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ABSTRACT
Increasedactivity in the Marine Renewable Energy industry hdisven the need for an
improved understanding of the wave climate and wave energy resoundgch are

fundamental to the development of any marine energy project.

This thesis assesses the characterisation of the wave energy resource available at the Killard
Pont site in Co. Clare, as part of a joint industry project on the Electricity Supply Board

(ESB)’s WestWave projectreland’s first proposed commercial wave energy installation.

This assessment is done with an eye on the newly formed International Electrotechnical
Commissionstandards for metocean resource assessment, with a focus on prodacing

standardised analysis methachich informs the extractable wave energy resource.

Many existing practices arpiestionedand their merits assessethis thesis ads novel tools
and alvanced data analysis methqdghichareimplemented to develop new methodologies
for enhancing our understanding of our wave resouraad which subsequently enable
improved assessment dhe impactsof reliability, accessibility andusvivability of Marine

Renewable Energy projects.

The impact of spectral shape on device energy production is examined using both a
theoretical and practical application, to show the disconnect between currently accepted

practices and the level of certainwhich will be required to drive commercial success.

A new methodology for the assessment of extreme wave conditions is develogeie a

large contribution of this thesis is in developing and applying machine learning techniques to
enhancethe accuracy and dependability of wave parameter relationships and the prediction
of device energy productioby improvng theestimation of absent wave datahis approach

has been shown to result in a reductiongawer production error at Killard Poiftom 30%

to just 3.5% This novel Machine Learning method is integral in enabling the level of
characterisation that will be necessary for the commercial success of Marine Renewable

Energy projects.

The major contribution of this thesis is the development of an enhanced understanding of the
availablewaveresource at the Killard Point site; producing a numerical hindeaatshore

wavemodel which attempts to bring the project to the level required by IEC standards, while



addressing technical issues whidffect the standardisation, accuracy, usability and

predictability of the data gathered.

This work does not focus on the Marine Renewable Energy technology in use, nor will it
explore in great detail the economic vagaries of MRE projects. Instead, #$s&xion
developing methods which will provide a large missing piece of the puzzle in MRE

development, accurate and dependable metocean analysis.

The results presented here have wider applicability, and indeed much of this research has

taken place, or hasden verified at, other sites along the westast of Ireland.
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“La mobilité et I'inégalité successive des vagues, aprés s'étre élevées comme des
montagnes, s'affaissent l'instant aprés, entrainant dans leurs mouvements tous les
corps qui surnagent, quels que soient leur poids et leur volume. La masse énorme d’'un
vaisseau de ligne, qu'aucune puissance connue ne serait capable de soulever, obéit

cependant au moindre mouvement de I'onde”

(“The motion and successiweequality of waves, which after having been elevated
like mountains fall away in the following instant, take into their motion all bodies
which float on them, regardless their weight or volume. The imposing mass of a
vessel, which no other known fords capable of lifting, responds to the slightest

wave motions”) -Girard father and son, Paris, 1799
Economics

“Glendenning ... said that much of it would be inaccessible for economic exploitation,
as the line extended well north of the Hebrides and trarssion became difficult, if

not impossible. But that was said in 1977. No one would say it today (1992), when
the oil industry has shown that inaccessible areas suddenly become reachable when

there is energy to be won” David Ross, Energy from Ocean Waves, 1992
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Introduction

Wave Energy Context

Early Wave Energy
Man has,for a long time, had a fascination with the extraction of energy from the

environment. From the earliest days of coal mining to the extraction of oil, the quest
for energy has permeated man’s tus/. Recognising the potential for extracting
power from water, he ancient Greeks and Romans are credited with tierition
of the water wheel somdéime between the 3' and B century BC, and they were the
first to use it as a power sourc&he simplicity of this extraction of energy rapidly
lead to its use in mining projects asdbegan its widespread us&he 3' generation
of water wheel, known as the breastshot water wheel, employdtazontal axle
andwasfound in the majority of exavated Roman Watermills. One such watermill,
the Barbegal watermill complex, fed by an artificial aqueduct, came to be known as
“the greatest known concentration of mechanical power in the ancient world.”
(Greene, 2000 ontinued developments led to the displacement of water wheels by
smaller and more efficient turbines, beginning with the first model developed by
Benoit Fourneyron in 1827. Modern hyrdetectric dams, too, can be viewed as
direct descendants of these watavheels. The development of wavenergy,
however, precedesventhe creation of these modern turbine$owards the end of
the 18" century, the love affair with extracting energy from the movement of water
manifested itself in the creation of the earliest known wave energy device, desetlo
and patentedn 1799 by a ParisiaGirard and his son. (Clémeet al, 2002)

The develpment of Wave Energy
Later attempts at the creation of a wave energy device came in the 1@d@sheavy
development effortdeading to around 1974, spurndxy the likes of Yoshio Masuda,
and on the European front, Steven Saltef the famed Salter’s ducland Kjell Budal.
The work took place in the US, too, under Michael E. McCormick. Fascinated by the
ability of waves to generate power and enticed by the promises of carbon free,
abundant energy from natural resources, larggovernmentfunded R&D
programmesheganduring the late 1970s, in the UK, Sweden and Norway, and later
followed in other countries(Falnes, 2007)rhe “first oil shock,in 1973 which sent

oil prices soaring from $3 to over $12 resulted in a new fervour to develop alternative



energy sources which were not as susceptible to selfish actions of consortiums and
superpowers. The “second oil shock,” in 1979 served as a reminder that commodity
prices will always be subjet manipulation and fluctuations, and this undoubtedly
actsas a continued driving force behind the bid to produce renewable energy
technologies todayThroughout the early 1980s, set against the backdrop of a
declining oil price and shesighted leades, wave energy funding was massively
reduced A number of first generation prototypes did enter testing, includarge
production units in Norway (Falcao, 20,1byt it has not been until recent years that
energy policy roadmaps and global agreements in the eaof reducing
environmental impact and enhancing energy security for the future haxadigeed
their goals in favour of the development of alternative renewable energy
technologies.

