HRA and the g-factor, was prioritized to define the weights in the objective

function.

The valuation of both objectives was grounded in existing economic references. The guaranteed price
per kilowatt—hour (kWh) from the WindFloat Atlantic project, as determined by the Portuguese
government (0.1552 €/kWh), was used as a proxy for revenue from wave energy production. Meanwhile,
the average waiting hour cost for Operations & Maintenance (O&M) in offshore wind farms (300 €/h)
provided an estimate for accessibility—related costs. While these values are not directly applicable to
WEC farms due to the absence of established wave energy incentives, they serve as reasonable
approximations. This approach considers that both wind and wave energy operations share similar

thresholds for O&M activities, particularly regarding vessel operations.

Using these values as a reference, the optimal layout of 50 WECs, identified from simulation S1,
achieved estimated annual savings of approximately €746,000 and a revenue of around €9 million. It is
important to emphasize that this revenue does not represent the total income generated by the farms, as
it excludes the comprehensive costs associated with the entire power production chain. The revenue
associated with power production, driven by the g-factor, was calculated using the following formula:

Rev = q-factor X Nygcs X Pygc X GP (44)

where, Rev represents the revenue, Ny gcs the number of WECs in the array, Py gc the power output of

a single WEC, and the GP the guarantee price, which is a fixed remuneration rate.

The valuation of HRA was derived from the savings related to the increase in accessibility, defined as
the time that the significant wave height (H;) was reduced to values below 1.5 m, which is the typical
threshold for safe sea operations. The savings derived from the improvement in accessibility was linked
to reductions in waiting time and the cost of keep the maintenance crew waiting on land, as follows:

Acyec — Acy
where the WS represents the savings of lower waiting time, Ac, the baseline scenario (without WECs)

access time to the wind farm, Acy,.. the scenario with the WEC farm, WC the waiting time cost.

This relationship was established by applying a matrix of wave height reductions to the dataset,
quantifying the accessibility improvements attributable to specific layouts, and translating these into

annual waiting time reductions.

Using data from previous simulations involving 50 WECs (S1, S2, S3, S4, S7, and S8), the relationships
between the g-factor and HRA were analyzed (Figure 32), revealing a strong linear correlation with a
Pearson correlation coefficient of 0.92. However, this correlation is notably biased, as the layouts were
optimized to simultaneously maximize both factors. To address this, valuations for each objective were
obtained through linear regression, as shown in Figure 33 and Figure 34. The resulting representative
curves illustrate the relationships between each objective and the corresponding economic benefit.
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Figure 34 — Relationship between the g-factor and the revenue provided by the commercialization of the
electric energy produced.

Given that both revenue and savings were evaluated based on full-time annual operations, the process
of determining the weights for the objective function began with analyzing the rates of change (or
gradients) of the financial valuation curves for each objective. These curves represent the relationship

between the specific objective (such as power production or accessibility improvements) and its

corresponding economic benefit.

To quantify the gradients, the first derivative of each curve was calculated. The derivative in this context
measures the rate of change of the economic benefit with respect to the objective’s improvement. Since
the relationships between the objectives and their financial outcomes were linear, the derivative
simplifies to the coefficient of linear term (m) of each curve.

The next step involved determining the relative contributions of each objective to the overall financial
benefit. The gradient of the curve for each objective serves as an indicator of its economic impact. To
balance these contributions, the gradients were normalized by calculating their proportions relative to
the total gradient (sum of the gradients of all objectives). The weights were then assigned as:

= T2 _0.6582 =T _0.3418
p—m1+m2— ' ’ s_m1+m2_ ' (46)
This method ensures that the weights reflect the relative importance of each objective to the overall
financial outcome, providing a balanced and economically rational basis for optimization. By
constraining the sum of the weights to equal 1, the methodology maintains consistency in the distribution

of influence across the objectives while aligning with their economic significance.
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3.5.4. Wave farm optimization for coastal zone (nearshore)

This section outlines the methodology used for optimizing WEC farms in nearshore coastal zones. Two
distinct Portuguese case sites, Esposende and Agucadoura, were selected to demonstrate the
applicability of the proposed framework. The optimization aims to address two main objectives:

i.  Enhancing coastal protection by mitigating erosion and flooding;
ii.  Minimizing environmental impact on the shoreline.

Both case sites were selected due to their vulnerability to coastal hazards [284—288], such as erosion
and flooding, and the availability of prior studies (Clemente et al. [289] for Esposende and Santiago et
al. [290] for Agucadoura). These studies serve as benchmarks to compare the effectiveness of the
optimization algorithm. Figure 35 shows the localization of the study areas referencing to Esposende,
Agugadoura and Viana do Castelo as reference of the offshore case.

®Corunha

Luco

®Santiago ce Compostela

®Porto

®Averro

29 ®Coimbra

Portugal

Eisboa

Figure 35 — Localization of the study case, in Esposende, Portugal. Referencing important adjacent
areas. Adapted from google earth.
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The expected outcomes are the identification of optimized WEC configurations and layouts for coastal
protection and reduced environmental impact, the demonstration of the Al framework's ability to
outperform existing fixed—layout approaches, and the quantification of wave height reduction, erosion
mitigation, and farm efficiency for both study sites.

3.5.4.1. Case Study Sites
3.5.4.1.1. Esposende (Ofir—Fao Beach)

The study area is situated at the mouth of the Cavado River and its estuary (41°32'20.92"N;
8°47'31.65"W), along the coast of Esposende, in the Braga district, Portugal (Figure 35). The river
mouth is bounded to the north by a breakwater and to the south by the Ofir sandspit, a sandy formation
approximately 2100 m long that separates the river from the sea. This serves as a critical natural defense
for Esposende against coastal erosion and wave action, although its morphology is highly variable due
to the interplay of marine and fluvial dynamics.

Figure 36 hatched area highlights the risk of flooding and Figure 37 highlights this risk of erosion,
emphasizing the urgent need for coastal protection.

100 year return period
Fluvial flood
Coastal flood @

Figure 36 — Flood risk areas in Esposende. Adapted from IH portal [291].

The Ofir sandspit and adjacent coastal structures, including a dyke and a groyne, play key roles in
managing shoreline evolution. However, these structures are increasingly vulnerable to marine
environmental actions which result, for instance, in crest height reductions of the sandspit and frequent
overtopping, especially during high tides. Extreme weather events exacerbate this, allowing waves to
penetrate the estuary and cause flooding in urban areas. Notably, the Program for Coastal Zones [285]
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identifies annual erosion rates at Ofir-Fdo beach of 1.85-1.95 m, projecting a coastline retreat of
approximately 100 m by 2050. This corresponds to the Level I Coastal Erosion Safeguard Zone, posing
significant risks to people and property. Additionally, flood risks are concentrated on Ofir—Fao beach,
identified as a medium flood risk area for a 100-year return period.

Figure 37 — Erosion risk areas in Esposende. Adapted from POC [285].
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The Esposende nearshore, part of the Natura 2000 Network (Littoral North Natural Park) [292], includes
protected habitats such as rocky outcrops and biogenic reefs. The area is under pressure from coastal
erosion, tourism, and fishing activities, with the latter concentrated within 3 nautical miles of the coast.
Despite these challenges, Clemente et al. [289] proposed a WEC farm deployment area that balances
environmental protection with operational feasibility.

The proposal accounts for geomorphology, dredging sites, sedimentary areas, protected habitats, and
suspended sediment flow, alongside seabed characteristics, depth constraints, and marine space
conflicts. The selected site adheres to the operational depth range of WEC technology and avoids
sensitive areas such as shoreline reefs, Western biogenic reefs, touristic beaches, and sand and gravel
deposits. Positioned near the 20-meter depth contour, the farm minimizes visual impact due to its
submergence. Its orientation, aligned with prevailing NW—-W wave directions, attenuates wave energy
leeward of the farm, creating a wake effect that benefits the river mouth and Ofir sandspit, promoting
safer conditions for coastal activities. The polygon delineating the proposed deployment area is
illustrated in Figure 38.
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Figure 38 — The Esposende WEC farm deployment area is outlined in black. The WECs are represented by
small lines inside this area. Red regions indicate vulnerable habitat areas, while the pastel shading
extending from the Cavado River mouth through the red zone represents the suspended sediment flow.
The seabed contours are color—coded according to the accompanying color bar. This figure has been
adapted from the DGRM geoportal [287] and the IH infographic [291].
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3.5.4.1.2. Agugadoura

The Agucadoura test site, established in 2001, is a grid—connected facility for maritime renewable
energy testing located approximately 5.5 km offshore from P6voa de Varzim in northern Portugal. This
site is internationally recognized as a pioneering location for developing and demonstrating WEC
technologies. Spanning an area of approximately 3.0 km? in water depths ranging from 40 to 60 m, it
benefits from the energetic wave climate of the Atlantic Ocean, making it ideal for evaluating and
optimizing maritime renewable energy devices. Figure 39 presents the local bathymetry and the
delimitation of the test site in Agugadoura by DGRM [293].

Since its inception, the Agucadoura test site has hosted the testing of some devices: the Archimedes
Wave Swing (AWS), tested as part of early advancements in wave energy technology; the Pelamis Wave
Power P1 machines, deployed as the world’s first commercial-scale wave energy farm, the Agugadoura
Wave Farm, in 2008; the WindFloat 1 Prototype, a floating offshore wind energy device developed by
Principle Power; and more recently the CorPower Ocean C4, currently being tested as part of the Hi—
Wave5 project.

le6
4.594

—— Test site

Latitude
Bathymetry (meters)

T T T
512000 513000 514000 515000 516000
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Figure 39 — Bathymetry of the region of the Agugadoura test site. The grey shadow is the test site.

The HiWave-5 project [294] has deployed a full-scale C4 WEC prototype at Agucadoura, Portugal
(41.4306°N, —8.7861°E), within a 750 x 500 m? test site at depths of 35-50 m. The project capitalizes
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on the region’s robust wave energy resources and existing grid infrastructure. The C4 device, measuring
9 x 18 m and weighing 60 tons, is designed to produce five times more energy per ton than previous
technologies. The pilot demonstration aims to validate the technology, achieving market viability and

enabling pre—commercial wave farms [290].

Agucadoura’s infrastructure includes a 3 MW export cable for grid integration, supporting the testing
of full-scale or partial-scale wave energy devices and floating solar technologies. The site is currently
undergoing infrastructure upgrades, including the installation of a three—input subsea hub to
accommodate multiple device connections. In addition to wave energy devices, the site also serves as a
testing ground for robotic systems, aquaculture structures, and ocean monitoring and cleaning

technologies.

Coastal areas near Agugadoura, such as Aptlia to the north and Ribeira da Barranha to the south, are of
interest due to their environmental vulnerability. While these areas generally face low flooding and
erosion risks, more significant threats are observed further north in Ramalha, where erosion rates range
from 0.65 to 2.35 m per year, and overtopping risks are severe near the Alto River mouth. By 2050,
coastline retreat in this region is projected to reach 65 to 125 m. The hatched area in Figure 40 highlights
the risk of flooding and in Figure 41 highlights this risk of erosion, emphasizing the urgent need for
coastal protection.

100 years return period
Fluvial flood
Coastal flood B

Figure 40 — Flood risk for Agucadoura area. Adapted from IH portal [291].
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Figure 41 — Erosion risk for Agugadoura shoreline. Adapted from POC [285].
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Although Agucadoura experiences relatively low erosion rates, overtopping remains a concern,
particularly near Ribeira da Barranha. These vulnerabilities highlight the importance of integrating
coastal dynamics into energy development planning to mitigate potential environmental impacts.

The Agugadoura test site exemplifies Portugal's commitment to advancing its blue economy by fostering
sustainable use of marine resources. Managed by WavEC and INESC TEC, the facility continues to
evolve in response to technological developments and the needs of developers. Its role as a real-world
testing environment has enabled collaborations between academic institutions, technology developers,

and government organizations.

By providing a controlled yet dynamic testing ground, Agucadoura supports the development of
innovative technologies that contribute to global renewable energy goals. The site’s strategic location
and robust infrastructure reinforce its position as a cornerstone in the advancement of maritime

renewable energy technologies.

3.5.4.2. Wave Energy Converters
3.5.4.2.1. Oscillating Wave Surge Converter

An oscillating wave surge converter (OWSC) is a type of WEC designed to extract energy from the
surge motion of water particles near the surface in response to incoming waves. These devices typically
operate in nearshore environments, where wave energy is concentrated due to the shallower depths and
the increased influence of wave surges. The OWSC is characterized by its large, flap-like structure that
is anchored to the seabed. The bottom-fixed oscillating flap (B—OF) is typically positioned perpendicular
to the wave direction. Figure 42 illustrate the concept of a B-OF OWSC [296].

Inverted pendulum ‘Paddle = Outgoing Shore
/ wave direction g
// ‘\::/ / _7'/* \./\\ 5
Hydraulic pump 7
Incoming = - Hydraulic motor a
wave direction // -Generator -~ Cable to shore

Figure 42 — Representation of the B—-OF OWSC concept. Adapted from [296].

The WaveRoller® is a B-OF OWSC developed by the Finnish company AW-Energy [295]. It represents
a high Technology Readiness Level (TRL) WEC designed to harness ocean wave energy efficiently in
nearshore environments. Operating in water depths of 8 to 20 m, the WaveRoller® is typically deployed
between 0.3 and 2 km from the shoreline, making it ideal for shallow to intermediate—depth coastal areas

where horizontal water particle motion predominates.
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As waves pass over the panel, the surge motion of water particles induces a back—and—forth oscillatory
movement. This motion is captured by the panel and converted into electricity through a Power Take—
Off (PTO) system, which comprises hydraulic cylinders, a hydraulic motor, and an electric generator.
The panel motion pressurizes hydraulic fluid in a closed, hermetically sealed hydraulic circuit,
eliminating the risk of environmental contamination. The pressurized fluid powers a hydraulic motor
that drives an electricity generator, and the generated electricity is transmitted to the grid via subsea

cables.

The WaveRoller® has undergone rigorous testing and multiple stages of development, including
prototype evaluations and commercial pilot projects. A notable full-scale deployment off the coast of
Peniche, Portugal, demonstrated its capability to produce consistent power output under real ocean
conditions. These trials, complemented by numerical studies such as those utilizing the SNL-SWAN
model [299,300], have provided valuable insights for optimizing the device's performance.

A single WaveRoller® unit, including one panel and PTO system, has a rated power capacity ranging
from 350 kW to 1 MW, with an estimated capacity factor of 25% to 50%, depending on the wave
conditions at the deployment site. The device can be deployed as standalone units or in modular arrays
to meet varying energy demands. Each panel spans the water column from the seabed to the surface,
enabling the device to absorb the wave energy. Its modular design ensures scalability and adaptability
to site-specific conditions.

While the WaveRoller® shows immense potential, it faces challenges common to marine energy
technologies. These include high initial capital costs, the need for further efficiency optimization, and
logistical complexities associated with installation and maintenance in harsh offshore environments.
Additionally, issues like corrosion, biofouling, and resilience to extreme weather events require ongoing
innovation. Nevertheless, the WaveRoller® exemplifies the promise of wave energy technologies in

advancing renewable energy solutions for a sustainable future.

For this study was considered, as done in literature [297,298] a generic B-OF of 3.332 MW. A visual
representation and power matrix are provided in Figure 43 . The B-OF is 26 m wide parallel to the wave
front, 2 m thick and 16 m high, 14 m of which for the paddle. Table 6 summarizes the principal features
of the OWSC B-OF used.

Table 6 — Principal features of the WaveRoller®.

Parameter Value
Length (m) 2
Overall width (m) 26

Operation Depth (m) 820
Total Height (m) 16
Paddle Height (m) 14

PTO rated power (MW)  3.332
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Figure 43 — Power matrix (KW) of a B—OF of 3.3 MW.

3.5.4.2.2. Point absorber - Corpower WEC Stage 4 (C4)

The machine that is simulated at the Agucadoura test site corresponds to the one developed in the
HiWave—5 project [294], from CorPower [301], Figure 45. The HiWave-5 initiative seeks to
demonstrate a fully integrated WEC system at a commercial scale through five stages (Figure 44), the
Stage 4, involving dry and ocean testing of a single full-scale device was the last one completed, and
Stage 5 is intended to focus on the ocean demonstration of a pilot array with three devices [290]. This
project aims to achieve a Technology Readiness Level (TRL) 8 by 2025.

The power matrix provided by CorPower (Figure 46) is used in the SNL-SWAN simulation of the C4
WEC unit. This matrix expresses the power absorption of the C4 estimated to be achieved in 2030 and
is derived from computer simulations. These simulations account for conversion chain losses (e.g.,
downtime, array interaction, electrical farm losses, and auxiliary consumption), but exclude external
system losses. Array-related losses, which include grid losses and auxiliary consumption, represent
about 9.2%, with projections to decrease to 9.1% by 2040 [290].
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Figure 45 — Corpower C4 WEC used in the Hiwave-5 project. Adapted from [294].

The C4 WEC is a point absorber—type device, consisting of a buoy tethered to the seabed via a tensioned
mooring line. It oscillates in resonance with incoming waves to amplify energy capture, a capability
made possible through CorPower's proprietary WaveSpring phase control technology. This system
allows the device to generate equal amounts of energy during upward and downward movements, while
also enabling detuning for enhanced survivability during storms. The device operates optimally in water
depths of 30—100 m, with possibilities for deployment at depths exceeding 1,000 m. Its mooring system
is designed to accommodate tidal variations of up to 7 m.
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The buoy, constructed from composite fiberglass using filament winding, minimizes viscous losses and
ensures the Power Take—Off (PTO) system is protected from the marine environment. The PTO includes
arack, gearbox, horizontal axis, flywheels, and generators. The rack—and—gearbox mechanism converts

the relative motion of the buoy into rotational energy, which is subsequently transformed into electricity.

The Corpower C4 WEC is distinguished by its WaveSpring phase control mechanism located at the
buoy’s top. This gas—spring system dynamically adjusts pressure and alignment to enhance energy
capture, while also providing protection during extreme wave conditions by detuning the device. The
pre—tension system pulls the buoy downwards and upwards according to wave swells.

The C4 enters a transparent mode during storms, minimizing its interaction with wave energy to preserve
its structural integrity. Additionally, C4 features the development of the Wet Kit, comprising the WEC
along with the Hull, Shroud, Mooring rod, and Tidal regulator. The Hull, an innovative product in this
project, is a sandwich structure made from composite fiberglass material produced by filament winding.

This design effectively protects the PTO from the harsh marine environment [301].

Significant Wave Height (Hs) [m]

2.8 39 5.0 6.1 7.2 8.3 9.4 10.6 11.7 12.8 13.9 15.0 . 17.2 18.3 19.4 20.6 217 22.8 23.9
Peak Period (Tp) [s]

50 100 150 260 250 300 350 400
Power (W)

Figure 46 — Power matrix Corpower C4 WEC, adapted from [290].

The WEC has lower visual impact, since the floaters extends less than 10 m above sea level, facilitating
acceptance from local communities. The modular design facilitates efficient industrial rollout and

supports local supply chains for construction, installation, and maintenance. Moreover, with a power
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density of 15 MW/km?, the wave farm can offer 3 to 5 times more energy output per ocean area than
typical offshore wind farms.

3.5.4.3. Simulation Scenarios

The scenarios for enhancing coastal protection in order to mitigate erosion and overtopping risks and
for minimizing environmental impact on the shoreline will be simulated at both case sites, each one

designed to address specific coastal management objectives:

In the first scenario (enhancing coastal protection), the primary objective is to increase coastal protection
by optimizing the deployment of WECs to reduce erosion and mitigate overtopping risks. Simulations
will focus on maximizing wave energy dissipation within predefined coastal AOIs. The aim is to identify
the most effective layouts and configurations of WECs that enhance energy dissipation in critical areas,
thereby contributing to improved coastal stability and reduced vulnerability to extreme wave events.
The analysis will examine the relationship between the energy capture capabilities of the devices and
the extent to which they can reduce wave energy reaching the shore, with particular attention to reduce
the risk of erosion and flooding.

The second scenario, (minimizing environmental impact on the shoreline) aims to minimize the
environmental impact of wave energy extraction along the shoreline. In this case, the layouts of WECs
will be optimized to avoid areas where coastal protection is unnecessary, ensuring that wave energy is
only harvested from regions where it can provide the most benefit. The goal is to maintain the natural
integrity of the coastline by preventing unnecessary energy extraction in areas where it could disrupt the
local ecosystems or interfere with coastal processes. Simulations will identify optimal configurations
that minimize ecological disturbances while still achieving effective wave energy capture in the areas
where it is most needed.

To address the unique challenges at each site, specific considerations will be made forboth coastal zones.
In Esposende, the area of interest is smaller than the WEC deployment zone and specifically targets
vulnerable coastal segments that are mostly at risk of erosion and overtopping. In addition, the
deployment zone is located relatively close to the shoreline, and the space between the area of interest
and the deployment polygon is minimal. This spatial arrangement requires a highly targeted approach
to deployment, ensuring that WECs are positioned strategically to protect the most vulnerable parts of
the coastline while avoiding unnecessary interference with other coastal processes.

In contrast, Agucadoura presents a different set of challenges. The deployment zone is located further
from the coastline, which offers greater flexibility in terms of layout optimization. In this case, the focus
will be on reducing the overall environmental impact of wave energy extraction, while also considering
two distinct areas of interest: one to the north and one to the south of the deployment zone. These areas
will be evaluated for their suitability in terms of wave energy capture, and the potential effects on local
ecosystems and coastal dynamics will be carefully considered. The greater distance between the
deployment zone and the shoreline in Agugadoura allows for a more dispersed configuration of WECs,
reducing the potential for direct impact on the shoreline and allowing for a more gradual transition in

wave energy dissipation.
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In both sites, the simulations will incorporate a detailed understanding of the local hydrodynamic
conditions, coastal topography, and environmental sensitivities to ensure that the wave energy solutions
are both effective and sustainable. The outcome of these simulations will provide valuable insights into
how wave energy can be harnessed in a way that balances the need for coastal protection with

environmental preservation.

3.5.4.4. Optimization Methodology

The methodology builds on prior fixed—layout studies [289,290] while introducing an optimization
framework for flexible WEC farm positioning. The approach comprises several key steps to enhance

the adaptability and efficiency of WEC farm deployment.

For the Esposende case, representative sea states mirror those used by Clemente et al. [289], as both
methodologies were developed concurrently. While the present study utilized Python libraries, Clemente
et al. relied on the IBM® SPSS® Statistics software and did not perform the comprehensive data
analysis, cleaning, and parameterization achieved in this research. The adoption of identical sea states
facilitates higher fidelity in comparative analyses between the studies. In contrast, for the Agugadoura
case, the approach differed. Santiago et al. [290] employed wave data from the Leixdes buoy over a 15—
day period of high—energy waves. Here, the sensitivity analysis framework applied k—means clustering
to identify representative sea states, using data from the ERAS reanalysis dataset [302] for the period
2001-2017.

The Al-based optimization algorithm was designed to achieve two primary objectives concerning the
impact on the wave climate. First, it aimed to maximize coastal protection by evaluating WEC—induced
reductions in significant wave height and energy dissipation near the shore, thereby increasing the HRA
index. Second, it sought to minimize environmental impact by quantifying energy extraction efficiency

while maintaining ecosystem stability, leading to a reduction in the HRA index.

The SWAN simulations employed rectangular grids with a resolution of 3x3 m to ensure sufficient
interaction between grid cells and WECs. The optimization scenarios presented distinct challenges,
particularly in the second scenario, where minimizing environmental impact required careful delineation
of the AOI. This was especially critical in Case II (Agugadoura), where the deployment zone was
situated far from the coast. To address these challenges, multiple AOI configurations were tested:

i.  Target AOIL: A single area located in front of the deployment zone, targeting specific regions;
ii.  General AOI: A single area accounting for extreme wave directions;
iii.  U—form AOI: A triple—area configuration surrounding the deployment zone.

This methodology underscores the potential of flexible WEC farm positioning to balance energy

extraction with environmental considerations and coastal protection.
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4

PARAMETERS PRE-OPTIMIZATION

This chapter aims to present a discussion of the results of the firsts steps of the framework for optimizing
a wave energy farm, including choice of numerical model, definition of objective—function and
representative sea states.

The research works already carried out allowed to publish two review papers, one on optimization
techniques for WEC farms [3], and other on optimization algorithms applied to wave climate and energy
resource [272]. Part of the review works can be seen in section 2.5. Also, the work introducing a multi—
objective decision tool for both production and protection of the wind farm, presented mostly in section
4.2, was published in [63]. The findings and methodologies detailed in sections 3.3, 3.4, 3.5.1, 3.5.2,
4.3, and 5.1 were published in [4].

4.1.Phase—averaging x phase-resolving models

This section presents the development of the first objective of this investigation, which aims to evaluate
different wave propagation models, phase—averaging and phase—resolving types, to assess the impact of
WEC arrays on wave climate and nearshore sediment transport. The literature review on this topic is
presented in section 2.4.3 — Modeling the WEC park effect, where different models were analyzed for
their applicability to the investigation's objective. The selected models for further analysis are the SNL—
SWAN and the SWASH.

To simulate current or sediment transport, SNL-SWAN needs to be coupled with other model, as stated
in section 2.4.3, while SWASH already incorporates this feature. The one—way coupling between
SWAN and SWASH is already implemented in the SWASH source code, eliminating the need for
additional development.

Preliminary studies with the SNL-SWAN model have been conducted, focusing on co—located offshore
energy farms and analyzing their impact on wave climate. The objective was to investigate the potential
effects of an array of WECs on the leeward wave propagation and its synergies with the already installed
WindFloat Atlantic wind farm located offshore Viana do Castelo, in the Northern Coast of Portugal,
which has a very strong wave resource [74]. Furthermore, this study aims to establish a multi—objective
function to examine and choose between WECs arrays, and is presented in more detail in chapter 4.1.
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The SWASH model was executed under similar conditions as the SNL-SWAN model to facilitate a
comprehensive comparison between the two. By running both models with the most similar possible
input parameters, a thorough assessment of their performance and agreement can be conducted. This
comparative analysis allows for an evaluation of the capabilities and limitations of each model, aiding
in the understanding of their respective strengths and areas for improvement.

When applying a spectrum as the boundary condition in SWASH, it is important to be aware of the
evanescent modes. These modes exhibit exponential decay away from the boundary where the spectrum
is imposed and are not observable within the model. The presence of evanescent waves is inherent to
the underlying equations of the model and their generation is determined by the dispersive characteristics
of these equations. Hence, the lowest wave period to be considered in SWASH is given by,

21 2n

_wcf_

T
g (47)
2K d

where wy is the cut-off frequency, K the number of layers, g the gravity acceleration and d the water
depth. Assuming a uniform water depth of 95 m at the wavemaker boundary a significant wave height
of 2.5 m and a peak period of 12 s, Table 7 was created to analyze the number of layers to be used.

Table 7 — Cut—off frequency, f ., and lowest period, T, as a function of the number of layers.

Layers s (rd/s) T (s) fo (HZ) Evanescence modes (%)

1 0.64 9.78 0.10 71
2 1.29 4.89 0.20 22
3 1.93 3.26 0.31 ~0

Increasing the number of layers significantly escalates the computational effort. With each additional
layer, the number of grid nodes increases, and the computation between layers becomes more
computationally demanding. This presents a challenge in striking a balance between the computational
efficiency and the desired level of accuracy when simulating wave behavior in deep—water conditions
using the SWASH model. Hence, considering the wave data at the location, the same used by Ramos
[283], and data from Table 7, two and three layers were used.

Furthermore, when comparing the computational efficiency between the SNL-SWAN model and the
SWASH model with three layers, significant disparities in the simulation times were observed. The
simulations were carried out with an Intel® Core™ i7-9700 CPU @3.00GHz computer, and a
background scenario, without obstacles. The wave parameters were: significant wave height of 2.5 m,
peak period of 12 s and wave direction of 285°.

SNL-SWAN model completed the simulation in approximately 4 minutes, running with 1 core. On the
other hand, the SWASH model, running in parallel with 8 cores and with three—layer configuration, took
more than 17 days and 13 hours to finish, showing a stark difference in computation time of about 6317
times under these conditions.

Despite the significant computational effort invested in the SWASH simulation, the results did not yield
satisfactory values. Notably, an unexpected reduction in significant wave height was observed from the

102



Multi-Objective Optimization Framework For Wave Energy Farms
Combining Machine Learning, Genetic Algorithms And Numerical Modeling

expected 2.5 m to an average of 1.6 m. Figure 47 presents the free surface elevation over time for the 3
WindFloat Atlantic wind turbines (WFA).
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Figure 47 — Free surface level (m) outputted by SWASH on the location of the WindFloat Atlantic wind
turbines for wave boundary conditions of Hs=2.5m and Tp=12s.
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In conclusion, the comparative analysis of the SNL-SWAN and SWASH models underscores the
pivotal role of computational efficiency in selecting the appropriate wave propagation model for
analyzing the far-field effects of WEC arrays. While both models have their respective strengths, the
high computational demand of SWASH, renders it impractical for extensive parametric studies or real-
world applications requiring iterative simulations. Furthermore, the SWASH results exhibited
inconsistencies, such as the unexpected reduction in significant wave height, highlighting challenges in

achieving reliable outputs under deep-water conditions with high-resolution configurations.

In contrast, the SNL-SWAN model demonstrated remarkable computational efficiency while
maintaining satisfactory accuracy for far-field wave propagation analysis [303,304]. This balance
between performance and reliability positions SNL-SWAN as the preferred model for this investigation.
It enables robust analysis of the far-field effects without the prohibitive computational costs associated
with SWASH, ensuring the feasibility of addressing multi-objective optimization challenges and large-

scale assessments efficiently.

4.2 Definition of the multi—objective function

The main objective of this thesis is optimizing the layout of the WEC farm, positioning the WECs to
maximize energy extraction and the downstream park effect. However, in order to achieve this objective,
the definition of the multi—objective function is crucial to set the parameters of the optimization.

In this approach, the first step is to simulate, numerically, different layout schemes, varying the quantity
and position of the devices. The model used for this purpose was the SNL-SWAN due to its capacity to
represent the WEC. The scenario of a co—located wind—wave offshore park was selected based on its
significance and the characteristic of being situated in deep waters, where the impact of the bottom effect
and sediment transport can be considered negligible.

The wave characteristics in the study area were derived from the SIMAR datasets, which are managed
by the Spanish Port Authority (Puertos del Estado). SIMAR provides hourly re—analysis data for wind
and wave conditions in the North Atlantic and the Mediterranean Sea, with a spatial resolution of 0.25°
x 0.25° These datasets are generated through a comprehensive numerical modeling approach that
incorporates atmospheric, sea level, and wave conditions [283]. For the specific location of interest,
hourly wave data was extracted from the SIMAR dataset, spanning from 1 January 1960 to 15 September
2021. This extensive data set enables a high level of accuracy and reliability.

By utilizing this extensive dataset, accurate and detailed information regarding the sea conditions could
be obtained, enabling a thorough understanding of the wave characteristics and their variability over an
extended time period. Figure 48 presents the occurrence of wave direction over the year on site, and the
probability dispersion of the mean directions.

To properly evaluate the effectiveness of the wave farm layout in terms of shield protection and power
absorption, some constraints were imposed on the simulations to restrict the variables to be analyzed.
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Figure 48 — Occurrences of wave directions over a year on site and the wave rose diagram indicating the

direction and the wave height incidence.

These constraints were applied both to the WEC farm layout and environmental conditions.
Additionally, a local wave scatter diagram was extracted from data, Figure 49 and Figure 50,
characterizing the sea states in terms of mean wave direction (6,,), significant wave heights (Hs), peak
wave period (T,,) and hours of occurrence (O).

The data was evaluated to determine how many simulations were required to depict the major sea
conditions. Using computer resources, simulation time, and prior knowledge of the data and location,
the 92 most frequent sea states were chosen (Table 8), accounting for 80% of the data. Although not
specifically chosen by the author, the selected sea states entirely contained the five major directions,
namely WNW, NW, W, NNW, and WSW, as shown in Figure 48.

In this study, the floating version of CECO [275-277] device was used as a case study for capturing
wave energy. CECO is a point absorber WEC that utilizes a sloped power take—off (PTO) system [276],
allowing it to capture both the vertical and horizontal force components of ocean waves [278,279]. The
main elements of CECO consist of two lateral mobile modules (LMMs) connected by a frame of tubular
elements. In its current design, CECO uses a rack and pinion system to convert the absorbed energy into
electricity [275].

The CECO's design is still under development and continues to evolve as research progresses. Since,
there has not been much studies done on the impacts of CECO farms, this study uses the results of
Ramos [283], which was done at the same site, as a starting point. The authors proposed an arrangement
of CECOs placed on a curvilinear alignment facing the prevailing wave direction (NW or 315°).
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Table 8 — Sea states simulated.

Hs Tp Om rate day/year  Hs Tp Om rate day/year
1.5 9.5 315 NW 3.71% 14 2.5 9.5 2925  WNW  0.70% 3
1.5 105 2925 WNW  3.30% 12 1.5 6.5 315 NW 0.63% 2
1.5 105 315 NW 3.18% 12 0.5 6.5 337.5 NNW  0.62% 2
1.5 8.5 315 NW 2.96% 11 25 135 315 NW 0.60% 2
1.5 9.5 2925 WNW  2.67% 10 35 125 270 w 0.56% 2
1.5 11,5 2925 WNW  2.04% 7 1.5 105 3375 NNW  0.55% 2
25 115 2925 WNW  1.86% 7 2.5 9.5 270 W 0.51% 2
25 105 2925 WNW  1.70% 6 0.5 9.5 337.5 NNW  0.51% 2
25 125 2925 WNW  1.66% 6 1.5 135 2925 WNW  0.51% 2
1.5 8.5 2925  WNW  1.66% 6 45 135 2925 WNW  0.49% 2
1.5 115 315 NwW 1.64% 6 1.5 5.5 315 NW 0.48% 2
25 105 315 NW 1.58% 6 1.5 125 270 w 0.48% 2
1.5 7.5 315 NW 1.52% 6 35 115 270 W 0.47% 2
0.5 8.5 315 NW 1.50% 5 45 125 2925 WNW  0.46% 2
25 115 315 NW 1.30% 5 35 105 2925 WNW  0.44% 2
0.5 7.5 315 NW 1.26% 5 35 135 270 W 0.43% 2
0.5 9.5 315 NwW 1.25% 5 0.5 8.5 270 w 0.43% 2
0.5 8.5 2925  WNW  1.24% 5 0.5 9.5 270 W 0.42% 2
1.5 105 270 W 1.20% 4 1.5 135 315 NwW 0.42% 2
1.5 125 2925 WNW  1.18% 4 0.5 6.5 2925  WNW  0.40% 1
1.5 8.5 337.5  NNW  1.16% 4 35 125 315 NW 0.40% 1
25 125 315 NW 1.11% 4 1.5 7.5 270 w 0.40% 1
35 125 2925  WNW  1.09% 4 0.5 115 315 NwW 0.38% 1
0.5 9.5 2925 WNW  1.07% 4 35 145 2925 WNW  0.38% 1
1.5 7.5 3375 NNW  1.00% 4 05 115 2925 WNW  0.38% 1
1.5 6.5 337.5 NNW  0.99% 4 25 145 2925 WNW  0.38% 1
1.5 9.5 337.5  NNW  0.96% 4 25 135 270 W 0.34% 1
0.5 7.5 2925 WNW  0.96% 3 25 105 2475 WSW  0.34% 1
0.5 8.5 337.5 NNW  0.94% 3 1.5 9.5 2475  WSW  0.34% 1
1.5 9.5 270 w 0.93% 3 45 125 270 W 0.33% 1
1.5 125 315 NW 0.88% 3 1.5 8.5 2475  WSW  0.33% 1
0.5 105 315 NW 0.88% 3 0.5 105 270 W 0.33% 1
25 135 2925 WNW  0.87% 3 45 145 2925 WNW  0.33% 1
0.5 7.5 337.5 NNW  0.87% 3 35 105 270 w 0.33% 1
25 105 270 w 0.84% 3 35 115 315 NwW 0.33% 1
2.5 9.5 315 NW 0.82% 3 0.5 7.5 270 W 0.32% 1
0.5 105 2925 WNW  0.80% 3 35 105 315 NW 0.32% 1
25 115 270 W 0.79% 3 1.5 105 2475 WSW  031% 1
1.5 115 270 W 0.77% 3 35 135 315 NW 0.31% 1
35 135 2925  WNW  0.76% 3 1.5 7.5 2475  WSW  0.28% 1
0.5 6.5 315 NW 0.76% 3 45 135 270 W 0.27% 1
25 125 270 w 0.75% 3 2.5 8.5 315 NwW 0.27% 1
1.5 7.5 2925  WNW  0.74% 3 0.5 105 3375 NNW  0.26% 1
1.5 8.5 270 W 0.73% 3 25 115 2475 WSW  0.26% 1
35 115 2925 WNW  0.73% 3 25 145 315 NW 0.26% 1
1.5 5.5 337.5 NNW  0.73% 3 2.5 9.5 247.5  WSW  0.26% 1
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To standardize the layout and facilitate comparisons between arrays, WEC farm designs (Figure 51)

followed some restrictions:

e An arc of 60° was considered, based on the incoming wave directions at site;

e Minimal distance from a WindFloat turbine of 200m, based on pre—tests that showed that the
reduction of Hg was higher closer to the array;

o Installed power of wave farm similar to the wind farm, about 25SMW. Hence, the total number
of CECO units used was 50;

e Separations distance between WECs of 2.5D and 5D. This parameter has a great influence on

both the amount of energy extracted and transmitted through the park. Based on the literature,

larger distances increase the wave power absorption but reduce the shield effect.
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Figure 51 — Layouts used and the corresponding reference number.
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The CECO's design is still under development and continues to evolve as research progresses. Since,
there has not been much studies done on the impacts of CECO farms, this study uses the results of
Ramos [283], which was done at the same site, as a starting point. The authors proposed an arrangement

of CECOs placed on a curvilinear alignment facing the prevailing wave direction (NW or 315°).