Wave Energyithe modern world
Technical challenges plagued many earfwevenergydevices and theseechnical
and economic challenges continue to be a theme within wave energy development
up to 2015(Astariz and Iglesias, 201Freventing many projectsrém achieving
successRecent failures include Pelamis (reNEWS, 2@&gan Linx (The Australian,
2014) both resulting in liquidation, witlmany more experiencing high funding or
technical inertia in moving from protgpe scale to fulkcale testing(Agumarine
Power Ltd., 2014}aking the strategic decision to downsizs a result of the
difficulties faced by the comparwas indicative of the overall state of the industry

at that time.

Increasing unease about the remaining supply of oil, coal andralagas, as well as
global warming concernfiowever,has acted to accelerate the pace of renewable
energy technologies, with Europe’s RES 2020 “Reference Document on Renewable
Energy Sources Policy & Potential,” (EU, 2@@8)dating a 16% share of RES on the
final consumption of energy in 2020, while in an Irish context, Ireland’s own Strategy
for Renewable Energy: 202920 document specifically highlights our ocean
resources as a key resource to be used in attaining these targets by 2020. As such,
there is renewed fervour in theorising of wave energy device designs, despite a

growing reluctance to fund what are now being viewed as especigKy projects.



Asa result of this reluctancehere exist now only a handful of commercial &dhle
developments which include deployed and gribnnected devices Notably,
Seabased AB who have deployed in Ada, Ghana arfde®mSwedenSWEQVisio
et al., 2017) an Inertial Sea Wave Energy Converter with a 100kW rating, has been
deployed off the coast of Pantelleria and has shown some early promising signs
relating to the theorised cost of electricity when used in an aréW Energys
devie has received Lloyd’s register certification based on testing that is underway in
Peniche, Portugal, representing a significant step in the legitimisation of the WEC
industry.In December 2017, thklarmok 5device, one of very few gridonnected
devicescelebrated its first anniversary at sea (opera, 20TRgse projects currently
form the pinnacle of devices that have made it to commercial séateimber of test
sites such as EMEC, in Orkney and Wavehub off the coast of Cornwall -are full
featured, gridconnected sites that are awaiting their first developers but have had
limited uptake as yet. In the United States, Oregon State Universitytthwest
National Marine Renewable Energy Center (NNMRE€Yeceived $40m from the
US Department Of Energry test oneof the first large scale open water wave energy
testing facilities(Tidal Energy Today, 2016)

Potential for wave energy in Ireland
Ireland isendowedwith a particularlyenergetic wave resource. Providing first land-
fall for waves travelling the vast expanse of #antic, it is exposed to waves of
significant fetch which travel as far as 6,000km from the prevailing seatterly
wind direction, and experiences frequent winter storms which bfungher large

wave systems from the north and noréast.

The primary source of information on general levels of available wave resource for
Irelandcomesfrom the ESB Wave Atlas, whistiggests an annual energy resource

of up to 460Twh/year, with approximately 11.72Twh/year of this practically
accessible(Sustainable Energy Authority Ireland, ESBI and Marine Institute,.2005)
Further research in this area has shown that this mafaab-represent an under
estimation of the wave resource due to the methods used, and the accessible wave
energy figure may yet be greater than this (Cahill, 20T4é) put this in context,
Ireland’s final energy consumption of electricity was at 29TWh in 2015. (SEAL, 2016)



Several global wave atlases allow for a determination of the average power levels of
the Irish coast (Arinaga and Cheung, 20@@ynn and Stockilliams, 2012)with

these showing Ireland to possess amongst the most energetic wave resources in the
world. A numerical evaluation of the wave energy resource along the Atlantic
European coast (Guedes Soares et 2014) showed Ireland to have the most
energetic resource of the areas studied by a convincing margin, with power flux of

between 50 -60 kW/m within 25km of the Mayo and Kerry Coasts.

This energy potential has been identified by Irish leadership, thithoverarching
“Strategy for Renewable Energy” outlined in Ireland’s Offshore Renewable Energy
Development Plan (Departméof Communications and Resources, 20bhé)uding
specific consideration for offshore wind and ocean energy sectors in the context of
energy policy to 2020’his document, too, reiterates the Government’s commitment

to realising the long term econompotential of Ireland’s wave and tidal resources.
The Offshore Renewable Energy Development Plan for Ireland outlines the lIrish
government’s target of 40% of electricity from renewable sources by 2020, and
highlights the commitment to the long term econarpotential of Ireland’'s wave

and tidal resourcesn a broader context‘OceanResearclin Horizon 2020: The Blue
Growth Potential,” (Policy Department A and ITRE committee, 20%4)dy which

aims to provide a description of the key blgewth setors of the European Union

economy, assigns a minimum value of €1Bn to ocean renewable energies.