In the SNL-SWAN model, a WEC is treated as a line of WEC—wide extension, and the device is taken
into account by the model only where it crosses the grid. Hence the grid must be small enough to catch
the WEC line as much as possible. To achieve good accuracy in simulating the WEC with reasonable
use of processing time, a grid of 5.5x5.5m was created, which is 1/4 of WEC size and guarantees at least
the crossing of 5 grid cells. The whole extension of the grid covers an area of 6.6x4.4km (1200x800
cells) centered in the WindFloat park.

The bathymetry data were obtained from the datasets of GEBCO (The General Bathymetric Chart of the
Oceans), which operates under the joint support of the International Hydrographic Organization (IHO)
and the Intergovernmental Oceanographic Commission (I0C) of UNESCO.

The study focuses on evaluating the effectiveness of WEC parks as a buffer solution to waves and to
identify the best layout for energy production, considering an offshore floating wind farm. To evaluate
the wave height reduction achieved an index for significant wave height reduction in the area of interest
(HRA) was established based on Astariz's work [23]. The HRA assesses the H reduction within the
wind farm area and is calculated using Equation (48). Additionally, the g-factor is used to evaluate the
efficiency of the wave energy farm, and it is calculated using equation (49), using the power absorption
output of SNL-SWAN.

n
100~ Hs; — Hs,,.
HRA = Z :
n L Hs; (48)
13
Parray
T = S P “9)

where the index i is a calculation node (grid node), n the total number of nodes, Hs; the incident
significant wave height on the i"™ node in the baseline scenario (without WECs), and H Swec; the incident

significant wave height on the i" node with co-located WECs. Parray 18 the maximum power that may
be absorbed by the array and P, the summation of the maximum power that may be absorbed by each
single isolated WEC in the array.

To evaluate the different layout options, a new index called the Wave Energy Park Layout Assessment
Index (WLA) was developed. The WLA index browses between the available options and selects the
best option, given the stakeholder interests, and it is calculated using Equation (50). The WLA index
takes into account the importance of power absorption and the shield effect in selecting the best option.

Moreover, the WLA index normalizes all the values of HRA and g-factor and returns a value between
zero and one, where one is the best available choice between the options. The index considers the

importance of power absorption and the shielding effect.
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WLA = p «N(q— factor) + s « N(HRA) (50)

The parameter p (p = 1 — s) is the importance of power absorption to the choice, and s is the shield

effect importance.

The rescaling normalization technique, also known as min—max normalization, involves transforming a
numeric variable's values to a new range (typically between 0 and 1) by subtracting the minimum value

of the variable and dividing by the range of the variable. The formula for min—-max normalization is:

x —min(x)

N(x) = (51)

max(x) — min(x)
where N(x) is the normalized value of x, min (x) is the minimum value of x, and max (x) is the

maximum value of x.

The numerical study tested 4 array layouts, each one for 92 different wave directions, covering 76% of
annual occurrences, to evaluate the influence of the arrangement, namely the spacing between WECs
and between the lines of the array, in the power absorption and in the reduction of the wave height in

the wind farm area.

4.2.1. Power absorption of the WEC farm

The absorbed power from each simulation was extracted from the output of the model, including
simulations with a single WEC in various positions within the array. Next, the average absorbed power
of each simulation and each layout was calculated, weighted according to the probabilities of occurrence
of each sea state, presented in Table 8. This allowed the calculation of the mean power absorption and

g-factor for each layout presented in Table 9.

Table 9 — Results of absorbed power and g-factor for each layout.

WEC mean power Layout mean power Power absorbed/ Mean
Layout absorbed (kW) absorbed (MW) Power incident (%) q-factor
2.5D2L 70.57 3.53 15.84 0.88
2.5D3L 66.18 3.31 14.18 0.82
5D3L 71.82 3.59 15.77 0.90
5D4L 73.17 3.66 15.83 0.91

The available wave energy flux, or wave power per unit length of wave front (Wm™1), is commonly
evaluated in deep waters using the linear wave theory and is formulated in terms of significant wave

height (H,) and wave energy period (T, ). However, the available database provides the peak wave period
(T,) instead of the wave energy period. To address this, T, can be derived from T, by employing a

calibration coefficient (o).
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In this study, a standard JONSWAP spectrum with a peak enhancement parameter (y) set to 3.3 was
adopted, which results in a calibration coefficient of 0.9. Subsequently, the incident power (P;) can be
estimated by multiplying the wave energy flux obtained from the database by the length of the WECs
(D) in the array.

_pglaT,H'

P,
t 64n

(D) (52)

It is clear the higher power absorption capacity of 5D layouts, corroborating the importance of distancing
in the power output optimization, nonetheless analyzing the power absorption regarding the wave
direction (Table 10) it is possible to see that the positioning of the array plays an important role in the

layout optimization.

Table 10 — Mean layout power absorption by mean wave direction.

Wave Occurrence  Wave Energy Layout mean power absorbed Power absorbed/Power incident
direction Frequency Frequency (MW) (%)
() (%) (%) 2.5D2L  2.5D3L  SD3L SD4L | 2.5D2L  2.5D3L  5SD3L  SD4L
WSW 5.53 5.03 0.13 0.12 0.14  0.15 0.66 0.59 0.71 0.73
W 15.22 29.28 0.80 0.75 082 0.84 2.72 242 278  2.85
WNW 32.21 40.08 1.57 1.48 1.60 1.63 6.13 5.50 6.08  6.17
NW 31.78 23.47 0.94 0.88 095  0.96 5.51 4.92 538 527
NNW 10.64 2.15 0.08 0.07 0.08  0.08 0.82 0.75 0.82  0.81

As expected, layouts with higher spacing between WECs performed better. However, it was expected
that the addition of rows of WECs would result in a decrease of the mean energy extraction due to the
lower energy harvesting by the back rows, but this was not observed in the 5D arrays. This could be
justified by the complex interactions between waves and the device, generating areas of constructive
and areas of destructive interference.

Figure 52 presents the mean power absorption output for each WEC. In all cases, the southernmost
WEC:s present the best results for energy extraction, regardless of the row it is in. This could be explained
by the higher occurrence of incoming waves from those directions, which expose these WECs to more

energetic waves.

In general, the devices in the north performed worse than the south ones, which can be explained as
almost 75% of incident energy is from the southmost directions (WSW, W and WNW). However, it is
possible to see WECs with lower performance among others with higher performance. These results can
be explained by the destructive interaction caused by reflected waves from the backlines and is an
opportunity to further improve the performance of the layout by changing the location of the lower

performance devices.
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Figure 52 — Mean power absorption output by each WEC.

4.2.2. Impact on wave climate

All simulations present a zone with a higher decrease in H, right after the devices, as can be seen in
Figure 53. Although some impact of the arrays could be sensed for kilometers downstream spreading
both longitudinally and transversely, the area of higher reduction forms a cone—shaped shadow in the
lee of the array, which is clearer to see in arrays with 2.5D, where the reduction of H is higher than for
the 5D layouts arrays.

The results by layout, averaging all simulations, provide information on which layout performed better
globally. It is possible to observe, as expected, that the layouts with less spacing (2.5D) present higher
and more uniform H, reductions, but the area with the higher H reduction is smaller. The 2.5D3L array
presents the highest reduction in the lee of the array. However, since the number of WECs is fixed, the
array length is smaller than the others, consequently this layout suffers from the “short blanket
dilemma”, as the wind turbines cannot be positioned all together inside the optimal reduction zone.

A quantitative analysis is required to fully understand the shield effects. For this, the HRA index was
calculated for each simulation, and the results were concatenated in reduction matrices, Figure 54 and
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Figure 55 and for 2.5D layouts, and Figure 56 and Figure 57 for 5D layouts, regarding the layout and
the wave direction. In other words, 20 different reduction matrices were created for specific scenarios
of layout and wave direction.

41.700 Layout 2.5D2L Layout 2.5D3L
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Figure 53 — Mean wave height reduction for different arrays.

Having the reduction matrices, it was possible to expand the results to all wave condition inside the
same direction category by a linear interpolation. Table 11 presents the HRA indexes for each layout
and direction.

The results show that the arrays with smaller WEC spacings and more lines have a higher shield effect.
Comparing the arrays with the same number of lines, the array with 2.5D presents an HRA about 37%
higher than the one with twice that spacing. Additionally, it shows that the decrease in spacing between
WECs could provide a better shielding performance than the increase in the number of rows, as the 2
rows 2.5D performed better than the 4 rows 5D, for this specific scenario.

The better performance of the 2.5D layouts is clearer, while the number of lines has a lesser impact on
shield performance. It is possible to see variations of performance for the same spacing between WECs,
although, in the major cases the arrays with more lines performed better. Considering that all layouts
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have the same number of devices, the number of lines should be chosen with cautions, as it reduces the

length of the arc.

The results of HRA can also be quantified by the impact on the extension of weather windows for

operation and maintenance (O&M) of offshore wind farms, which represents a significant portion of the

total lifetime costs of the installation [305]. Access to turbines is crucial in reducing these costs [306],

with workboats being the most cost—effective access system, limited by a significant wave height of 1.5

m [62,307]. Thus, the extension of weather windows for O&M can result in a reduction in the overall

project cost of energy.
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Figure 54 — Reduction matrices for 2.5D2L layout by mean wave direction. The reduction obtained for
each bin is in percentage in the center of the bin and the colors represent the reduction.
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Figure 55 — Reduction matrices for 2.5D3L layout by mean wave direction. The reduction obtained for
each bin is in percentage in the center of the bin and the colors represent the reduction.

Finally, an analysis was conducted to assess the impact of the wave farm layout on the operational limit
of workboats (Hg< 1.5m). For this purpose, a total of 539313 valid hours were analyzed from January
151, 1960 to September 15", 2021. Out of these, the wave height (H,) was over the threshold of 1.5 m
for 296558 times, representing almost 55% of the valid period. By analyzing the layouts, an increase in
the accessibility timeframe was achieved (as seen in Table 12). The results showed that the best scenario
was obtained by the 2.5D3L layout, which resulted in a 22.3% increase in annual accessibility to the
turbines, which represents more than 1944 hours added to the annual weather window.
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Figure 56 — Reduction matrices for 5D3L layout by mean wave direction. The reduction obtained for each
bin is in percentage in the center of the bin and the colors represent the reduction.

Table 11 — Wave Height reduction in the AOI calculated by the interpolation of all main directions data.

Layout 0., HRA (%) Hll\{’l‘:a(g %) Layout 0., HRA (%) Hgl‘:ir: %)

WSW 2,92 WSW 2,88
W 4,92 W 4,16

25D2L WNW 8,76 9,03 5D3L WNW 6,79 7,03
NW 12,04 NW 9,09
NNW 9,92 NNW 7,82
WSW 1,70 WSW 3,70
W 4,11 W 531

25D3L WNW 8,60 8,95 SD4L WNW 8,27 7,99
NW 12,42 NwW 9,87
NNW 10,31 NNW 7,56
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Figure 57 — Reduction matrices for 5D4L layout by mean wave direction. The reduction obtained for each

bin is in percentage in the center of the bin and the colors represent the reduction

Table 12 — Accessibility time for the wind farm standalone and the co-located park layouts.

Layout 0, Time gain Mean gain hiyear | Layout 0, Time gain Mean gain hiyear
(%) (%) (%) (%)

WSW 3,1 WSW 2,9
\\ 6,8 \\ 5,9

25D2L.  WNW 15,1 22,2% 1944 5D3L WNW 11,9 17,8% 1561
NW 27,9 NW 22,1
NNW 47,8 NNW 39,5
WSW 1,8 WSW 3,6
\\ 5,7 \\ 7,5

25D3L  WNW 15,0 22,3% 1957 SD4L WNW 14,7 20,4% 1788
NW 29,3 NW 24,5
NNW 49,4 NNW 38,9
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4.2.3. Power absorption and shield effect combined

The optimization of the wave farm layout is a multi—objective task, and two of the most important
parameters when performing an optimization for a co—located situation is the power production and the
impact on the wave heights. Both parameters could be analyzed by indexes that summarize their relative
performance, with g-factor for power production and HRA for shield effect. However, they do not
follow the same trend for the different arrangements, as increasing the number of lines is beneficial for
shielding but decreases the power production, and the opposite occurs regarding spacing between
devices. Hence, finding the optimal solution in this situation is not seeking the best solution of any of
the parameters, but understanding the implementation objectives and finding a best fit solution.

To analyze both indexes simultaneously and create a new one combining information from the two, first,
they were normalized and rescaled to make the comparison between them feasible. Additionally, as the
definition of optimal parameters or situations is not the scope of this study, a Parametric Plotting method
was carried out to understand the tradeoffs between parameters. The results can be seen in Figure 58
where the shield protection factor (HRA) varies with the relevance, s, from 0 to 100%.

0%

20
%
30
%
e—2.5D2L
2.5D3L
60 50
” % 5D3L
e 5D 4L

Figure 58 — Comparison between layouts response for the parametric plotting of the shield protection

parameter.
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Some layouts are less dependent on the variations of s and p parameters, like the 2.5D2L, or could be
highly sensitive to them, like the 2.5D3L and SD3L. Less variation in the parametric plotting means that
the layout outputs change more slowly over the scenarios, leading to a less complex or smoother index
curve. It indicates that the relationship between the variables is more predictable or stable, and less
subject to rapid changes or fluctuations. In other words, less variation in the parameter results in a
simpler and more predictable pattern in the layout graph, which makes it more reliable in extrapolation

situations.

Figure 58 presents clearly when one layout imposes itself on the other. Looking into it, is possible to
observe that 5SD4L presents the best results until a shield relevance of 40% and 2.5D2L is the best option
for shield relevance above 50%. Likewise, here is observable that the 2.5D2L is the most balanced array
layout, with a coefficient of variation of about 15%, while the other was 22% (5D4L), and 62% (2.5D3L
and 5D3L).

Even having all parameters, it is still needed a decision maker to choose between possible layouts for
the co—located wave—wind offshore energy park, considering the relevance of power production and
shield protection. The present study goes beyond a mere exhaustive analysis, its primary objective is to
propose a comprehensive strategy and approach for the analysis and decision—making process regarding
the optimal positioning of converter arrays, by addressing the complex challenge of maximizing the
benefits for both wave and wind resources.

In conclusion, this study provides a valuable contribution to the field of wave energy farms by exploring
the effectiveness of WEC farms to serve as shield protection or a buffer solution to waves. The study
utilized SNL-SWAN, a widely—used numerical model for simulating wave energy farms, to evaluate

the effectiveness of different layouts for energy production and wave reduction.

One of the strengths of this study is the creation of a new index, the Wave Energy Park Layout
Assessment Index (WLA), which combines the g-factor and the HRA index to provide a comprehensive
evaluation of different layout options. This index can be a useful tool for stakeholders to evaluate and
compare different layouts based on their priorities for power absorption and shield protection.

Overall, this study provides a valuable framework for understanding the concepts of SNL-SWAN, the
necessary inputs, and the possible outputs for layout optimization of a wave energy farm. The WLA
index approach can be applied to other wave energy farm scenarios, providing a useful tool for
stakeholders to make informed decisions about the optimal layout for their specific objectives.

This study enabled the accomplishment of some crucial steps to achieve the objective of a layout
optimization with the genetic algorithm:

e Creation of an automatic routine that generates inputs and runs the SNL-SWAN model for

any desired scenario, including layouts and sea states;

e Creation of the fitness equation, based on WLA, to compare each result and perform the

selection.

The next step in this research involves developing a method to reduce the number of sea states without
losing their representativeness. This is essential because the current model requires a large number of
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simulations for each layout (one individual of the population) in each sea state, which means that adding
one sea state would increase the simulations by about 5000 times or 14 days, assuming SNL-SWAN

running in series and the same computational power as described in this section.

4.3.Representative sea states using machine learning

While the method used to define the simulation parameters in section 4.1 was good to represent the sea
states and the incoming wave energy, it used 90 different sea states, which is unfeasible in an

evolutionary algorithm that use several iterations.

The efficiency of the GA model in WEC farm optimization is highly dependent on the number of sea
states considered. Since GA simulations require evaluating each population member (layout) under all
sea states across generations, the computational cost increases significantly with additional sea states.
For instance, in a scenario with 50 individuals, a 95% crossover rate, and 100 generations, adding just
one sea state would result in over a 4000—fold increase in simulations (Scenario S4, see Table 5). This
exponential growth can become a major bottleneck, especially considering the vast amount of data
(nearly 600,000 entries in the co—located case). Nevertheless, the unsupervised learning techniques

effectively deal with massive volumes of data [262].

As stated previously, the number of sea states significantly increases the computational cost (scaling
with population size and generations). Hence, this study prioritizes data reduction through statistical

analysis and cleaning techniques avoiding losing data quality and representativeness.

4.3.1. Offshore co-located cases in Viana do Castelo

The wave characteristics in the study area were the same as section 4.2 derived from the SIMAR
datasets. Table 13 presents additional important parameters.

Table 13 — Statistical description of data parameters.

Hs(m) Tp(s) Om(°)
Mean 1.9 10.2 295

Standard Deviation (std) 1.2 2.4 30

Minimum 0.1 2.4 0
Quantile 25% 1.1 8.5 281
Quantile 50% 1.6 10.1 299
Quantile 75% 2.5 11.8 315

Maximum 10.4 23.6 359

Figure 59 shows the normal distribution of the wave parameters, highlighting the mean and one and two
standard deviations (std). As can be seen also in the wave rose (Figure 48), almost all directions are
concentrated between incident angles of 225°(WNW) and 327° (NNW). In fact, 99.5% of all data are
between 194 and 357 nautical degrees. Additionally, the significant wave height (Hs) and the peak wave
period (Tp) in the less frequent directions have lower values. The means of these parameters are above
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half of the values for the most frequent directions, and they do not exhibit similar peaks of high values.
Figure 60 presents a heatmap of H, distribution over time, where it is possible to see gaps in the data

and a seasonal variation, with lower H; during summertime.
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Figure 59 — Normal distribution of the wave parameters.

Significant wave height and wave period exhibit a relationship during wave propagation and attenuation.
The relationship between Hg and T, can generally be expressed as T, = & = (H,)* [308]. Several
researchers have proposed empirical relationships between Hg and T,, for various locations [308-315].
In this study, the relationship between Hg and T, (Figure 61) is estimated using observed data, and the

values of & and t are determined through curve fitting and a nonlinear least squares method,

T, = 9.04 x H*% (53)

After the first analysis of the data, some trials were done with different clustering methods and different
data cleaning. The methods applied were Kmean, Gaussian Mixture models (GMM) and Variational
Bayesian Gausian Mixture models (VBGMM), with the whole dataset and normalized parameters,
following the procedure of Camus [262], to equalize the scales.

The three clustering methods presented similar results for the whole dataset (Figure 62), and for filtering
extreme values (Figure 63), the quantiles 2.5% and 97.5% were used. Furthermore, filtering all
parameters equally by a top percentile (95" or 99™) yielded similar results, with a slight increase in the
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directional distribution of clusters. However, there is a significant loss in H and T}, data. On the other
hand, it is possible to observe that more than 99% of all incident wave energy is concentrated in
directions between 213° and 338°, as shown in Figure 64, that presents the cumulative distribution of

wave power over wave directions.
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In the context of this work, WEC farms have the primary goal of harvesting wave energy and protecting
the wind farm or the shoreline from high waves. Therefore, the WEC farm does not have to be optimized
for all directions, in other words, it will not enclose the wind farm or consider the income wave direction
from the shoreline. Additionally, the WECs do not operate in extreme conditions and the intention is to
estimate the optimal solution to the layout of the farm, that will operate thought several years.

Therefore, the wave direction can be concentrated within an angular range (126° sector), regarding
incident wave energy. This range size is particularly important because traditional distance metrics, like
the Euclidean distance used in k—means clustering, do not handle angular distances well. For instance,
they might calculate the distance between 10° and 350° as 340° instead of the correct 20°, which is
essential for circular distance considerations. This highlights the need for specialized methods or
adjustments in clustering algorithms to handle circular distance calculations effectively.

To ensure the required accuracy, it was evaluated the goodness of fit was evaluated using the RMSE
and the coefficient of determination (R?) for the relationship between H and T,. The overall data

analysis yielded an RMSE of 1.96 and an R? of 0.33. Specifically, for the quantile reduction, the RMSE
was 1.12, and the R? was 0.80, indicating a strong level of representativeness and robustness in the

reduction process.
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Figure 63 — Root Mean Square Error (RMSE) for different numbers of clusters and different methods: K-

means, Gaussian mixture models (GMM) and variational Bayesian Gaussian mixture models (VBGMM).

Upon implementing a cleaning over the directions, keeping only a 126° sector between 213° and 338°,
the data was subjected to clustering once more, to power representativeness (¢,) of each cluster amount.
Figure 65 shows the outcomes of the cluster’s representativeness map up to 20 clusters. Notably, the
partition in 8 clusters is the lowest partition where the rate of power efficiency surpasses 90%. Hence,
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it was determined that 8 clusters were the minimum number required to effectively represent the sea
states.
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Figure 64 — Cumulative incident wave energy distribution by wave direction.

Figure 67 shows the data obtained by the directional filtering, clustered by the k—means. The centroids
of each cluster represent the wave parameters that were pursued (shown in Figure 67).
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Figure 65 — K-means clustering wave power efficiency up to 20 clusters.
An automated search was conducted within the dataset, assessing MAPE of each sea state in relation to
the hourly mean of each parameter. This analysis aimed to locate the optimal temporal positioning

throughout the year for these sea states. The findings demonstrate that selected sea states effectively
encapsulate the seasonal variations across the entire annual cycle (Figure 68).
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Table 14 — Wave parameters achieved with k-means.

Cluster Hs(m) Tp(s) Om(®)
0 1.2 7.8 325.5

1 | 9.1 301.5
2 1.3 9.4 274.7
3 1.9 8.8 235.7
4 2.1 11.6  314.1
5 23 12 290.7
6 3.5 12 262.7
7

4.6 139 2922

4.3.2. Nearshore Esposende

The representative sea states used for Esposende case replicates the obtained by Clemente et al. [289].
Figure 69 and Table 15 illustrate and present the results of k—means clustering and the definition of the
sea states applied.

Cluster 1 (Hs =0.84 m, Tp =679 5, Dir = 162.41°)
Cluster 2 (Hs =2.26 m, Tp = 11.34 5, Dir = 292.87")
Cluster 3 (Hs =3.88 m, Tp = 12.95 s, Dir = 282.56°)
Cluster 4 (Hs =3.02m, Tp=12.15 5, Dir = 286.417)
Cluster 5 (Hs =6.70 m, Tp = 15.06 s, Dir = 283.64°)
Cluster 6 (Hs = 4.84 m, Tp = 13.92 s, Dir = 282.10)
Cluster 7 (Hs = 1.59 m, Tp = 9.96 s, Dir = 300.03%)
Cluster 8 (Hs =0.83 m, Tp = 8.76 5, Dir = 304.82%)

e 0C0e0Ce®

Figure 69 — Selected clusters for definition of representative sea states of Clemente et al [289].
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Table 15 — Representative sea states of Esposende case study.

SeaState Hs(m) Tp(s) Om (°)

0 0.94 6.79 16291
1 2.26 11.34  292.87
2 3.88 12.95 282.56
3 3.02 12.15  286.41
4 6.7 15.06 283.64
5 4.94 13.92  282.1

6 1.59 9.96  300.03
7 0.93 8.76  304.82

4.3.3. Nearshore Agucgadoura

The Agucadoura test site is located further to the south and at a greater distance from the SIMAR data
utilized in Viana do Castelo (section 4.3.1). Therefore, the ocean wave time series for the European
coast, produced on behalf of the Copernicus Climate Change Service [316] is employed to demonstrate
the applicability of the methodology using open—source data. Although, this dataset presents a time
series of the coastal wave climate from 1976 to 2100 using historical data (1976 to 2005), ERAS
reanalysis data (2001 to 2017) and two IPCC climate projections RCP 8.5 (2040 to 2100) and RCP 4.5
(2070 to 2100) [317], to have consistency only the ERAS5 [302] reanalysis data from 2001 to 2017 were
employed.

ERAS is the fifth generation of the ECMWF (European Centre for Medium—Range Weather Forecasts)
reanalysis, covering global climate and weather data from the past eight decades. It provides hourly
estimates for a wide range of atmospheric, ocean—wave, and land—surface variables, including wind
speed, temperature, and humidity. The ERAS dataset is presented on a regular latitude—longitude grid
with a resolution of 0.5°. Figure 70 presents the data points of the ERAS reanalysis across the Iberian
Peninsula, with a zoomed-in view of the Agugadoura test site location and the surrounding points,
highlighting the data point used as reference.

The wave characteristics exhibit similarities to those observed in the preceding analysis, with wave
directions predominantly originating from the north—west quadrant. This directional trend is illustrated
in the wave rose provided in Figure 71, which visually represents the frequency distribution of wave
directions and wave heights for the analyzed dataset.

In addition to the directional analysis, Table 16 provides a comprehensive summary of key parameters
relevant to characterize the wave climate. These parameters include metrics such as the significant wave
height (Hy), peak wave period (T,,), and mean wave direction (@), which are critical for understanding

the overall wave dynamics in the study area.
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Figure 70 — ERAS data along the Iberian Peninsula with a zoom—in at Agugadoura test site.
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Figure 71 — Wave rose diagram indicating the directions and the wave heights for Agugadoura in the
period of 2001 to 2017 using the ERA5 reanalysis data.
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Table 16 — Statistical description of Agucadoura data parameters.

Hi(m) Tp(s) Ou(®)

Mean 1.83 11.1  297.6
Standard Deviation (std) 0.99 2.4 24.3
Minimum 0.24 34 0.40
Quantile 25% 1.15 9.3 286.4
Quantile 50% 1.58 11.0 3014
Quantile 75% 224 127 3140
Maximum 8.20 222 3597

Further analysis reveals that 99.1% of the total wave energy is concentrated within a directional range
spanning from 224° (west—southwest) to 335° (north—northwest), as depicted in Figure 72. This range
accounts for 98.32% of the observed wave data, indicating a high level of directional consistency in the
wave climate. Moreover, it is noteworthy that significant wave height (H) and peak wave period (T;)

are lower in the less frequent wave directions, reflecting reduced energy conditions in these areas.
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Figure 72 — Cumulative wave power curve for Agugadoura.

Figure 73 illustrates the normal distribution of wave parameters, emphasizing the mean and the range
encompassing one to three standard deviations (std). This visualization aids in understanding the
variability of wave characteristics within the dataset. Based on the occurrence of wave directions, it is
possible to determine the predominant wave direction using a Gaussian fit, which identifies a dominant
direction of 308 nautical degrees.

Seasonal variations in wave characteristics are further explored in Figure 74, which presents a heatmap
of H, distribution over time. The heatmap highlights distinct seasonal patterns, with lower H; values

observed during the summer months, indicating a reduction in wave energy during this period. These
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findings provide valuable insights into the temporal and directional dynamics of the wave climate,

contributing to a more nuanced understanding of the site’s marine environment.

Following the implementation of a directional filtering process, wherein only data within the 111° sector
between 225° and 335° was retained, the dataset was subjected to a clustering analysis to assess the
power representativeness (@p) of each cluster configuration. The results of this analysis are presented in
Figure 75, which depicts the representativeness map for up to 20 clusters. Notably, it was observed that
a partition into 6 clusters represents the minimum configuration for which the representativeness of the
clusters in terms of wave power exceeds 90%. Consequently, it was determined that a minimum of six
clusters is required to effectively characterize the sea states within the specified directional range.
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Figure 73 — Normal distribution of wave parameters for Agugadoura.
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Figure 74 — Heatmap of the significant wave height from 2001 to 2017 from ERAS.
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Figure 76 and Figure 77 provide additional insights into the dataset following directional filtering and
subsequent k—means clustering. These figures allow to visualize the clustered data, with each cluster's
centroid representing a distinct set of wave parameters. The corresponding wave parameters for each
cluster centroid are detailed in Table 17, offering a comprehensive summary of the key characteristics
of the clustered sea states.
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Figure 75 — K-means clustering wave power efficiency up to 20 clusters for Agugadoura.

Table 17 — Wave parameters achieved with k-means.

Cluster Hs(m) Tp(s) Om(°)
0 2.0 12.7  312.0
1 1.2 8.9 318.6
2 2.0 10.0 2522
3 1.2 9.9 293.9
4
5

22 13.0 2845
4.2 144  293.1

To establish a correlation between the obtained sea states and wave data throughout a representative
year, the automated MAPE search for each sea state relative to the hourly mean of each wave parameter
was used to determine the optimal temporal positioning of the sea states within the annual cycle.

By aligning the sea states with the wave data, it was possible to identify patterns that correspond to
seasonal variations. This approach effectively demonstrated the relationship between the sea states and
the distinct seasonal characteristics of wave behavior, providing valuable insights into the temporal
distribution and representativeness of the clustered wave conditions over the course of a year.
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5

LAYOUT OPTIMIZATION WITH GENETIC ALGORITHM

5.1.Sensitivity analysis and definition of GA parameters
5.1.1. Definition of single WEC power absorption

The definition of power absorption of a single WEC is important to estimate the g-factor, which is the
most used parameter for the optimization of wave energy farms. Since using the rated power of the
device overestimates the power output, two different methods were used to estimate the average power
absorption of a single WEC: positioning of the WEC randomly a thousand times in the domain, and in
an arc path with each WEC at every 0.5°. As the average of the arc method returned a higher single
WEC absorption, this method was used to estimate the g-factor of the layouts. The statistics of the arc
method are displayed in Table 18.

Table 18 — Statistics of the single WEC simulations using the distribution in arc.

Parameter Value (kW)
mean 129.3
std 9.6
min 104.6
25% 120.6
50% 130.3
75% 135.3
max 149.3

5.1.2. Results of the wave farm layout optimization

The study initially focused on optimizing the parameters of the GA, contrasting the runtime efficiency
and the evolution of results for HRA, g-factor, and WLA across generations and execution time. Table
19 the outcomes derived from using 24 cores within the AMD EPYC 7443 node. It delineates the
average execution time for 1 and 100 generations, estimates the equivalent generations attainable within

a four—day timeframe, and provides the runtime efficiency of each simulation.

The evolution of the results is presented in Figure 79 for the HRA and g-factor, and in Figure 80 for the
WLA, offering comparisons across generation and execution time. Upon individual examination, all
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simulations (presented in Table 5) exhibit remarkably similar trends across generations, with S4
showing marginally superior results compared to the others.

Table 19 — Results of S1, S2, S3 and S4 simulations regarding the average execution time.

Average generations 100 generations Generations Run time

SIM time (min) time (days) in 4 days efficiency
S1 18.5 1.3 308 1
S2 25.1 1.7 227 1.36
S3 37.8 2.6 150 2.05
S4 51.3 3.6 111 2.78

In comparing simulations S1 to S4 using the WLA index (Figure 80), it becomes evident that, by
generations, S4 notably distinguishes itself from the others. This outcome was anticipated, given the
utilization of a 95% crossover rate and a larger population, both of which contribute to a more favorable
environment for the emergence of novel and superior individuals. However, it is crucial to acknowledge
that the assessment of farm layouts depends on SWAN simulations, and expanding both parameters
leads to an increase in the number of simulations and, subsequently, the execution time. Consequently,
the optimal adjustment for the algorithm must be carefully weighed against execution time constraints.
In this context, simulation S1, the swiftest among them, unequivocally demonstrates superior results

with the best balance between HRA and g-factor from the initial hours of simulation.

Figure 79 shows the results of the simulations considering the execution time of 100 generations of S4,
which is 86 hours. The data show that as it is a multi—objective optimization, and both parameters are
equally balanced, the best result for one parameter will not always return the best output. As an example,
in Table 20 the results of WLA for S3 after 86 h are better than for S2 and S4, although S2 has a higher
g-factor and S4 has a higher HRA than S3.

Table 20 — Results of simulations S1, S2, S3 and S4 considering an execution time equivalent of 100
generations of S4 (86h).

Simulation Generations HRA (%) g-factor

S1 279 13.21 1.008
S2 205 12.28 1.010
S3 136 12.44 1.007
S4 100 12.93 0.999

Having established the S1 configuration as the optimal choice, simulations S5 to S8 were subsequently
conducted to gauge the algorithm's performance across other variants. These included variations in the
number of WECs and in the minimal distance between them. By exploring these additional factors, it
was aimed to comprehensively assess the adaptability and efficacy of the GA in accommodating
different parameters crucial to the design and optimization of WEC farm layouts.

All simulations performed showed a distinct evolutionary trajectory, even when sharing identical array
parameters. The individual progressions across generations are visually depicted in Figure 81 and Figure
82, where a simultaneous moving average, with a window of 5 values for both objectives (HRA and ¢-
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factor), is presented for all simulations, and provides an interesting visualization of the trade—offs

between the objectives.
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Furthermore, Figure 83 and Figure 84 offer insight into the optimized final WEC farm design for each
variation. Despite all simulations showcasing a heightened density of WECs strategically positioned to
harness the most energetic sea states, the path to achieving these outcomes varied significantly, resulting
in diverse final configurations. These graphical representations underscore the nuanced and multifaceted
nature of the optimization process, highlighting the unique pathways each simulation traverses to attain
its final objective.
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In the analysis of the different arrangement’s inputs and restrictions, the evolution of all simulations was
plotted considering the values of HRA and g-factor, in Figure 85, and of WLA, in Figure 86. The
dynamic nature of the WLA requires recalculating it after every generation, as the data is normalized.
To ensure consistency across simulations, the WLA for all scenarios was calculated using the global
maximum and minimum values derived from simulations S1 to S4 (in Figure 85) and simulations S1 to
S8 (in Figure 86). This approach facilitates a standardized comparison across different simulation runs,

allowing for a comprehensive evaluation of the optimization process's performance and effectiveness.

The exceptionally high HRA value in the 200 WECs layout (S6) resulted in a significantly larger WLA,
effectively compensating for its lower g-factor. However, it is crucial to acknowledge the challenges
posed by area restriction issues arising from either an excessive number of WECs or a wide inter—WEC
spacing. These constraints constitute formidable obstacles within the optimization framework, as they
can limit the development of the algorithm, causing premature convergence evidenced by horizontal
curves. This underscores the complex interplay between the layout optimization objectives and the

physical constraints inherent in the wave energy conversion domain.

To gain more insights on the array efficiency relative to the number of devices, the Capture Width Ratio
(CWR) was also analyzed, which is a widely used metric for evaluating the hydrodynamic efficiency of
a WEC. It represents the proportion of wave energy absorbed by the device relative to the energy flux
available within its characteristic length. This efficiency is expressed as a ratio of the power absorbed
by the WEC to the product of the wave energy flux per unit width and the characteristic width of the
device.