Inaddition to thesemessages of support, a number of government backed initiatives
have enabled research in the area of Marine Renewable energy. SEAI'sypeotot
Development Fund assists device developers in financing fundamental research
while the establishment of the Marine and Renewable Energy Ireland centre at the
Beaufort building, which houses thé&RINational OceanTest Facility, proves a huge
boon forfundamental research of wave energy concepts through the siéthe-

art tank test facilities it provides.

A crucial part of the infrastructur@s devices graduate from smatiale testingare
Ireland’s two test sites. The Galway Bay test site is a quacie sitavhich has been

in operation since 2006, and now includes power and data connectivity, subsea test



and monitoring platforms, as well as a floating sea station platforimstalled in
2015.

The Atlantic Marine Energy Test Site (AMETS), loasffeAnnagh Head, west of
Belmullet in County Mayo, is a fgitale gridconnected site which will allow
developers to test both the energy production and survivability of their devices.
AMETS is being developed by Sustainable Energy Authority of Ireb&fd)d
facilitate testingof full scale wave energy converters in an open ocean environment
and will be connected to the national grid. This site is an integral component of
Ireland’s Ocean Energy Strategy and is being developed in accordance with the

national Offshore Renewable Energy Development Plan (SEAI, 2017)

While the original government target of 500MW of ocean energy installed by 2020
now seems a unlikely, if not impossible, prospect; it remains clear thiatand is

poised to become a leader in Marine Renewable Energy technologies.

Technology Development and Economic Status of Projects

Progress of Wave Energy hindered by development approach
Wave energy has made continuous, but disjointed progress towards

commercialization over the last five yearBhough there are large and thriving
research and development communities and device developers worldwide who are
taking part in fundamental hydrogymic research, applied research and technology
development of wave energy devices (Bahaj, 2011¢ large detractor to the
economic viability of wve energy tus far has been the lack of clear technological
leader. This presentsraumber of problems, including the current immaturity of the
technologywhich has resulted in high risk premiums on loans on projects using less
mature technologiesThis iighlighted by a joint report commissioned by the order

of the European Commission and prepared by a team including Ernst & Young (Ecofys
et al, 2011) The risk of using unproven technologies, or technologies proven at much
smaller scale, increases the interest rates charged on loans drastically as a perceived
hedge against the risk of complete failure resulting in inability to pay back the loan.
The confluence of device technologies would do much to improve certainty in the
reliability and costing characteristics of commercial wave energy projects. In addition

to funding concerns, the fractured field of play has also resulted in intense secrecy



which is toxic to the development of the industry as a whole. Developers are
reluctant to share sensitive information such as the power matrix of their device, and
collaboration with universities and researchpdetments is subject to close and

often stifling scrutiny.

There are lessons to be learned from the wind energy industry. Few early
manufacturers are still in business, but these early pioneers contributed significantly
to the development of the industry ral convergence of technologyDespite
difficulties encountered by their companies, these individuals still have employment
in the now-booming wind energy industry. Taking this approach with wave energy
would be a recognition by the wave energy industryttlhias best for companies to
pursuethe longterm approachof creating a successful and prosperous industry,
rather than stifling growth in a small pon@hough it has been theorized that wave
energy will follow a similar learning curve to wind energis theory has yet to stand

firm on its own(Garrad, 2012) Examining the development of the wind energy
industry from the early 80s orwhich was then at the approximate stage that Marine
Renewables are nowthere were many parallels which can now be drawn with the
development of wave energy. The research space for wind energy included a large
number of avélable device types, with survivability being a crucial issue. A number
of competitive wind turbine manufacturers sank due to hardware failures at
inopportune times. The eventual sorting of the market led to a convergence towards
the modern horizontal axiturbine, 3bladed type. This conferred a number of key
benefits; but chiefly it allowed more research and effort to be spent on a viable
design type and this resulted in solving of the survivability issues that plagued early
companies such as WEG and HuwdeHowever, despite these technical
advancements, it is likely that economic incentives in the form ofélates were

the ultimate driver of the wind energy successfully crossing this chasm to the realm
of commercial success (Hirsh, 199%he two primary locations of wind turbine
development, California and Germany, saw vastly increased installed capacity with
the introduction of the Public Utility Regulatory Policies Act (PURPA) and

"Stromeinspeisungsgesetz" (StrE€gpectively.



As of December 2017, there is still no support scheme available for renewable energy
technologies in Ireland, though a range of technologies (including a&fslace being
considered under the new Renewable Electricity Support Scheme under
development by the Department of Communications, Climate Action and
Environment(NetherlandsEnterprise Agency, 2017nly Spain has a specific feed

in tariff for wave energy, and this provides just €0.0689/kWh, far below what is

required to support the development of large projects.

While the development environment may be restrictive, the weight of knowledge
that has built up in the research and development of pilot devices, test sites, novel
technology concepts, training and teaching institutions has slowly begun to eke out
a number of tentative commercial scale projecthese are predominantlymall-
scale arrays in Europe that are less focused on power oLgipgttinstead champion

the muchneeded learning boost that is brought about by constructing grid-
connected arraysvlost devices are at the very early stages of development, TRL 6 or
below, representing the first step in deploying fully operational converters for real
sea trials at scales of 1:24:5. Given that survivability is a key test for devices when
moving towards fulscale deployment, it is fitting that more focus should be qu

this to determinethe most promising design type, rather than attemptingcttase
larger scale development whighcreaserated power output at the expense of real

world energy productiorand buildability.