The characteristic width, D, is often defined as the physical width of the WEC that is perpendicular to
the wave front. In this study, D corresponds to the overall width of the CECO. The CWR can be
expressed as:

Pabs

CWR = 7D (54)

where P, is the power captured by the WEC, and J the wave energy flux per meter of wave front.
Unlike absolute measures of absorbed energy, the CWR offers a dimensionless perspective on the
performance of a device. By normalizing energy capture relative to the device’s size, it becomes easier
to compare different WECs, regardless of their physical dimensions or operational scales. This makes
the CWR particularly useful for benchmarking and performance optimization.

Table 21 presents the final outcomes of each simulation. Although comparisons among simulations S1
to S4 are not feasible due to the different execution times and generation counts, it is pertinent to note
that comparisons between S5 to S6 and S7 to S8 are viable, as these simulations are variations of the
same parameter and feature identical generation counts. Additionally, and in accordance with the
findings presented in [63], the accessibility for the operation and maintenance of the wind farm emerges
as a critical parameter for analyzing the efficiency of wave height reduction. Consequently, this

parameter has been duly incorporated into Table 21 for a comprehensive analysis.
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In contrast with the findings detailed in section 4.2 [63], which share the same inputs as this study and
entailed the positioning of 4 WEC farms in a customized arc arrangement, simulation S1 exhibited
notable superiority. Specifically, in comparison to the best layout identified in section 4.2 [63],
simulation S1 showed an 87% improvement in absorbed wave power and a 46% enhancement in wave

height reduction within the designated area of interest.

Table 21 — Final generation results for best fit layout, and estimated increase in the accessibility of the

wind farm for operation and maintenance.

Power Accessibility
Simulation Generation . CWR q-factor HRA (%) .
absorption (MW) increase (%)
S1 500 6.61 40.25 1.023 13.21 28.4
S2 260 6.54 39.62 1.012 12.52 26.7
S3 150 6.50 33.21 1.006 12.82 27.6
S4 125 6.47 38.96 1.001 12.86 27.8
S5 200 11.95 34.39 0.924 21.08 44.0
S6 200 22.15 30.08 0.857 32.14 69.5
S7 125 6.42 38.90 0.992 10.43 222
S8 125 6.28 38.27 0.972 8.92 19.0

The Capture Width Ratio decreases as the number of WECs increases, indicating a trade—off between
total energy absorption and individual device efficiency. Simulations with fewer WECs, such as S1 (50
WECs) and S2 (50 WECs), show higher CWR values (40.25 and 39.62), reflecting better energy capture
efficiency per device. However, as more WECs are added, like in S5 (100 WECs) and S6 (200 WECs),
the CWR drops significantly, despite a higher total power absorption, suggesting that scaling up the
number of devices reduces their relative efficiency. This trend highlights the balance between optimizing

the number of devices and maximizing energy capture efficiency.

As the S1 simulation demonstrated superior performance, extending it to 500 generations allowed for a
detailed analysis of its behavior. Figure 87 shows a notable initial improvement in both parameters,
followed by a gradual enhancement in g-factor over the subsequent generations, while HRA remains
relatively stable after 300 generations. This pattern highlights the inherent trade-offs between
parameters, notably observed in the best layout curve, where new individuals with higher g-factor

exhibit lower HRA than the previous best fit, and vice versa.

Moreover, it is noteworthy that not only the best fit individual or the elite evolve. Instead, the entire
population experiences an increase in values, indicating a collective trend toward achieving optimal
results. While the population range maintains the potential to circumvent local optima, the ongoing
evolution of individuals across successive generations suggests a continual exploration of the solution
space, thus mitigating the risk of convergence towards suboptimal solutions.

Interestingly, the best fit individual remained unchanged in the last 50 generations, despite sporadic
instances of improved HRA and g-factor in other individuals. This suggests the possibility of a superior
fit individual, albeit with diminishing probability as the best fit remains unchanged over successive

generations.
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5.1.3. Comparative analysis and validation of the optimization algorithm

In the following was performed sensitivity analysis a comparative study replicating simulations with

different number of WECs. The outcomes for the 200" generation of configurations S5 and S6 are

presented in Table 21, while configuration S1 achieved a power absorption of 6.51 MW and an HRA of

12.86%. A summary of the results for all comparative cases can be found in Table 22.

Table 22 — Results of the verification and validation study. Where Ad is the distance from the first run

position.
Sim Power abs Power HRA (%) HRA Layout Pairs (%) Centroid
(MW) Error (%) Error (%) RMSE Ad >1D Ad (m)
S1 rerun 6.53 0.26 12.63 -1.80 112.71 52 16.76
S5 rerun 11.90 -0.47 20.89 -0.91 106.81 57 22.16
S6 rerun 22.17 0.09 32.48 1.04 98.81 44 14.42
S1 max shield 6.22 —4.42 14.53 12.96 225.71 86 51.55
S5 max shield 11.44 -4.28 22.76 7.95 136.52 88 68.36
S6 max shield 21.24 —4.14 33.97 5.68 110.52 88 49.73
S1 max power 6.59 1.20 9.78 -23.97 336.69 90 171.72
S5 max power 12.09 1.14 18.94 -10.14 180.73 91 84.68
S6 max power 22.35 0.88 30.43 -5.32 170.28 93 72.00
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To further illustrate the findings, the outcomes of the S1 configuration are highlighted in Figure 88 and
Figure 89, which provide an evolutionary comparison of the two optimization runs with equal weights
assigned to power absorption and shield protection. Additionally, Figure 90 showcases the layouts of all
S1 simulations, including those optimized solely for power absorption and shield protection. These
visualizations emphasize the versatility and effectiveness of the proposed optimization algorithm under
varying objectives.
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Figure 88 — Comparison of the evolution of the HRA values and their variation for the two simulations
with S1 parameters. The blue line represents the evolution of first run, the green line the evolution of
second run and the red bars represent the percentual difference between each run.

The second round of simulations with equal weights assigned to shield protection and power absorption
produced results that were remarkably similar to the first ones. Approximately half of the WECs were
positioned in locations less than one device diameter (<1D) apart, with variations in HRA of less than
2% and power absorption differing by less than 0.5%. Additionally, the RMSE remained stable around
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5D across all three simulations of different numbers of WECs. The evolutionary process of the
optimization was also highly similar, indicating a strong tendency toward convergence on a global
optimum with minimal variation.
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Figure 89 — Comparison of the evolution of the g-factor values and their variation for the two simulations
with S1 parameters. The blue line represents the evolution of first run, the green line the evolution of
second run and the red bars represent the percentual difference between each run.

Notably, the simulations performed for maximizing just one parameter exhibited higher variations in
RMSE and centroid positions compared to the rerun simulations, as these focus on a single objective,
which causes greater layout variability, with approximately 90% of the devices repositioned. The RMSE
was higher for layouts with fewer WECs compared to those with more devices. A plausible explanation
is the reduction of available space for positioning in larger layouts, which leads to a more uniform device
distribution and minimizes the average positional differences between optimized pairs.
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The centroids, which can represent the positioning of a central collecting hub, were highly stable for the
rerun simulations, with variations of 1D or less. An exception occurred in the S1 maximum power case,
where centroid variation reached 8D due to the focus on maximizing power absorption alone, which led
to more distinct optimized positions. Nevertheless, considering the layout domain of approximately 1.3
km?, this difference is practically insignificant.

The random nature of the initial generation and the mutation process, which allows WECs to be
repositioned anywhere within the domain regardless of previous layouts, supports this global
optimization search. This tendency for the simulations to converge toward a common solution is further
demonstrated by the evolution of the entire population, as shown in Figure 21, where the population

progresses collectively toward an optimal configuration.

These results further corroborate the trend toward an optimal global layout. A plausible explanation for
the consistency of results and the similarity in evolutionary paths, even when considering continuous
spatial positioning, lies in the random sampling of 500 layouts in the initial generation. This broad
exploration minimizes the likelihood of convergence to local optima by effectively distributing the
WEC:s across the entire domain.

For the simulations that aimed to maximize only one parameter in the objective function, the non—
prioritized parameter was consistently neglected in the best—fit solutions, never achieving the highest
value in the generation and remaining close to the generation average. Conversely, the prioritized
parameter was always maximized. This is reflected in Table 10, where reductions in power absorption
and HRA are evident for the neglected objectives.

Interestingly, Table 22 also reveals that, even with equal weights, power absorption reaches levels very
close to those achieved in simulations exclusively maximizing power. This suggests a potential barrier
for this parameter, as the g-factor is already close to or exceeds 1. On the other hand, HRA appears to
have more room for improvement. Furthermore, small variations in power absorption have a more

pronounced impact on shield protection than variations in protection have on power absorption.

Examining Figure 90 and the variations in centroids, it becomes evident that prioritizing one objective
significantly influences the spatial arrangement of the layouts. Simulations that prioritize shield
protection exhibit a more compact spatial distribution, concentrating the WECs in areas aligned with the
predominant wave energy directions and frequencies. Conversely, simulations that prioritize power
absorption result in a more dispersed spatial configuration, aimed at minimizing interference between
WECs and maximizing wave energy exposure for each device. These findings highlight how the
objective function weights influence not only the performance metrics but also the spatial characteristics
of the optimal WEC layouts.

These findings emphasize the importance of carefully calibrating the weights of the objective function.
Their adjustment should be based on thorough evaluation and may consider a range of economic, social,
and environmental factors to reflect stakeholder priorities and optimize outcomes effectively.
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5.1.4. Sensitivity analysis conclusions

This study successfully employed a GA to optimize the layout of a WEC farm situated offshore Viana
do Castelo, Portugal. The farm's primary objective was to harness wave energy while simultaneously
protecting a co—located wind farm from waves, in order to increase the weather windows for operation

and maintenance.
The key findings of the study are as follows:

e K-means clustering effectively reduced the number of sea states required for the accurate wave
farm simulations while preserving at least 90% of the incoming wave energy. However, it is
crucial to acknowledge that k—means clustering utilizes Euclidean distance, which is not well—
suited for analyzing data with circular characteristics, such as wave direction. This limitation
was overcome by restricting wave directions to a sector lower than 180°. Alternatively,
employing specialized distance metrics for circular data representation could be explored in

future works;

e The GA configured with a 70% crossover rate, a population size of 25 individuals, and an elite
rate of 12% achieved the optimal balance between solution quality and computational
efficiency. Importantly, this approach leverages a continuous domain for WEC placement.
Unlike traditional grid—based methods that restrict WEC positions to pre—defined locations, the
GA allows for a more nuanced and potentially superior optimization by enabling free

positioning within the designated area;

e Compared to a previous study with a non—optimized layout design, the proposed GA method
yielded a significant improvement in both the absorbed wave power (87% increase) and wave

height reduction (46% increase) within the designated area of interest;

e The limitations of the study include the inherent trade—offs between the optimization objectives
(HRA and g-factor) and the challenges posed by area restrictions due to a large number of WECs

or wide inter—device spacing.

In essence, this study demonstrates the effectiveness of the GA in optimizing wave farm layouts for
efficient wave energy capture while simultaneously mitigating negative wave impacts on co—located
wind farms. The proposed methodology, particularly the utilization of a continuous domain and the
versatile SNL-SWAN model, is valuable for advancing the development and implementation of wave
farms. The vast range of inputs and outputs allowed by SNL-SWAN model enhances the applicability
and comparability of this framework across diverse WEC technologies and environmental conditions.

This finding underscores the nuanced interplay between different performance metrics within multi—
objective optimization frameworks. It suggests that achieving the most favorable outcome needs a
holistic evaluation of various parameters and their respective trade—offs, rather than focusing solely on
individual metrics. Such insights are instrumental in refining optimization strategies and enhancing the
effectiveness of WEC layout design processes.
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5.2.Economical optimization of an offshore co-located wave farm

The optimization process presented in this section considers the evaluation of objectives as defined in
Section 3.5.3, where the weights of the WLA function were assigned values of 0.6582 for power
production and 0.3418 for shield protection. In addition, based on the outcomes of the sensitivity
analysis, the simulation configuration S1 was applied to the GA parameters to ensure consistency with

previous simulations.

As anticipated, the evolution of the layouts (Figure 91 and Figure 92) diverged from the S1 simulation
results (Figure 87), with the g-factor reaching a value of 1.0 after only 42 generations. Moreover, this
simulation achieved a g-factor similar to that of the S1 simulation at the 500™ generation in
approximately 50% of the computational time. While this approach accelerated the optimization process
significantly, it should be noted that when compared to simulations that only optimized power
production (referred to as "S1 max power" in Section 5.1.3), the current simulation did not reach the
maximum potential for power production. This observation suggests that although the optimization
strategy effectively improved convergence speed, it did not fully exploit the power production potential

in isolation.

However, the goal of the current optimization is not solely to maximize power production. Shield
protection, as an additional objective, plays a crucial role in determining the optimal layout. The HRA
index, which is central to the shield protection objective, exhibited a more irregular evolution throughout
the generations. This irregularity can be attributed to the fact that the weight of HRA is less than half of
that of the g-factor. Consequently, HRA must undergo significantly larger fluctuations in order to
influence the fitness function. This is evident from the several peaks in the HRA curve that did not lead
to modifications in the best—fit layout. Notably, towards the end of the simulation, a substantial increase
in the HRA led to a slight decrease in the g-factor of the best—fit layout, indicating that the interaction
between the two objectives can influence the optimization process in complex ways.

Figure 91 illustrates the evolution of the simulation using the weighted parameters for shield protection
and power production. The purple shaded area represents the range of values observed across the
population, the green line denotes the best—fit layout, the blue line represents the average of all
population members, and the yellow line indicates the average of the elite layouts. Figure 92 compares
the evolution of the HRA and g-factor parameters throughout the optimization process, further
highlighting the relationship between these two objectives.

Upon reviewing the results, it becomes evident that tuning the algorithm using the desired weights for
power production and shield protection facilitates the achievement of optimal results more quickly than
when the optimization is not tuned. Additionally, this approach does not sacrifice layouts that yield
favorable results for the less prioritized objective, as is the case when using a single—objective function.
The comparison between the single—objective simulation and the current multi—objective optimization
reveals that power production reaches a near—threshold level of development, which subsequently limits
further improvements. This stage of development then creates space for the HRA to evolve, especially
if a layout with high protection appears.
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Figure 91 — Evolution of simulation using economical parameters to define the weights of shield
protection and power production. The purple shadow represents the range of values presented in the
population, the green line the best fit layout, the blue line the average of all population and the yellow line
the average of elite layouts.

The simulation reached the termination criterion of 20 consecutive generations without modifications
in the objectives at generation 401, at which point the results were nearly identical to those obtained in
the S1 simulation. Table 23 presents a comparison between the results of the S1 and economical

optimization simulation.

Table 23 — Comparison between results of S1 and economical optimizations.

X X . Power absorption Accessibility increase
Simulation Generation q-factor (%) HRA (%)
(MW) (%)
S1 500 6.61 102.3 13.2 28.4
Economical 401 6.61 102.3 13.1 28.3
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Figure 92 — Comparison of the evolution of the HRA and g-factor parameters for economical optimization.

Upon reviewing the results, it becomes evident that tuning the algorithm using the desired weights for
power production and shield protection facilitates the achievement of optimal results more quickly than
when the optimization is not tuned. Additionally, this approach does not sacrifice layouts that yield
favorable results for the less prioritized objective, as is the case when using a single—objective function.
The comparison between the single—objective simulation and the current multi—objective optimization
reveals that power production reaches a near—threshold level of development, which subsequently limits
further improvements. This stage of development then creates space for the HRA to evolve, especially
if a layout with high protection appears.

Considering that WEC technologies have not yet reached commercial availability, it is noteworthy that
the proposed optimization algorithm can still deliver high—quality results even without the explicit
valuation of objectives. This flexibility in the algorithm makes it a valuable tool for accelerating the
implementation of wave energy technologies. By providing optimal layouts for specific sites, the
algorithm can facilitate the evaluation of the feasibility of wave energy farms, even in the early stages
of technology development. This suggests that the proposed methodology can play a pivotal role in
advancing the practical deployment of wave energy systems, offering a valuable resource for decision—
makers in the energy sector.

5.3.0ptimizing nearshore wave farms

The proposed optimization methodology encompasses two principal dimensions: power performance,
aimed at maximizing energy production, and environmental considerations, focusing on the impacts
generated on the wave climate. In previous scenarios, where wave farms were positioned offshore in

deep waters, the wave farms exhibited negligible effects on the seabed and minimal influence on far—
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field wave conditions. This observation aligns with findings in existing literature [6]. Consequently,
such offshore configurations exerted almost no discernible impact on coastal zones and shorelines.
However, when optimizing nearshore wave farms in shallow or intermediate waters, the interaction

between WECs and the seabed becomes more pronounced, as are their effects on shoreline dynamics.

In typical studies of coastal morphological evolution, SWAN is often coupled with sediment transport
models to provide a comprehensive analysis. However, the variation in wave energy, intrinsically linked
to sediment dynamics, can be evaluated using SWAN alone. This allows for an assessment of wave
energy reduction along the shoreline, enabling comparative analyses of different wave farm layouts, as
outlined in section 2.2.3 of this work. This approach provides a practical yet robust framework for
evaluating environmental impacts without necessitating full coupling with sediment transport models in

preliminary analyses.

The environmental parameters considered in this study include bathymetry, wave height, wavelength,
peak wave period, wave direction, sediment type, currents, and other relevant factors, all contextualized
within the geographic and environmental characteristics of the northern coast of Portugal. The
configuration of the numerical models is informed by previous studies that successfully applied similar
approaches to assess environmental conditions in nearshore systems [171]. Additionally, the
methodology incorporates insights from simulations conducted earlier in this research, ensuring
methodological consistency and alignment with established practices.

The analysis will quantify alterations in the coastal zone relative to a baseline scenario, providing a
detailed evaluation of the potential impacts generated by the proposed nearshore WEC arrays. This
evaluation encompasses both beneficial and adverse environmental implications. Positive effects may
include enhanced coastal protection and a shielding effect that could benefit human activities, such as
aquaculture. Conversely, potential negative impacts, such as localized erosion or sediment
redistribution, will also be assessed. These insights aim to provide a balanced understanding of the

environmental trade—offs associated with nearshore wave energy extraction.

Throughout the research, the optimization algorithm underwent continuous development and
refinement, with specific advancements implemented during its application to nearshore zones
following its initial use in offshore co—located areas. Among the new features introduced was the ability
to select between maximum or minimum normalization of the HRA index within the WLA function,
providing greater flexibility in aligning the optimization objectives with site—specific requirements.
Moreover, additional parameters to evaluate the power production performance of the WEC array were
incorporated.

Two metrics were analyzed for this purpose: the coefficient of variation of the absorbed power, which
quantifies the relative dispersion of power output across the array, and a novel metric termed "Peak—to—
Mean" (P2M). The P2M parameter, defined as the difference between the maximum power absorption
(max|P,..|) and the average power absorption of all WECs (P,..), normalized by the average, offers
insight into the smoothness of the power production within the array.
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These parameters are particularly valuable for assessing variations in power output among WECs in
different configurations and for comparing the smoothness and stability of energy production across
layouts. By evaluating these metrics, the algorithm enhances its capacity to identify optimal designs that

balance energy efficiency with operational reliability.

The results for the two Portuguese case sites, Esposende and Agucadoura, are presented in the following
subsections. For both locations, power production was optimized to achieve maximum g-factor values,
ensuring efficient energy extraction. However, shield protection objectives varied between maximizing
the HRA index to enhance coastal protection and minimizing the HRA index to reduce environmental
impacts. It is essential to note that while this study focuses on hydrodynamic parameters, the findings
aim to support future research and projects targeting wave energy extraction and coastal protection

solutions.

5.3.1. CASE I: Esposende — OWSC (Waveroller®)

The Esposende study site is characterized by a designated AOI that is smaller in size compared to the
broader deployment zone (Figure 93). The primary goal within this area is to significantly reduce
incoming wave energy, thereby contributing to enhanced coastal protection against phenomena such as
flooding and erosion. The optimization of WECs in this specific region aims to mitigate the impact of
wave energy on the shoreline, offering a strategic solution for addressing coastal vulnerabilities.

Previous simulations conducted by Clemente et al. [289] utilized fixed array configurations to analyze
the same sea states. These earlier simulations serve as a useful benchmark for comparison with the
results of the present study. By contrasting the findings of the current research with those from the
previous work, it becomes possible to assess the effectiveness of the dynamic array configurations and
their impact on wave energy reduction. This comparative analysis will provide valuable insights into the
benefits of flexible, optimized wave farm layouts over traditional static configurations.

Furthermore, to demonstrate the applicability of the proposed algorithm, the layout optimization was
performed with the aim of minimizing environmental impact. Specifically, two separate optimization
scenarios were considered: one aimed at maximizing the HRA to enhance coastal protection, and the
other focused on minimizing the HRA to reduce environmental disruption. These simulations highlight
the algorithm's ability to efficiently explore different optimization objectives. The following subsections
present the results for both the maximum and minimum HRA scenarios, along with a comparative
analysis of these findings in relation to the study conducted by Clemente ef al.

The optimization for maximizing the HRA terminated after 300 generations, while for minimizing the
HRA concluded after 107 generations. Table 24 presents the GA parameters applied for Esposende case
study.
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Figure 93 - Esposende deployment area and area of interest (AOI).

Table 24 — Input parameters applied in the GA for Esposende case

Parameter Value
Initial population 200
Crossover rate 70%
Mutation rate 1%
Population size (layouts) 25
WEC:s per layout 150
WEC length (D) 26 m
Minimum distance between WECs 1.5D
Elite size 3
Maximum generations 300

Maximum non—changing generations 20

Convergence tolerance 104

5.3.1.1. Maximizing coastal protection (maximizing HRA)

The initial population of 200 arrays provided a diverse foundation for the optimization process, while
increasing the velocity of the whole process it decreased the need to simulate all 500 layouts as used for
the offshore cases. During the early stages of the simulation, the GA exhibited rapid improvement in the
g-factor and HRA parameters, with a marked increase observed within the first 30 to 40 generations.
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However, after this initial phase of rapid improvement, the optimization process entered a plateau, with
only marginal gains in performance achieved in the subsequent generations. Notably, the g-factor
remained nearly constant throughout this plateau, showing minimal variation as the search space became
increasingly refined. In contrast, the HRA exhibited a more challenging evolutionary trajectory, as its
progression was intermittently constrained by the stability of the g-factor. This is evident from the peaks
observed along the optimization process, where the HRA advanced in discrete steps after several
generations, often pausing in smaller plateaus before achieving further improvements. These dynamics
highlight the interdependence of the two metrics and the complexities of navigating trade—offs within
the optimization landscape.

Figure 94 illustrates the progression of the g-factor and HRA metrics over the generations, showing the
best layout (green line), the average values for the elite layouts (orange line), the average value for all
the population (blue line) and the range of values of all population (purple shadow).

0.81

0.80

iR . o

0.79 A
0.78
0.77
0.76

0.75

g-factor

0.74

0.73 1 — Pop Avg
Elite Avg
0.721 —— Best fit
0.71 Pop range

19.10 A

18.68 -

18.26 -

17.84 A

17.42 4

17.00 A

HRA (%)

16.58 A

16.16

15.74 —— Pop Avg
Elite Avg
15.32 1 —— Best Fit

14.90 4 Pop range

T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
1 11 21 31 41 51 61 71 81 91 101111121131 141151161 171181 191201211 221231241 251261271 281291 301
Generations
Figure 94 — Evolution of objectives throughout the generations for Esposende coastal protection case.

The purple shadow represents the range of values presented in the population, the green line the best fit
layout, the blue line the average of all population and the yellow line the average of elite layouts.

165



Multi-Objective Optimization Framework For Wave Energy Farms
Combining Machine Learning, Genetic Algorithms And Numerical Modeling

It is noteworthy that in multi—objective optimization, achieving a balance between competing objectives
is of critical importance. This is evident from the presence of several peaks observed in both parameters,
which, despite their potential, their fitness was not enough to include them in the elite layouts. This
exclusion occurred because the improvements in one objective came at the expense of the other,
resulting in a reduced overall fitness for those layouts. Such trade—offs underscore the challenges

inherent in simultaneously optimizing multiple, often conflicting, criteria.

Figure 95 combines the g-factor and HRA metrics, providing insights into their simultaneous
progression. The g-factor and HRA evolved in parallel, showing periodic oscillations that suggest the
algorithm was balancing trade—offs between these two objectives. This simultaneous improvement
reinforces the interdependence of the metrics and highlights the GA’s ability to explore various
configurations before converging on layouts with optimal performance for both parameters.
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Figure 95 — Comparison of the evolution of g-factor and HRA for Esposende coastal protection case.

Figure 96 illustrates the evolution of metrics assessing the distribution of power within the WEC array.
In the initial generations, the coefficient of variation was notably high, indicating significant disparities
in power absorption among individual WECs. However, as the algorithm progressed, this metric
declined, reflecting an improved uniformity in power distribution. Similarly, the Peak—to—Mean (P2M)
ratio, which exhibited pronounced peaks during the early generations, diminished over time, signifying
a smoother and more balanced energy output across the array.

Although the latter half of the simulation showed limited progress in improving the g-factor and HRA,
the GA demonstrated its effectiveness in refining the smoothness of the energy production profile. This
refinement is particularly evident in the P2M parameter, which highlights a reduction in the gap between
peak and average power absorption. The algorithm's ability to enhance the consistency and reliability of
energy output underscores its value in generating practical and efficient WEC array configurations.
These results indicate that, even under challenging optimization conditions, the GA successfully
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balances performance metrics with operational smoothness, enhancing the overall viability of the

layouts.
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Figure 96 — Evolution of the coefficient of variation and the Peak—-to—Mean (P2M) ratio for Esposende
coastal protection Case.

Figure 97 illustrates the simulation area, highlighting the deployment region in yellow and the AOI in
red. The zoomed—in view of the deployment area provides additional details, showing the restricted
zones around each WEC, where a minimum distance must be maintained, as well as the available
placement area (in yellow). This visualization demonstrates that the optimization process is not
constrained by spatial limitations, as a significant portion of the deployment area remains available for
WEC placement.

The layout also indicates that, while the optimization algorithm distributed the WECs effectively across
the entire available area, some WECs are still positioned more isolated from others. This spatial
separation contributes to a higher variation in power absorption among the WECs, reflected in the values
of the smoothness parameters. These observations suggest that there is still potential for further
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refinement of the layout to enhance the uniformity of power distribution. Nonetheless, the algorithm has
demonstrated substantial effectiveness in balancing the distribution of WECs throughout the deployment
area, optimizing the use of available space while adhering to the placement constraints.
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Figure 97 — Best layout configuration for Esposende coastal protection case.

The optimization process demonstrated significant improvements in key performance metrics when
compared to previous studies. The best—fit layout achieved a g-facfor of 0.79, representing a 27%
increase over the results reported by Clemente et al. Similarly, the best—fit HRA value was about 19%,
marking a notable 40% improvement relative to the outcomes of Clemente et al. These advancements
underscore the algorithm's capacity to identify high—performing layouts under the specified optimization
objectives.

5.3.1.2. Minimizing environmental impact (minimizing HRA)

Although it is well known that Esposende, particularly the Ofir breakwater area and Fao beach, faces
significant challenges related to erosion and overtopping, and the optimization aiming coastal protection
is the most appropriate for this case, an optimization aiming for minimum environmental impact was
carried out to demonstrate the algorithm and advance scientific development. This optimization aimed

to balance maximum energy production with minimal environmental impact on the coastline,
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simultaneously maximizing the g-factor and minimizing the HRA. Such a demonstration is particularly
relevant for the placement of wave energy parks near biologically sensitive and protected areas.

The simulation was terminated after 107 generations, with the best—fit g-factor reaching 0.78, a value
approximately 25% higher than that reported by Clemente et al. Conversely, the best—fit HRA achieved
12%, a reduction of 7% compared to the same reference study. These results indicate that the
optimization process successfully balanced the dual objectives of maximizing energy efficiency and
minimizing environmental impact. Figure 98 presents the evolution of objectives throughout the
generations for Esposende minimal impact case.
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Figure 98 — Evolution of objectives throughout the generations for Esposende minimal impact case. The
purple shadow represents the range of values presented in the population, the green line the best fit
layout, the blue line the average of all population and the yellow line the average of elite layouts.

The algorithm exhibited a noticeable upward trend in the g-factor and a corresponding decline in the
HRA, as could be observed in Figure 98, highlighting the ability of the GA to progressively refine
solutions that meet both objectives. Notably, the best HRA results were consistently found near the
lower end of the population range, contrary to what was observed when the HRA was being maximized.
Additionally, the minimization of HRA exhibited greater variability and less stability compared to the
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maximization cases, despite the curve showing a clear tendency toward convergence. This behavior
highlights the complexity of simultaneously optimizing environmental and energy production

objectives.

Figure 99 illustrates the CoV and P2M metrics, with high CoV and P2M in the initial populations, and
as the optimization progresses, the CoV values steadily decrease for all fitness levels, suggesting that
the GA is effectively minimizing the variability in power output across the WECs. However, P2M
exhibited significant variability across generations, despite converging to a low value at the end. This
suggests that the Peak—to—Mean parameter may not adequately capture the smoothness of the layout
distribution when one of the objectives is not aiming for maximization. Consequently, a new parameter
that considers both the peak and the minimum power values within the farm could be beneficial for a

more comprehensive evaluation of layout smoothness.
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Figure 99 — Evolution of the coefficient of variation and the Peak—to—Mean (P2M) ratio for Esposende
minimal impact case.
The lower CoV observed in this scenario compared to coastal protection scenarios demonstrates the
GA's effectiveness in generating consistent and operationally stable configurations. Figure 100
illustrates the best—fit configuration, revealing a distinct shift in WEC distribution. Unlike coastal
protection scenarios where WECs tend to cluster near the shoreline, the optimized layout exhibits an
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arrangement more distant from the east board. This is expected, as the distance between WECs is a
critical parameter influencing their interaction with the wave climate. Notably, two prominent groups
of WECs emerge in the north and south, likely driven by the position of the AOI and the dominant wave
directions (northwest). The algorithm appears to be strategically positioning the WECs to minimize
interference with the most energetic incoming waves, thereby avoiding significant impacts in the vicinity
of the AOI. Given the large deployment area and the specific focus on the AOI, the algorithm efficiently
distributes WECs across the available space, mitigating environmental impacts by reducing the HRA
while simultaneously optimizing energy production.

A5

Figure 100 — Best layout configuration for Esposende minimal impact case

5.3.1.3. Comparison with previous studies

This section presents a comparative analysis of the optimized wave farm layouts with a previously
published configuration proposed by Clemente et al. [289]. The fixed layout used in Clemente ef al. was
reproduced using the same bathymetry, grid and initial boundary conditions as the simulations of the
GA optimization. The performance of each scenario is evaluated based on the HRA of the AOI, power
generation, using g-factor, and a visual analysis of the energy flux reduction in the entire domain. The
analysis aims to demonstrate the effectiveness of the GA—based optimization approach in improving
wave farm performance and mitigating environmental impacts compared to a pre—defined layout. Figure

101 illustrates the spatial distribution of energy flux reduction for fixed wave farm, whereas Figure 102
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and Figure 103 present the same output, but for the farm optimized for coastal protection (shield layout)
farm the optimized for minimal impact (low-impact layout), respectively.

The energy flux reduction maps reveal distinct spatial patterns. The fixed scenario exhibits a
concentrated area of high energy flux reduction, likely due to the fixed WEC placement. In contrast, the
“shield layout” demonstrates a more widespread and extensive area of energy flux reduction, suggesting
that the optimization for coastal protection has effectively increased wave energy dissipation over a
larger region. The “low-impact layout”, while showing a reduction in energy flux, exhibits a less
pronounced and more localized impact compared to the “shield layout”, as expected due to the
optimization objective of minimizing shoreline impact.
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Figure 101 — Wave energy flux reduction (%) of the best wave farm (150 WEC) of Clemente et al. [289]

layout.

Another benefit of the more dispersed layouts (shield and low-impact) compared to the fixed layout is

that they may have a lower impact on the benthic community and sediment transport in the vicinity of

172



Multi-Objective Optimization Framework For Wave Energy Farms
Combining Machine Learning, Genetic Algorithms And Numerical Modeling

the wave farm. The concentrated area of high energy reduction in the fixed layout, occurring in relatively
shallow waters, can have a more significant impact on the benthic environment and sediment dynamics
in that specific region. While the fixed layout may have a lower impact on sediment transport along the
shoreline (which is at high risk of erosion), the more dispersed layouts may offer a better balance
between energy extraction and potential environmental impacts on the seabed.
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Figure 102 — Wave energy flux reduction (%) of the optimized wave farm for Esposende coastal protection
case.

Table 25 summarizes the key performance metrics for each scenario. The “shield layout” exhibits a
significantly higher HRA compared to the fixed one, indicating a substantial increase in wave energy
dissipation. Conversely, the “low-impact layout” has a lower HRA than the fixed one, as expected, due
to the optimization objective of minimizing shoreline impact. In addition, both optimized scenarios
demonstrate higher power generation compared to the fixed configuration, suggesting that the

optimization process has improved energy extraction efficiency. This improvement in power generation
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while simultaneously considering HRA demonstrates a more favorable trade—off between energy
production and environmental impact in the optimized layouts.

Table 25 — Comparison of optimization objectives for fixed and optimized layouts of Esposende case.

HRA  HRA variation Power Absorption (MW) g-factor Power variation

Fixed 13.4% - 38.8 0.64 -
Shield 18.8% 39.6% 48.9 0.80 25.9%
Low Impact  12.8% ~7.3% 48.1 0.78 23.6%
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Figure 103 — Wave energy flux reduction (%) of the optimized wave farm for Esposende minimal impact

case.

The results demonstrated the algorithm's efficiency in both wave impact scenarios. When applied to
reduce incoming wave energy on the coast, the GA decreased wave height in the AOI by nearly 40%,
while simultaneously increasing the power absorption of the farm by approximately 26% compared to
a fixed layout. In the case of minimizing coastal impact, the GA reduced the impact by about 7%, while
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increasing power absorption in almost 24%. Visual analysis clearly highlights the distinction between
the GA—optimized layouts and the fixed one; although all three configurations show significant wave
energy reduction near the shoreline, the GA layouts have a smoother energy reduction, which is an

advantage, as peaks of reduction could lead to a worse impact on habitats and sea life.

In conclusion, the GA—optimized configurations exhibit improved performance in terms of energy
extraction, environmental impact mitigation, and the balance between these two critical factors,
demonstrating the versatility of the GA approach in addressing diverse optimization objectives. These
findings highlight the promise of GA-based optimization for the development of efficient and

environmentally sustainable wave energy farms.

5.3.2. CASE Il: Agugcadoura — Point absorber (C4 CorPower)

Agucadoura encompasses two areas of particular interest regarding coastal flooding and erosion,
situated to the north (Apulia) and south (Ribeira da Barranha) of the designated deployment zone.
Although these areas are identified as being susceptible to some level of risk in terms of flooding and
erosion, they do not exhibit a high degree of vulnerability [284-288, 291,292]. As a result, the primary
focus of the optimization efforts within this region is not on directly enhancing coastal protection but
rather on reducing the overall environmental impact. However, to provide a more comprehensive
understanding of the potential effects, simulations focused on coastal defense will also be conducted,

enabling a more detailed future analysis of the site’s environmental dynamics.

The Agucadoura test site, located offshore of the northern coast of Portugal, is a pivotal location for
testing marine renewable energy technologies, particularly WECs. This site has played an integral role
in the development and demonstration of various ocean—based energy solutions. Notably, Agucadoura
features a 3MW export cable for grid connection, which facilitates the testing of wave energy devices
at both full scale and reduced scale. The infrastructure at Agucadoura supports the evaluation of
innovative technologies in a real-world marine environment, advancing the understanding of their

performance and operational viability.

Although no large—scale WEC farm is currently planned for deployment at Agucadoura, the testing of
devices such as the CorPower units and the associated studies generated through the SAFE WAVE
project provide valuable insights into the site’s potential. As a consequence of these ongoing studies,
the application of the proposed optimization algorithm to this area will serve as a demonstration of its
usability for larger, generic longshore areas. This approach offers a general framework for assessing the
environmental aspects of wave energy conversion, with a particular focus on the objectives related to
minimizing environmental disruption while maximizing efficiency. The insights gained from this case
study will contribute to refining the algorithm’s application across diverse coastal environments,
furthering the understanding of its potential for environmental optimization in marine renewable energy

projects.