Despite the wealth of domaispecific information being generated, a number of key
knowledge gaps still exisEnergy production, which is the main driver of project
income, will remain the primary focus of selecting a site. For this, energetic wave
climate is a necessity, and this typicabyings with it the caveat of limited
accessibility Weather windows for deployment, proximity to shore, availability of
vessels, proximity to grid connection, and extreme wave conditions all need to be
considered. This presents a greater need for meteocean a@ralfsich accurately
characterizes the sestates in which future renewable projects will be deployed and
operate, and while this analysis has been taking place for quite a number of years,
the outputs are often nosstandard and can vary significantly be®ve projects,

companies and analysts. Introduction of recent standards for metocean assessment



have sought to address thissdch as th International Electrotechnical Commission

TS 626100 standards-but the methods used are still deficient in assessingraber

of areas; such as device performance and the characterisation of extreme conditions.
Wave energy projects are currently dominated by high research, CAPEX and OPEX
costs, and the many failures have led to a high inertia whereby large commercial
partners are afraid to undertake projects. With these costs being relatively fixed, the
profitability of a project depends heavily on an understanding of the site conditions
and wave characteristics. Thus, resource and site assessments are crucial to any

econanic analysis of the viability of an ocean energy project.

HGUREL: AN ESBCOST PROJECTION FIRDJECTS BASED GIRICATIVE WAVE ENERG
TECHNOLOEWES IA and IEA Energy Technology Network, 2012)

Akeydifficulty identified in attempting to quantify the profitability of a wave energy
project is the lack of operational experience in the sectstinkates of operational
costs and device availabili&ye associated with a high degretuncertainty ancare

often arbitrary selettons where data is simply not availablEhe experience of
industries that carry out similar activities, such as offshore wind and oil and gas
exploration, can be drawn dio assess the costs and effectiveness associated with a
particularcomponents inteded for use in wave farrdevelopmentgTeillant et al.,
2012) With the deployment of the first commerciahachines, Failure Modes and
Effects Analysis (FMEA) data with a breakdown of the various @oengs of a
system will lead to great strides in our understanding of operational costs for devices
in the field (OES IA and IEA Energy Technology Network, 2012)



As wave energy gets closer to commercialisation, costs have begun a rapid upward
trajectory. A greater understanding of cost drivers in economic projects has
indicated that operatingasts will be higher than previously anticipated. This is very
common in the development of new technologies and new industry sectors as the
optimism of early phases of product development yield to greater understanding of
device performance and expected chmbserved costs (Chwastykva <}s}e}A«l]U
2014)

It is envisaged that theltimate projectcost of wave energy development will follow
the trajectory outlined in Figuré, requiringsignificant external funding support in
its early stages as demonstrati@oale sites are developed and expanded to create
the first true wave energy farms, and slowly becoming more-sedfaining, with
continually decreasing reliance on funding supports.

Regarch Outline
The increasing interest in wave farm test slevelopment device developmenand
funding presents a greater need for metocean analysis whigtcurately
characterizes the sestates in which future renewable projects will be deployed an
operate. The research in this thesis seeks to developnovel datadriven
methodologies which improve the utility of metocean analysis, as well as developing
entirely new approaches which extend the accuracy and dependability of these types
of analysisThs work does not focus on the MREEhnology in use, nor will it explore
in great detail the economic vagaries of MRE projects. Instead fiocissed on
developing methods which provide a largeissing piece of the puzzle in MRE

development, accurate andependable metocean analysis

This thesis will first cover the development of a nosel of methodologies which
improve the estimation of extreme wave conditionfvia programmatic
determination of the best fitting distribution and better estimation of the wave
periods coincident with extreme wave occurrenceytimation of the relationship
between wave parameterf/ia a Machine Learning approach) , dinel estimation

of energy production(informed by the newhdeveloped IEQS for metocean
analysis and enhanced via the Machine Learning approach develgped)ng

multiple sites on the West Coast of Ireland as a taste. This will subsequently be



followed the application of these novel methstb the characterisation of the Killard

Point site in Co. Clare, as part of the WestWave projéwt. overarching goal of the

work is to remove some of the largest barriers in the commercialisation of MRE

Projects by tackling the issues which have the largest economic impact. These are

the understanding of survival of structures, ability to access and maintain project

sites, and the energy production from devices, as well as the standardisation of the

approach taken in assessing projeckbis work will address tise issueswith the

followingresearch areas:

X

Identification of areas of metocean analysis that are currently lacking and
would benefit most from a datdriven approach.

Review of the existing literature and methodsr wave data analysis,
metocean analysiand standards governing the analy$Bhapte 2).

Overview of Machine Learning methods and the utility they can bring to the
Marine Renewable Energy figl@hapter 2).

Utilising data available at the Belmullet tesite to examine the relationship
between wave height and wave period at extreme conditions, with the aim
of improving the understanding of covariate distribution of these parameters,
as well as obtaining a value of Alsmality Index/Anomaly Index (Ar this
WestCoast sitdChapter 4)

Validation of this Machine Learning Model using data available at West Coast
sites in Ireland (Belmullet and Killard Point).

Establishment of a Nearshor@main model for the Killard Point Site in Co.
Clare in MIKE21 SW to provide long term hindcast data for energy production
prediction and operational decisiemakingprocesseg¢Chapter 5)

Metocean analysis of the Killard Point site in Co. Clare using the newly formed
IECTS626-101 standards, anda firstof-kind examination of the efficacy of
these new standards in relation to wave modellargd characterisation for
Marine Renewable Energy Projects

Characterisation of ocean sites using modelled data, and determination of the

effect which overreliance on modelled data can have on the ultimate
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production of energy at the site, as well as the impact on operation and
maintenance actions.