The simulations conducted in this study utilized the 10 MW and 30 MW configurations designed by
CorPower, arranged in an "X" formation with a central hub of 28 WECs per layout. These configurations

were selected to facilitate comparison with the study carried out by Santiago et al. [290], which analyzed
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different sea states using a smaller AOI. To extend the analysis, the AOI in this study was expanded
further south, encompassing regions not included in Santiago et al.'s work [290]. Consequently, new
simulations replicating their methodology were performed to establish a baseline for comparison and
assess the efficiency of the proposed dynamic layouts relative to conventional "Fixed X" configurations.
This approach ensured a comprehensive evaluation of both studies under comparable conditions.

Additionally, simulations were conducted to evaluate the optimization of the layout for both maximum
and minimum HRA (significant wave height reduction) with the 10 MW and 30 MW configurations.
Initially, these simulations used a large, simple AOI. However, due to the complexity of implementing
the minimum HRA objective in areas far from the deployment zone, a new approach was developed.
This method involved contouring the AOI around the deployment zone in a "U" shape, allowing for a
more practical and efficient simulation of the minimum HRA optimization. This approach was
particularly beneficial for addressing the environmental impact in regions distant from the deployment

zone, where wave energy interaction is less significant.

In summary, this study not only compares the effectiveness of different layout configurations but also
introduces a new method for optimizing the environmental impact, thus enhancing the applicability of

the algorithm to large coastal areas. Table 26 presents the GA parameters applied for Esposende.

Table 26 — Input parameters applied in the GA for Agugadoura case.

Parameter Value
Initial population 200
Crossover rate 70%
Mutation rate 1%
Population size (layouts) 25
WEC:s per layout 28/84
WEC length (D) 9m
Minimum distance between WECs 16.67 D
Elite size 3
Maximum generations 300
Maximum non—changing generations 20
Convergence tolerance 104

5.3.2.1. Maximizing coastal protection (maximizing HRA)

For the Agugadoura case study, two wave farm configurations were considered, as previously proposed
by Santiago et al. [290]: a 10 MW farm with 28 WECs and a 30 MW farm with 84 WECs. Both
configurations were simulated to evaluate their performance and impact. Given that the region includes
a coastal hazard risk area spanning the shoreline, the AOI could have been divided into multiple target
areas or defined as a single large AOI encompassing all regions. However, due to the significant distance
between the test site and the shoreline, smaller, localized AOIs near the coast would fail to accurately

represent the variation in HRA, limiting their impact on the optimization process.

To address this challenge, a general AOI was chosen for the simulations. This AOI was strategically
positioned approximately midway between the test site and the shoreline, ensuring it was extensive

enough to encompass all simulated wave directions incident on the test site. This setup is illustrated in
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Figure 104, demonstrating how the AOI was designed to adequately capture the key dynamics relevant
to the optimization process.
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Figure 104 - Agugadoura deployment area and single general area of interest.

Figure 105 and Figure 106 depict the progression of the g-factor and HRA for the 10 MW and 30 MW
wave farms, respectively, across generations. These figures present the best layout (green line), the
average values of the elite layouts (orange line), the average value for the entire population (blue line),
and the range of population values (purple shadow). Compared to other case studies, such as the offshore
co—located farm and the Esposende case studies, the evolution curves for the Agucadoura simulations
exhibited smoother behavior, with fewer abrupt peaks and troughs, and faster convergence. Specifically,
convergence was achieved after only 70 generations in the coastal protection scenario and 103
generations in the minimal impact scenario.

This rapid convergence can be attributed to the quick rise in the objectives, particularly the g-factor,
which surpassed the threshold value of 1 early in the process. For the 10 MW farm, this threshold was
exceeded even within the initial population. The results indicate that the algorithm efficiently identified
promising solutions early on, streamlining the optimization process and reducing the number of
iterations required.
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The unique characteristics of the AOI in this case also played a role in shaping the results. As the AOI
is located at a considerable distance from the deployment area, the HRA values were inherently lower,
reducing their order of magnitude from 10! to 10°. This lower scale minimized the impact of HRA on
the optimization process, particularly since the tolerance for convergence was set at 10~*. While this
setup effectively facilitated convergence, the tolerance can be adjusted as needed to align with
stakeholder requirements.

Furthermore, the use of a large AOI influenced the computed HRA values. As the HRA is an index
averaging the reduction in wave height across the entire AOI, the large area diluted the influence of the
wave farm. For many wave directions, the wave farm's impact was not uniformly felt across the entire
AOI, meaning the regions significantly affected by the farm represented only a small percentage of the
total area. This effect reduced the overall HRA values, demonstrating how the spatial scale and
positioning of the AOI can influence optimization outcomes.
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Figure 105 — Evolution of optimization objectives (q-factor and HRA) over generations for the 10 MW farm
in the Agucadoura coastal protection case. The purple shadow represents the range of values presented
in the population, the green line the best fit layout, the blue line the average of all population and the
yellow line the average of elite layouts.
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Figure 106 — Evolution of optimization objectives (g-factor and HRA) over generations for the 30 MW farm
in the Agucgadoura coastal protection case. The purple shadow represents the range of values presented
in the population, the green line the best fit layout, the blue line the average of all population and the
yellow line the average of elite layouts.

The g-factor values were relatively high, with the best 10 MW layout exhibiting an average absorbed
power approximately 21% higher than that of a single WEC. A potential explanation lies in the
methodology employed to estimate the power output of one WEC. Specifically, this value was derived
from the average of 1,000 simulations, wherein a single WEC was randomly positioned within the
deployment area. This approach inherently introduces variability owing to the influence of local
bathymetry, which alters wave conditions and, consequently, the available energy. Moreover, the
position of the WEC and the relative dimensions within the computational grid further influence the
absorbed power output, contributing to the observed performance differences.

Figure 107 and Figure 108 illustrate the progression of the distribution parameters "WEC Power CoV"
and P2M for the elite layouts of the 10 MW and 30 MW farms, respectively. Additionally, Figure 109
and Figure 110 present the best—fit layouts for each farm. Interestingly, both parameters in both cases
exhibited lower values in the initial population, followed by a rise during the early stages of
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optimization, and eventually stabilized as the generations progressed. This behavior can be attributed to
the relatively small deployment area, where the top three arrays among the 200 randomly generated
initial layouts featured WECs dispersed across the entire area, leading to very low CoV and P2M values.
However, as the optimization process repositioned the WECs to enhance the HRA and g-factor, these

parameters adjusted to more balanced values.
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Figure 107 — Evolution of the coefficient of variation and the Peak—to—Mean (P2M) ratio for the 10 MW
farm in the Agugadoura coastal protection case.

Despite the initial rise, the final results show that the Agucadoura case outperformed the Esposende case
in terms of CoV and P2M. The 10 MW farm achieved a CoV lower than 0.2 and a P2M lower than 0.7,
while the 30 MW farm achieved a CoV lower than 0.25 and a P2M below 1. These lower P2M values
suggest that the genetic algorithm optimized the layouts into well—distributed arrays with minimal
variations in power absorption among WECs. This indicates an effective balance between energy

production and layout uniformity.
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Figure 108 — Evolution of the coefficient of variation and the Peak—to—-Mean (P2M) ratio for the 30 MW

farm in the Agugadoura coastal protection case.

Figure 109 — Best layout configuration for the 10 MW farm in the Agugadoura coastal protection case.
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Figure 110 — Best layout configuration for the 30 MW farm in the Agugadoura coastal protection case.

However, the results for the 30 MW farm were generally less favorable due to the constraints of the
small deployment area. Figure 110 clearly illustrates the lack of free space (indicated by yellow regions)
for placing additional WECs, leading to tightly packed arrays. This density had a direct impact on
performance: while the 10 MW farm achieved a g-factor of 1.21, the 30 MW farm reached only 1.03.
The easternmost WECs (downstream) in the 30 MW farm experienced significant interference from
upstream WECs, further reducing performance. This interference also influenced P2M values, as power
absorption became less uniform.

Moreover, the limited space significantly affected environmental impact metrics. The 30 MW farm, with
a g-factor approximately 15% lower than the 10 MW farm, exhibited an HRA increase of about 153%,
rising from 1.35% to 3.42%. The smaller deployment area and higher WEC density amplified the
influence of the farm on the surrounding wave field, resulting in greater wave height reductions across
the AOL.

The constrained deployment area also contributed to the rapid convergence of the optimization process.
With limited space, a high number of WECs, and minimal spacing between them, the search space for
the genetic algorithm was effectively reduced, allowing it to identify optimized solutions in fewer
generations. This highlights the interplay between deployment area size, WEC density, and the
efficiency of the optimization process in achieving balanced layouts.

5.3.2.2. Minimizing environmental impacts (minimizing HRA)

Minimizing the HRA in wave farm design presents a unique set of challenges. Unlike maximizing HRA,
where simply concentrating wave energy dissipation within a defined area can achieve the objective,

minimizing HRA requires a more nuanced approach. When dealing with a small AOI, minimizing HRA
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can be relatively straightforward by strategically placing WECs to avoid impacting the specific target

area. However, for larger AOIs or when considering the shoreline as a whole, this approach can be less

effective. Simply aiming to avoid impact within the delimited AOI may inadvertently shift the impact

to areas outside the defined boundary, leading to unintended consequences. The following subsections

present the results obtained using different AOI configurations: first, employing a general single AOI

for the 10 MW farm, and then introducing a novel "U—form" AOI surrounding the wave farm for both
10 and 30 MW farm deployments.

5.3.2.2.1. General AOI — Single longshore area

This subsection presents the results of the optimization process aimed at maximizing power production

while minimizing environmental impact, using the general AOI, previously applied in the coastal

protection case. Figure 111 illustrates the evolution of the objective functions, the g-factor, and HRA.
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Figure 111 — Evolution of optimization objectives (g-factor and HRA) over generations for the 10 MW farm
in the Agugadoura minimal impact case using a general single AOI. The purple shadow represents the
range of values presented in the population, the green line the best fit layout, the blue line the average of

all population and the yellow line the average of elite layouts.
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The optimization exhibited unexpected behavior, with both objectives demonstrating a continuous
decrease. This undesirable trend can be attributed to several factors, including the significant distance
from the deployment area, the potential to avoid the AOI entirely, and the availability of considerable
free space within the deployment area for WEC placement. These factors likely contributed to the
observed behavior.

Consequently, the layouts evolved towards an agglomeration in the southern portion of the area,
presumably to avoid the defined AOI, as evidenced in Figure 112. This agglomeration resulted in a
decrease in both HRA and the g-factor, indicating a suboptimal solution. Furthermore, the CoV and
P2M values increased, suggesting an uneven distribution of power production due to the concentration
of WEC:s in the lower left corner while others remain sparsely distributed.

These results highlight the limitations of using a single, longshore—oriented AOI for this specific
scenario. This approach did not effectively prevent the displacement of the impact caused by the wave
farm to adjacent regions, failing to achieve an optimal balance between power production and
environmental impact. Therefore, an alternative definition of the AOI is required to address these

limitations and guide the optimization process towards more desirable solutions.

Figure 112 — Best layout configuration for the 10 MW farm in the Agugadoura minimal impact case using

general AOI.

5.3.2.2.2. U-form AOI — Triple area around the wave farm

To achieve the objective of maximizing the g-factor while minimizing the HRA for a broad general area

distant from the coastline, a U-form AOI was proposed, as illustrated in Figure 113. This configuration
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was specifically designed to encompass all leeward interference of the wave farm on the wave climate,
maintaining a distance of 1 km from the deployment zone.
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Figure 113 - Agucadoura deployment area and U-form area of interest (AOI).

As in previous cases, Figure 114 and Figure 115 depict the evolution of the g-factor and HRA for the
10 MW and 30 MW wave farms, respectively. In both scenarios, the new AOI demonstrated its
effectiveness in guiding the optimization algorithm to achieve a balanced compromise between the
objectives.

The simulation for the 10 MW wave farm concluded after 75 generations, while the 30 MW wave farm
required 117 generations. Both simulations exhibited rapid improvement in the g-factor during the initial
generations, stabilizing at near—optimal values with minor fluctuations in subsequent generations.
Conversely, the HRA displayed an opposing trend, as expected.

However, an analysis of the population range revealed distinct evolutionary patterns between the two
simulations. The 10 MW wave farm exhibited greater variability and a wider range of possibilities, while
the 30 MW wave farm converged towards a narrower population range. This difference can be attributed
to the spatial constraints of the deployment area, which are significantly more restrictive for the larger
30 MW farm.
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Figure 114 — Evolution of optimization objectives (gq-factor and HRA) over generations for the 10 MW farm
in the Agugadoura minimal impact case using the U-form AOI. The purple shadow represents the range
of values presented in the population, the green line the best fit layout, the blue line the average of all
population and the yellow line the average of elite layouts.

Examining the coefficient of variation (CoV) and P2M metrics, presented in Figure 116 and Figure 117,
it is evident that these values did not exhibit substantial improvement during the simulations. For the 10
MW farm, this was primarily because these metrics were already low at the outset. Notably, P2M
reached a value below 0.5, indicating that the most power—absorbing WECs did not absorb more than
50% of the average power absorbed by all WECs in the park. Due to the small number of WECs, both
metrics reflected good results, ensuring smoothness in the park’s configuration. Conversely, for the 30
MW farm, the densely packed configuration of WECs resulted in a reduced average power absorption
compared to the highest—performing WECs located along the westernmost boundary.

As observed in previous studies, the g-factor and HRA exhibited opposing trends: while maximizing
separation increased power absorption, it simultaneously decreased the downstream impact on wave
height. Consequently, the WLA assumed a high correlation between maximizing the g-factor and
minimizing HRA. Additionally, similar to the Esposende case, the 10 MW farm converged to
comparable g-factor values of 1.214 for shield protection and 1.212 for low—impact layouts. However,

186



Multi-Objective Optimization Framework For Wave Energy Farms
Combining Machine Learning, Genetic Algorithms And Numerical Modeling

the HRA displayed some variability, with values of 1.35% for shield protection and 0.99% for the low—
impact layout, a difference of approximately 27%.
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Figure 115 — Evolution of optimization objectives (g-factor and HRA) over generations for the 30 MW farm
in the Agugadoura minimal impact case using the U-form AOI. The purple shadow represents the range
of values presented in the population, the green line the best fit layout, the blue line the average of all
population and the yellow line the average of elite layouts.

For the 30 MW simulation, the CoV and P2M metrics also converged to results similar to those observed
in the maximizing power scenario. This outcome is likely attributed to the spatial limitations of the
deployment area, which constrained the distribution of WECs. The HRA for shield protection was
3.42% and for low-impact 2.82%, representing a difference of 21%. Similarly, the g-factor for shield
protection was 1.03, while for low-impact it was 0.95, a difference of 9%. These differences highlight
the trade—offs between maximizing wave absorption efficiency and minimizing environmental impact,
which become increasingly pronounced in larger farms with more significant spatial constraints.
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Figure 116 — Evolution of the coefficient of variation and the Peak—to—Mean (P2M) ratio for the 10 MW

farm in the Agugadoura minimal impact case using the U-form AOI.
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Figure 117 — Evolution of the coefficient of variation and the Peak—to—Mean (P2M) ratio for the 30 MW

188

farm in the Agugadoura minimal impact case using the U-form AOI.



Multi-Objective Optimization Framework For Wave Energy Farms
Combining Machine Learning, Genetic Algorithms And Numerical Modeling

[l - Best Fit Layout '
1 aso0 €8 L I
H Deployment !
! i
'
!
1
!
1
i
'
! i
- Best Fit Layout 1 1 i
1
I
- '
g ' :
: 45905 P
I
'
!
'
! i
! I
'
!
1
! i
'
I
'
!
'
! i
148900 '
1
390 4 1 E :
13 \
1y
% !
¥
k] :
13
I
'
!
'
!
]
! 1
'
| 4sess !
i
1
!
'
! i
1 "\ |
1 \ -
H 1
'
™
~o 1 ;
~ '
I
P R N N AN A
' i
[P |
!
'
!
I
‘ ! ! ‘ I ! ! i
Stao0 EE™ S1ac00 siscon Sieoon ™ ' ‘
'
! i
H I
1 11500 511750 s12000 512250 512500 512750 s13000 513250 ”
'
i

Longitude (UTM)

Figure 118 — Best layout configuration for the 10 MW farm in the Agugadoura minimal impact case using
U-form AOI.
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Figure 119 — Best layout configuration for the 30 MW farm in the Agugadoura minimal impact case using
U—form AOL.

These findings underscore the interplay between deployment area constraints, wave farm size, and the
optimization algorithm's performance, highlighting the importance of carefully defining the AOI to
accommodate the specific characteristics of each scenario.
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5.3.2.3. Comparison with previous studies

Santiago et al. [290] utilized a computational grid with a 9x9 m cell size. However, this resolution is
suboptimal for SNL-SWAN modeling due to the characteristic length of the C4 WEC being 9 m,
resulting in each WEC intersecting the grid at only a single point. Ideally, a grid should provide
approximately 10 intersections to enhance accuracy and adequately capture the WEC's interaction with
the wave field. While the expansive domain size (approximately 10x8 km) limited the reduction of the
cell size, this study employed a finer resolution of 3x3 m. Despite the increased computational demand,
this resolution significantly improved the accuracy of the simulations compared to the 9x9 m grid.
Although some divergence between the results of the two studies is evident, they maintain consistency
and exhibit high—fidelity agreement in terms of wave energy flux reduction.

Another key distinction between the studies lies in the input wave data. Santiago et al. [290] relied on
15 days of data representing the most energetic sea conditions, derived from the Leixdes buoy
measurements. In contrast, this study employed representative sea states obtained through k—means
clustering of ERAS5 data, as detailed in Section 4.3.3. This methodological difference underscores the
importance of using diverse datasets to capture a broader spectrum of sea states, ensuring that the
simulations are representative of both typical and extreme conditions.

Additionally, the general AOI considered in this study extends significantly farther south compared to
that analyzed by Santiago et al. [290], encompassing regions not included in their simulations.
Consequently, new simulations replicating the methodology of Santiago et al. [290] were conducted to
enable a direct comparison and assess the efficiency of the optimized layout relative to the regular grid—
based positioning of a WEC farm.