X Analysis of device power production differences between a standard
theoretical spectrum and a real cerded spectrum using OWC devices in

deep ocean basin test at MaREI faci|@hapter 6) Commented [AB1]:  Put methods first, then Killard point work,
’ then spectral shape to better reflect actual flow of thesis.

Through the pursuit of these studies, the best practice methods used in the industry
can be reworkedto ensure that they provide a more accurate picture of the real-
world outcome of projectsThe full body of work is provided in this thesis, which

adheresto the following structure:

Chapter 2 outlines the existing literature in theeaof Marine Renewable Energy
resource assessmenturrently accepted methods of metocean assessment, climate
validationandwave modelling are described; and a review of data capture methods,
available wave models, and wave energy standards is conduregzidlyemerging
fields in Computer Sciencencompassing datdriven approaches such as Machine
Learningwvhich offer great promise in expanding and improving the work done in the
renewable energy fieldare outlined and their utility in Marine Renewable Energy

analysis explored.

Chapter3 is motivated by the desire to improve the accuracy of energy production
estimates for the Marine Renewables industry. This work addresses the
determination of wave parameter relationships using a Machine Learning (ML) based
model, with a view to identifying and selecting the optimal method for the
conversion of wave parameterse(Tlo1) in coastal Irish Waters. This approach is then
validated at two sites on the West Coast of Ireland. It is the aim of this work to
highlight the utility of ML in approximating the relationship between wave
parameters; using both buoy and modelled data, and mapping the predicted
outcomes for a Wave Energy Converter (WGEd on a variety of ML and Measure
Correlate Predict (MCP) approaches. Additionally, the specific task of calibrating
modelled data to better fit site conditionas measured by a wave byayconducted

using this model.
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Chapter4 addresses the methods of extreme wave prediction currently in use, with
a view to determining improved methods for the prediction of extreme wave
conditions (K Hwmaxand ). This work identifies pitfalls and drawbacks of current
extreme prediction methods, with particular attention given to the use of limited in
time buoy data from coastal locations where development is likely to take place. In
addition, a new methodologyf determining extreme wave periods, that is the wave
periods occurring coincidentally with the most extreme wave heights, is established
and analysed using a limitirsjeepness based approach. The average conditional
exceedance rate (ACERgthod is appkd to the prediction of extreme wave heights
using a crossalidation method to obtain an insight into its behaviour. This will also
examine the influence of variability, and of the data selection method, on prediction

variability in a longerm dataset.

Chapter 5 introduces the Killard Point Site in County Clare, identified for
development of a 5MW demonstration wave energy projastestWave”by ESB.
This work aims to highlight the implications of fulfilling [E€62600101: Wave
Energy Resource Assessment & Characterizataomdards in the context of a utility

led wave energy project: WestWavand will be the first work to implement these
standards for a true commercial projedthe work performed in Chapterd this
thesisattempts to validate thegotential of the IECT Sfor wider use, and its ability to
offer consistent, replicable and reliable resultsit details the measurement
campaigns which provide the necessary bathymetrgve buoy and other datao

drive the modelling and analysis of the project. A full metocean assessment of the
site is conducted, with summaryof results providedThe wave climate and resource
modelling methodology and validation processes undertaken will be detailed. Issues
associated with data acquisition of hindcast boundary conditions, validation of data
sources and modelling of the areaMIKE 21 SW software will also be highlighted.
Additionally, potential opportunities for further work to improve upon best practice

in terms of validity, cost and the practicality of implementing IE6ZB80101 will

be discussedThis work further serveas a testtase to validate the methodologies

developed in Chapter &nd Chapter 4
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Chapter6 aims to examine the impact of spectral shape on WEC energy production,
with the goal of improving the accuracy of energy production estimaliess
proposed to test the impact of this variation in a readrld environment, using
prototype-scale WEC model. This offes the opportunity to verify the power
production difference that exists between recorded tirseries data and theoretical
spectra.This work will explain and quantify the impabat the use of the accurate
spectral shapanformation can have on energy production versus the use of a
theoretical spectrumThis will be completefirst in a theoretical approach, then by
empirical testing of Oscillating Water Column (OWC) devices using reabérnes
conditions from the Killard Point site, and comparing these to Bretschneider
estimates with equivalent summary statistidsooking towards the commercial
application of Marine Reneable Energy devices, this work will demonstrate the
value of improved spectral fitting, novel methods of resource binning and
characterisation, and display a testing framework that should be used for future

device testing to enhance the accuracy of themgy estimates produced.

Chapter 7 contains a final discussion of the results presented here and the
conclusions that can be drawn from the work done in the thesis.

Publications
The research in this thesis has formed a number of publications and papers which

are outlined below.