Santiago ef al. [290] analyze and quantify the influence of a WEC farm on the nearshore wave climate
using the wave energy flux difference; one of the outcomes is reproduced in Figure 120. The most
significant wave energy reductions were observed immediately to the lee of the WEC farm, exceeding
10% within a maximum distance of 250 m, while the shadowing effect diminished gradually, with
nearshore energy reductions falling below 2%. The authors suggested that the 10 MW farm in
Agucadoura test site would not significantly affect sediment transport or other nearshore processes.

The replication of the Santiago et al. [290] study is illustrated in Figure 121. However, due to the lack
of detailed information about their results across the entire domain, combined with differences in the
domain size and grid refinement between their study and the present work, only a qualitative comparison
was possible to assess the comparability of the outcomes. By examining Figure 121 and Figure 122,
similar patterns can be observed. Both studies show the shadowing effect, with a 10% reduction in wave
energy immediately to the lee of the WEC farm. Additionally, the lateral spread of the reduction reaches
comparable positions along the coast.

In the present work, the finer grid resolution provides greater detail but results are less smoothed
compared to ones of the Santiago et al. [290] study. Nonetheless, the observed trends confirm a
consistent behavior between the two studies, validating the comparability of their findings despite
methodological differences. Considering the results obtained in the reproduction, the following
subsections present the comparative study between the 10 MW farm and the results obtained using the
30 MW farm.
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Figure 120 — Wave energy flux reduction of a 10 MW wave farm in Agucadoura. Reproduced from

Santiago et al. [290].
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Figure 121 — Reproduction of Santiago et al [290] study, using the domain and inputs of the optimization

methodology.
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5.3.2.3.1. 10 MW (28 WECs) wave farm results

In this section, the comparison between the results obtained for three different scenarios for the 10 MW
farm is made (Figure 122, Figure 123 and Figure 124) covering the percentual energy flux reduction for
the fixed layout, the coastal protection case and the minimal impact case, respectively. All images show
the spatial distribution of wave energy flux reduction behind the WEC farm, with a consistent scale
ranging from 0% to 15%, enabling a fair qualitative comparison. Figure 121 and Figure 122 present the
results of the same simulation, however, it was chosen to be illustrated again in the same scale of colors
as the optimized scenarios to provide a smoother and more continuous gradient, facilitating a direct
comparison with the optimized layouts.
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Figure 122 — Wave energy flux reduction (%) of a fixed 10 MW wave farm for Agucadoura case.

The WEC farm's shadowing effect is clearly visible in all cases, with the energy flux reduction peaking
immediately behind the farm and gradually decreasing towards the shore. The energy flux reduction
map for the coastal protection optimization (Figure 123) reveals a broader and more dispersed reduction
pattern compared to the fixed layout (Figure 122), with peak reduction values higher inside the
deployment zone, over 15%, the area of high reduction extends further laterally and covers a larger
region behind the WEC farm. This extended lateral spread reaches a greater portion of the shoreline,

demonstrating the effectiveness of the coastal protection optimization in maximizing wave energy

192



Multi-Objective Optimization Framework For Wave Energy Farms
Combining Machine Learning, Genetic Algorithms And Numerical Modeling

dissipation over a wider area. This layout appears particularly suitable for enhancing the protection of
coastal regions by redistributing wave energy more extensively.
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Figure 123 — Wave energy flux reduction (%) of the optimized 10 MW wave farm for Agugadoura coastal
protection case.

In contrast, the minimal impact optimization (Figure 124) shows a more concentrated reduction pattern.
The highest reduction areas are equally localized directly behind the WEC farm. However, with a much
narrower spread compared to the coastal protection case. The reduction diminishes more rapidly as it
approaches the shoreline, resulting in lower values in nearshore areas. This layout is designed to
minimize the disruption of natural wave dynamics while maintaining energy absorption efficiency. The
sharper gradient observed in this case aligns with the goal of preserving environmental conditions by
limiting the spatial extent of wave energy dissipation.

When comparing the three cases, the peak reduction values are consistent across all layouts, exceeding
15% immediately behind the WEC farm. The nearshore reduction is most pronounced in the coastal
protection case, indicating enhanced energy dissipation closer to the shore, whereas the minimal impact
optimization minimizes this effect to reduce environmental disruption. Each layout aligns with its

intended objectives, with coastal protection optimization effectively prioritizing widespread energy
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dissipation, making it ideal for general shoreline protection, and minimal impact optimization,

prioritizing energy absorption efficiency while minimizing environmental disruption.
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Figure 124 — Wave energy flux reduction (%) of the optimized 10 MW wave farm for Agugadoura minimal

impact case.

The reproduction of Santiago et al. [290] study (Figure 121) provides a valuable baseline for validating
the methodology and serves as a reference point for comparing the optimized layouts. While the general
AOI used in coastal protection optimization differs from the AOI used for minimal impact optimization,
it was employed as a metric for quantitative comparison. This AOI, located midway between the WEC
farm and the shoreline, ensures consistent evaluation of wave energy reduction and enables meaningful
comparisons between scenarios.

Table 27 summarizes the key performance metrics for each configuration. The ‘“shield layout”,
optimized for coastal protection, demonstrates a significantly higher HRA (1.35%) compared to the
fixed layout (1.04%), indicating a notable increase in wave energy dissipation. Conversely, the “low-
impact layout” exhibits a slightly lower HRA (0.99%) than the fixed layout, as expected due to its
objective of minimizing shoreline impact. Both optimized scenarios outperform the fixed configuration

in power absorption, with the shield and low-impact layouts achieving a g-factor of 1.21 approximately.
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These results highlight the effectiveness of the optimization process in balancing energy production and

environmental considerations.

Table 27 — Comparison of optimization objectives for 10 MW farms of Agugadoura case

HRA  HRA variation Power absorption (MW) ¢-factor Power variation

Fixed 1.04% - 3398.00 0.900 -
Shield 1.35% 29.51% 4582.13 1.214 34.85%
Low Impact  0.99% —4.27% 4576.46 1.212 34.68%

These results demonstrate the algorithm’s versatility in meeting distinct optimization objectives. The
GA improved the wave height reduction in the AOI by nearly 30% for coastal protection, and achieved
a 4% reduction of HRA in the minimal impact scenario, while boosting power absorption by 35% in
both scenarios. This balance between energy production and environmental considerations showcases

the effectiveness of the GA in improving wave energy farm performance across distinct priorities.

Visual analysis further reinforces the differences between the three configurations. While all scenarios
exhibit significant wave energy reduction near the shoreline, the GA—optimized layouts dissipate wave
energy more effectively across a broader area. The “shield layout” achieves the greatest lateral spread
of energy flux reduction, making it ideal for protecting coastal regions. On the other hand, the “low-
impact layout” focuses on minimizing nearshore disruption, concentrating energy reduction
immediately behind the farm. Both optimized scenarios demonstrate a more favorable trade—off between
energy production and environmental impact when compared to the fixed configuration.

5.3.2.3.2. 30MW (84 WECs) wave farm results

For the hypothetical 30 MW wave farm comprising 84 WECs, the fixed layout was created using three
pre—designed “X” arrays deployed aligned and equally spaced at the test site. Figure 125, Figure 126,
and Figure 127 depict the percentage energy flux reduction maps generated by the fixed layout, the
coastal protection optimized layout, and the minimal impact optimized layout, respectively, with
consistently scale up to 30% of reduction.

Table 28 presents the key performance metrics for the three configurations analyzed in the hypothetical
30 MW wave farm. The “shield layout” achieves the highest HRA at 3.42%, representing a significant
improvement over the fixed layout’s 2.82%. This increase confirms its effectiveness in enhancing wave
energy dissipation and fulfilling its objective of coastal protection. In contrast, the “low-impact layout”
maintains an HRA nearly identical to the fixed layout (2.82%), demonstrating its focus on minimizing
changes to the shoreline. These results align with the distinct goals of each optimized layout, as the
“shield layout™ prioritizes coastal protection, while the “low-impact layout” aims to reduce interference
with natural coastal processes.

In the fixed layout (Figure 125), wave energy reduction is concentrated directly behind the farm, with
limited lateral spread towards the shoreline. The uniform dissipation pattern indicates a lack of targeted
optimization, resulting in moderate wave energy reduction near the AOI and along the coast.
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Table 28 — Comparison of optimization objectives for 30 MW farms of Agugadoura case.

HRA  HRA variation Power absorption (MW) g-factor Power variation

Fixed 2.82% - 9591.16 0.847 —

Shield 3.42% 21.36% 11655.15 1.029 21.52%
Low Impact  2.82% 0.04% 10725.12 0.947 11.82%
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Figure 125 — Wave energy flux reduction (%) of fixed 30 MW wave farm of Agugadoura case.

The “shield layout” (Figure 126) demonstrates a significant improvement in wave energy dissipation,
with a well-defined shadowing effect extending across a broader area. The energy reduction is most
pronounced in the lee of the array, peaking over 30% inside and outside the deployment zone. The
reduction shadow between 12% and 15% (greenish colors) is wider reaching some points of the

coastline, while in the other layouts it stops at the midway approximately, aligning with the objectives.

196



Multi-Objective Optimization Framework For Wave Energy Farms
Combining Machine Learning, Genetic Algorithms And Numerical Modeling

The “low-impact layout” (Figure 127) maintains a similar HRA in the general AOI as the fixed layout
but with a more focused dissipation pattern. The energy flux reduction is distributed in a way that
minimizes impact along the shoreline while achieving notable improvements in power absorption. The
narrower shadowing effect compared to the “shield layout” reflects its optimization goal of balancing
energy extraction with minimal shoreline impact.
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Figure 126 — Wave energy flux reduction (%) of the optimized 30 MW wave farm for Agugadoura minimal

impact case.

Both optimized scenarios also exhibit substantial improvements in power absorption compared to the
fixed configuration. The “shield layout” achieves the highest power absorption, with a g-factor of 1.03,
reaching a 21.52% increase over the fixed layout, while the “low-impact layout” achieved a g-factor of
0.95, which represents almost 12% of improvement. These results highlight the efficiency of the

optimization process in enhancing the balance between energy extraction and environmental constrains.

The efficiency of the algorithm in addressing different wave impact scenarios is further highlighted in
these results. For coastal protection, the “shield layout” significantly reduces wave height in the AOI
and enhances power absorption. Conversely, the Impact GA layout achieves its objective of maintaining
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minimal shoreline changes while still improving power extraction. These findings underscore the
versatility and robustness of the GA in achieving specific optimization goals for wave energy farms,

demonstrating its adaptability to varying environmental and energy production priorities.
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Figure 127 — Wave energy flux reduction (%) of the optimized 30 MW wave farm for Agugadoura minimal

impact case.
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6

CONCLUDING REMARKS AND FUTURE
DEVELOPMENTS

6.1.Conclusions

The process of developing a framework for optimizing WEC farm layouts is complex and multifaceted,
requiring a comprehensive approach that addresses a range of technical and environmental challenges.
Key considerations include evaluating models, understanding environmental impacts, optimizing farm
layouts through GA, and analyzing the interactions between WEC units within the farm. Knowledge of
the wave climate is essential to establish control strategies, create forecast models, and select suitable
configurations. Despite the challenges posed by external variables, a well-structured methodology can

navigate these complexities to enhance the design and deployment of WEC farms.

This thesis introduces an innovative multi—objective optimization methodology for WEC farm layouts,
aiming to balance energy production with environmental constraints. The work integrates hydrodynamic
modeling, specifically the SNL-SWAN model, with advanced optimization techniques, such as genetic
algorithms, to maximize energy capture while considering environmental impacts. A k—means clustering
was employed to optimize the choice of representative sea states aiming to enhance computational
efficiency without losing important information. These innovations contribute to the sustainable
deployment of renewable marine energy systems and push the boundaries of wave farm design by

incorporating both energy generation and environmental sustainability.

Through a series of methodological advancements and real-world applications, this research highlights
the effectiveness of the proposed optimization framework for WEC layouts. The methodology began
with a comprehensive review of existing approaches, aiming to identify their limitations and uncover
opportunities for improvement. This initial step established a solid foundation for developing innovative
solutions to address the challenges associated with WEC farm optimization.

Building on this groundwork, the research progressed through the development and refinement of
hydrodynamic modeling, which served as a robust evaluation tool for the optimization algorithm. The
optimization strategies were then designed and systematically tested using real-world scenarios,
allowing for a detailed assessment of the outcomes in terms of both energy production and

environmental impact. This framework demonstrated the ability of the genetic algorithm to optimize
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WEC layouts effectively, achieving efficient wave energy capture while addressing the complex
challenges of mitigating wave impacts on co—located wind farms and coastal areas.

The effectiveness of the optimization methodology was further highlighted by sensitivity analysis,
which provided insights into the factors influencing the layout of WEC farms. Key findings included
the significant role of WEC positioning, wave distribution, and device spacing in maximizing energy
capture and reducing wave—induced impacts. Variations in input data, such as wave direction and
meteorological conditions, were shown to be critical in determining optimal device placement. The
analysis emphasized the importance of managing trade—offs between objectives, such as maximizing
energy production and minimizing wave height, offering a nuanced approach to optimization in real—

world settings.

The algorithm's performance was validated through applications to co—located energy parks and coastal
protection scenarios. In co—located energy parks, the inclusion of economic parameters in the
optimization process reduced computation time and costs while maintaining similar results. For coastal
protection applications, the algorithm optimized WEC placements to mitigate wave energy in targeted
regions. This approach proved effective in protecting sensitive coastal habitats while balancing the
objectives of energy production and environmental sustainability. The ability of the genetic algorithm
to refine WEC placement in nearshore settings further demonstrated its capacity to balance competing
objectives and enhance the overall efficiency of wave farms.

The key contribution of this research is the development of a new genetic algorithm tailored for
continuous domain optimization of WEC positions. This method overcomes the limitations of traditional
grided single — objective approaches and integrates seamlessly with the SNL-SWAN hydrodynamic
model, offering more flexibility and efficiency in layout optimization. The methodology was tested
across various case studies, including different boundary conditions, wave data sources, and WEC types,
demonstrating its applicability in optimizing wave energy farms for multi—objective requirements. This

research introduces the following innovations:

e  Multi-Objective Optimization Framework: A framework that balances energy generation
and environmental impacts, enhancing the sustainability of wave energy farms;

o Representative Sea State Selection: A novel method combining statistical analysis and
machine learning to streamline computational demands without compromising result accuracy;

e Customized Genetic Algorithm: A purpose-built genetic algorithm designed to integrate
energy production and environmental considerations for more realistic optimization results;

e Practical Case Studies: Demonstration of the framework’s flexibility in addressing diverse
objectives such as economic viability, coastal protection, and environmental sustainability in

offshore and nearshore scenarios.

The framework is designed with the potential to accommodate different modeling tools beyond the
current integration with the SNL-SWAN hydrodynamic model. While the GA relies on a numerical
model to evaluate WEC layouts, it is not strictly tied to any specific model type. For instance, the SNL—
SWAN model can be replaced by other spectral phase-averaging models or potentially by phase-
resolving models and even computational fluid dynamics (CFD) simulations. Although the
computational effort required for phase-resolving models and CFD remains expensive for practical
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applications at this stage. In the future, advancements in computational power and parallel processing
could mitigate these limitations, enabling their use. Moreover, emerging Al techniques, such as
advanced machine learning models, could potentially replace traditional numerical simulations
altogether by providing accurate energy capture predictions based on trained datasets, significantly
reducing computational demands. This flexibility ensures that the framework can adapt to future
technological advancements, further enhancing its applicability in diverse contexts.

The findings confirm the robustness and versatility of the proposed framework, positioning it as a
foundation for future advancements in wave energy farm design and optimization. This research
provides actionable insights for stakeholders, policymakers, and researchers striving for the sustainable
development of offshore renewable energy. Additionally, to support further research and development,
the GA code, along with selected pre— and post—processing tools, is available on GitHub at
https://github.com/FelipeTDuarte/GA WEC farm_optimization, therefore facilitating collaboration

and accelerating progress toward optimized and efficient wave energy farms.

The research presented in this thesis has been validated and disseminated through several high—impact
peer—reviewed publications, reflecting its significant contributions to the field of renewable marine
energy. These publications encompass a comprehensive review of WEC layout optimization strategies,
the development of multi—objective decision tools for co—located wave—wind energy parks, and the
implementation of innovative genetic algorithm—based methodologies for optimizing WEC farm
layouts. Additionally, the author's collaboration on studies addressing advancements in wave energy
assessment and the dual objectives of energy production and coastal protection further underscores the
broader applicability and impact of this work. Collectively, these publications demonstrate the relevance
and robustness of the proposed methodologies, advancing the state of the art in sustainable offshore

energy systems.

6.2.Future work recommendations

While the proposed framework has demonstrated significant potential, there are several avenues for

further research and development:

e Integration of Additional Objectives: Future studies could incorporate economic valuation
within the WLA, specifically through the integration of LCoE assessments. Additionally, other
objectives can be implemented focusing on environmental impact evaluation, particularly in the
context of WEC farms installed in nearshore environments, which will further enhance the
framework's comprehensiveness.

e Advanced Machine Learning Techniques: The application of more sophisticated machine
learning methods, such as deep learning, could improve the selection of representative sea states
and predict energy outputs, replacing the need of several numerical simulations with even good
accuracy.

e Coupled Models for Multi—Use Platforms: Expanding the framework to evaluate co—located
energy systems, such as hybrid wave and wind farms or systems that integrate aquaculture,
could enhance its utility in addressing multi—use scenarios.
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e Real-Time Optimization: Developing a real-time optimization module that adapts to
changing wave conditions could improve operational efficiency and resilience of wave farms.

e Validation in Different Geographies: Applying the framework to diverse geographical
locations with varying wave climates and socio—economic contexts would enhance its
adaptability and global relevance.

e Policy and Economic Integration: Incorporating regulatory frameworks, subsidies, and
market dynamics into the optimization process would make the framework more applicable to
real-world decision—making.

The outcomes of this research lay a strong foundation for the continued evolution of offshore wave
energy systems. By addressing the proposed future developments, the framework can become a critical
tool in achieving a sustainable and integrated approach to renewable energy exploitation.
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