Barker, A. Murphy, J., Pakrashi, Y2015).Reliability of Extreme Wave Prediction
Methods conference paper presented at the fl2nternational conference on
Application of Statistics and Probability in Civil Engineering, ICASP12, Vancouver,
Canadal2" — 15" July2015

Barker, A., Murphy, J. (201Rgliability of numerically modelled wave data for use in
the marine renewables industrgonference paper presented at €éh36" IAHR World

Congress, The Hague, Netherlar2&" June- 3 July2015

Barker, A., Murphy, J2016)Machine Learning approach for optimal determination

of wave parameter relationshipspnference paper presented at tl@ffshore Energy
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& Storage symposium and industry connector EVOI8ES)016, Valletta, Malta 1'3
- 15" July 2016

Barker, A., Murphy, J. (2017) Machine Learning approach for optimal determination
of wave parameter relationships, Journal paper in IET Rable Energy Journal
OSES special editiop2d June 2017

Barker, A., Murphy, J2017) Characterisation of Ocean Energy Resource to IEC
standards: WestWave Project Experiencenference paper presented at the
European Wave and Tidal Energy ConferenceT@3Y, Cork, Ireland, 2Rugust
2017

14



Literature Review
Understandingand accuratelyassesimgthe resource at locations of potential wave

energy installation requires measurement, analysis and detailed characterisation.
The process of doing so is outlined in thisa@er. The common methods for
capturing, modelling, assessing and analysing wave measurements are described in
Sectiors 2.1,2.2and 2.3. Particular attention is paid to modelled wave data, which
represents the primary source of information on the wave climate utilised in this
thesis. Methods of assessing the output of buoy and modelled data are also
considered. A review of publistiditerature which deals wittthe proposed and
accepted standards for defining and characterising wave energy resource has been
undertaken, with these results included in Sectbb8and?2.4. Given that thefield of
Machine Learningontains a vast array of information which does not overlap with
the OffshoreRenewable Enerdield, and Machine Learning represents an incredibly
valuable tool for this application, an overview of the common theory and analysis

methods is providedh Sectior2.5. Commented [AB2]:  Previously read: The field of Machine
Learning deviates sidiuantly from widelyheld information in the
Marine Renewable Energy field

WaveDataSources
MeasuredData
2.1.1.1 Buoy Data

Wave buoys represent the primary source of accurate measurements of wave
conditions, and are an essential tool in characterising the available wave energy

resourceand in validating the performance of numerical models.

Historically, wave measurements began with visual observations taken by sailors
aboard shipsThe need to produce wave data that was accurate and replicable, and
could capture greater temporal and g variation, however, led to the
development of scientific sensing equipmeinandbased methods for wave and tide
measurementfirst arrived in the form of fixed wave staffsEarly models were
essentially tall wooden rulers that had to be read manuyalhd were predominantly

used for measuring changes in coastal water levels.

15



FAGURE2: AUTOMATIC TIDE GAUGERORTPROTECTIOMLASKA1915.(NOAAPHOTO

LIBRARY2018) Commented [AB3]:

Later models usetivo parallel wires partially submerged in the water, to measure
water depth and its variation. These work by the principal of resistance or
capacitance, with alterations in these values effecting a change in voltage, which,
when calibrated, allows for the time series of water surface elevation to be
determined.These wave staffs wefeequenty used for providing information about

the wave climate tailored to the design of coastal infrastructure and offshore

installations such as oil and gas platforms (Tucker and Pitt, 2001)

The first wave buoys were developed in the 1960s as a response to the need for
accurate and portable systems that could be deployed at a wide range of sites,
collecting data as part of a wider coastal observation network.dévislopmentsaw
a particular expansion of the ability to gather wave measurements in -thedpr

areas.
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2.1.1.1.1 Particle Following Buoys

HGURE3: DATAWELMWAVERIDER PARTICLEIEDNING BUOY
(HTTPY/ WWW.RSAQUACQUK/ PRODUCTSKIIFWAVERIDEBUOY , 2018AND
HTTPY/ QLDGOVAU, 2018)

Two types of wave buoys are most commonly found; and these are péuitdeing
buoys and pitcholl-heave (PRHpuoys. Particle/Surface following buoys are in
widespread use as measurement instruments for a variety of ocean engineering
studies. These buoys are typically small in size and consist of a spherical hull, with
ballast or mooring attachments below, angirumentation on the upper deck of the
buoy-comprising an antenna, GPS unit, and motion sensing instrumentation, which
can be either GPS or accelerometer basBdeir small size makes these buoys easy
to deploy and recover by hand, removing the need fpedalist transport, and
greatly expanding their utility. The Datawell Directional Waverider bu@estéwell,
2012)andpictured- Figure3) are amongst the most commonly used type, and these
have been deployed at both the AMETS &alwayBay wave energy test sites. The
Waverider has a diameter of 0.9 amd can accurately measure waves with periods
in the range 1.6-30 s with the lowest frequency threshold for accurate response of

the buoy governed by its natural period.

The principle of operation of particle following buoys is based on the assumptibn tha
the buoy is small in comparison to the incident wavelengthd will replicate the
profile of passing waves; this being referred to as Lagrangian motion (where the

position and velocity of the particle or particles is known), as opposed to Eulerian
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motion (where changes in fluid motion are considered at a fliedhent that is fixed

in space) -which is associated with surface profiles measured by fixed sensors.

The surface elevation of the buoy is measured by either the accelerometer er GPS
based unit housed within a stabilised platform. To obtain the motions of the buoy,
the surface elevation accelerations are observed, with this signal dantelgrated

to determine the heave motion of the buoy. The directional information is similarly

determined through analysis of the vertical and horizontal acceleration coens.

The accuracy of the directional Waverider, and its-daectional predecessor, has
been the subject of validation against other sensors (O’Railly, 1996)and it has
been demonstrated that estimates of directional parameters from the Datawell
Waverider are aignificant improvement on those produced by the NDBC 3 m Discus
buoy introduced in the following Sectiont is theorised that the large, stable
platform of the typical PitclRoltHeave buoy conflicts with the wave following ability

of the buoy, and its ability to measure searface slopes.

2.1.1.1.2 PitchRollHeave Buoys

HGURH: FUGROWAVESCARBUOY AWAITING DEPLOEIN’H'(WWW.ABOUTOILANDGA(SRG
2017)
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Pitchroll-heave (PRH) buoys are disc skdybuoys which follow the slope of the
water surface, as opposed to tracking orbital motion as is the case with the particle
following buoys discussed in Section 2.1.1.With PRH buoys a sensor captures the
pitch and roll inclinations alongside the vertical heave motion. The combination of
these measurements allows the directional characteristics of the waves to be

determined.

The large size of these buoys, typically beginning at 2.8/3.0m, makes them especially
suited to carrying additional metocean sensing equipment, such as anemometers or
other measuring devices for windarometers and thermometerdhese additional
measurements can have great utility ihet overall characterisation of a site.
Additionally, the large size of the buoys makes them quite robust, with even larger
models, such as the 6 and 12m discus buoy, being operated by the National Data
Buoy CentreNDBQin areas where survivability is arcern.The 3m discus buoy is

the primary source of offshore directional wave measurements along the U.S.

Coastline.

2.1.1.1.3 Treatment of buoy data

The work done in this thesis deals primarily with the data output produced by wave
buoys and wave models which give informatiom acean conditions around lIrish
coasts. The output of typical wave model data is in the form of summary spectral
parameters such as the significant wave heighd) (&hd the peak period ¢} at
hourly or threehourly intervals, but the output fobuoy data is often more complex
and fractured; featuring multiple data formats, timeseries and spectral records,
records of varying duration and with variation in the included parameters, and

missing or invalid data due to equipment failures or advews@litions.

The Datawell Waverider data, used extensively in this work, has three main

outputs/file types. The buoy data is typically recorded as:

x Raw timeseries data files of the measured surface elevation at a sampling
frequency of 1.28Hz for 30 minutésraw’ files)
x Spectral density files which include directional parameters for 64 frequency

components from 0.025Hz to 0.58Hz (‘.spt’ files). These files contain a record
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of eight spectra produce by analysis of 200 second intervals of surface
elevation tme series.
X History of spectral parameter files (‘.his’ files). These files contain a history of

the summary spectral parameters over eachrBibute period.

Further information on the data types and processing of Waverider buoy data can be
found in the latest Datawell documentation (Datawell, 201Zhe buoy data used in
this work has been obtained using the Marine Institute data portal (Marine Institute,

2015) and provided by ESB as part of the WestWave project.

2.1.1.2 Ireland’s Buoy &aNetwork Commented [AB4]:  Created new section to deal specifically w
] Ireland’s buoy data network/test sites.

The Datawell WaveriddDatawell, 2012)s the most commonly found buoy off the

coasts of Ireland, with the Marine Institute operating a network of six buoys located

around the Irish CoasE{gure5).
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FGURES: METEREANN MAP OF COASTSTATIONS AN -BUOYSYMAINTAINED BY
MARINEINSTITUTE(MET Eireann, 2017)

These, however, only provide summary statistics such as significant wave hejght (H

and the average zerorossing period (). The timeseries data is collected but is not

made available. This creates difficulty when attempting to analyse or validate Commented [AB5]:  Detail on data available clarified.
conditions in the seas around lagld, though the development of test sites in Galway

Bay and near Belmullet have increased the capability and utility of Ireland’s wave

measurement network.
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2.1.1.3 Ireland’s Wave Energy Test Sites

Ireland now features a number of pilot sites for the development of Wave Energy.
Two of these, the Atlantic Marine Energy Test Site (AMETS), and the Galway Bay Test
Site are purposuilt test sites for the development of Marine Renewable Energy
devices, while Killard Point in County Clare is the designated site foVéséVave

project.

HGURES: LOCATION OAMETSANDGALWAYBAY TEST FACILITIEBlavette, 2013)

The Atlantic Marine Energy Test Site (AMEFigure6), located off Annagh Head,
west of Belmullet in County Mayds a fullscale gricconnected site which will allow
developers to test both the energy production and survivability of theiras/mwo
test areas are currently under developmentiést Area Aat 100m water depth and
located 16km out from Belderra Strand, afitest Area Bat 50m water depth and

located 6km from the stan¢Figure?).
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FHGURE/: PROPOSED LAYOUT OBTBITE INFRASTRURELRTAMETS

AMETS is being developed by Sustainable Energy Authority of Irelandt¢SEAI)
facilitate testingof full scale wave energyonverters in an open ocean environment
and will be connected to the national grid. This site is an integral component of
Ireland’s Ocean Energy Strategy and is being developed in accordance with the

national Offshore Renewable Energy Development B3&Al, 2017)

FHGURES: ILLUSTRATION OF SEBA OBSERVATION ERMENT ATGALWAYBAY (SMARTBAY,
2018)

The Galway Baye$tSte (Figure8) is a quarterscale site which has been in operation
since 2006, and now includes power and data connectivity, subsea test and

monitoring platforms, as well as a floating sea station platformstalled in 2015.
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Waverider buoys have been deployed on an almost continuous basis at the Galway
Bay site since 200Realtime oceanographic data is available on the Galway Bay data
portal dashboard, while timeseries and spectral information is available through the

Marine Institute’s Data Request service (Marine Institute, 2018)

HGURED: WESTWAVE NEARSHORE ANDFOIFORSTES KILLARD CO.OLARE IRELAND

The WestWave project represents the first designatminmercial wave array
project in Ireland, wittthe development of a 5SMW Wavenergy Gonverter (WEC)
array off the coast of Killard Point in Co. Cldate WestWave project represents a
critical project in the ocean energy development roadmap for Ireland, aiming to
demonstrate technology readiness, develop the required marine capabilities and
supplychain processegain public acceptance for wave energy, and to disseminate

and prove the opportunities for wave energy that lie in Ireland.

While not a defacto test site, Killard Pointepresent a significant source of
commercially relevant wave data for the developmt of MRE technologies in
Ireland particularly given its focus on the collection of wave data specifically for

assessment of a Marine Renewable Energy projverider buoys have been
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located in 3335m water depth at the site since 20M/ECs will benstalled in either

nearshore or offshore areadepending on the technology type.

2.1.1.4 ADCPs

FAGUREL0: TELEDYNADCP,TRIPOD BOTTOM MOORINEEVICE FORADCP,BOTTOM
MOUNTEDADCRN-USE MEASURING/AVE PARTICLE VELOES{OCEANNNOVATIONSNET,
MOORINGSYSTEM®DM)

Acoustic Doppler Current Profilers (ADCP) are hadousticcurrent meters, similar

to sonar, which are used to measure water current velocities over a depth range
using the Doppler effect of sound waves. ADCPs use the sound wavexhteked

from particles (typically sediment) within the water column to determine particle
velocities.Theyhave been widely used in the assessment of the tidal energy resource
(USGS, 200/however they can also be used very effectively to determine wave

conditions

Directional wave spectra can lmmputed from tle orbital velocities of passing
waves, which are measured using high frequency pulses thatreftected by the
moving water particles. The water surface elevation is measured by either a pressure
sensor or an additional vertical beam. Comparisons between the measurements of
colocated ADCPs and wave buoys have been shown to display good agreement,

particularlyfor wave height parameters (Hydro International, 2Q05)

ADCPs for wave measurement are generally positioned on the seabddan be
mounted in water depths of approximately 5 60m. An example mounting
mechanism is shown in the centre panel of Figl®eThis mounting location has the
advantage of reducing the risk of instrument loss due to & environmental
conditions, or damage or movement due to passing vessels. With few exceptions,

data storage for ADCPs is internal and is not transmitted to shore in real time. For
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this reason, it is generally not possible to conduct 4&ak monitoring of wave
conditions using ADCPs & crucial differentiator from most buoy systems.
Additionally, deployment durations are limited by battery life, and any loss of device

during the deployment will also result in loss of data.

An ADCPwas deployed at the Kird Point area in Co. Claras part of the
WAVEMEASUREMENT project, focussing on uncovering the fundamental
mechanisms underlying the physics of rogue waves. The aim was to define the quality
of currently available wave measurements under extreme conditions, and this
involved the concurrent deployment of a Sentinel V ADCP and Waverider buoy. (ERC
and UCD, 2017)

2.1.1.5 Satellite

FHGURELL: PRINCIPLES OF OPERANIOF SATELLITE METRYNOAA, NESDIS and
STAR, 2017)

Satellite radar altimetry falls under the family of remote sensing techniques; these
are instruments which are mounted above the water surface on a fixed or moving
platform, and include observations from towers or platforms at sea, moving vessels,
and airganes. Satellite radar altimeters measure the ocean surface height by

measuring the time taken for a radar pulse to make a rotriplfrom the satellite to
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the sea surface and backigurell). Satellite measurements, using either altimeter
or synthetic aperture radar (SAR) systems allow wave data to be collected at a global
scale, and have been used as input for assessments of the worldwide wave energy

resource(Arinaga and Cheung, 2012)

Data covering the last 20 years is available from satellite remote sensing at a
reasonably comprehensive level. However, satellites ltheealistinct disadvantage

of measuringonly along predetermined ground trackSynthetic Aperture Radar
(SAR) is, in principle, capable of providing full-thraensional spectra, but this still
highly debated.Modern methodssuch as ech#racking promse to introduce

centimetrelevel accuracy, but this is not readily available at preé8uiet al., 2017)

Altimeterscompute wave statistics by sending high frequency pulses which a sensor
then detects at the ocean surface. Synthetic Aperture Radar systems record a high-
resolution representation of the wave fields captured beneath their path, and
produce a directinal spectrum using this data (Holthuijsen, 20@6ng term studies

of these satellite measurements are available and have undergone extensive quality
control and validation (Globwave, 2012Jhese measurements have been used to
analyse the influence of inteannual variability in wave energy resource, and the

impact it has on WEC power production (Mackay, Bahaj and Challenor, 2010b)

Seasat, deployed by NASA’s JPL (Jgiuldion Laboratory), was the first satellite
system design specifically for remote sensing of earth’s oceans. There have since
been several satellites deployed for this purpose in Europe and America. These
collect ocean wave and wind measurements. TheentrEuropean Space Agency
(ESA)’s Envisat is the primary source of satellite measured ocearjaitata, bythe

American Jason 2 satellite

The key operational difference compared tesitu techniques is that large areas can
be covered neamnstantaneoust. However, this needs to be balanced with the cost
of such observations, and the fact that rotating satellites have a limited temporal
window in which they can measure a site, making continuous deployment

impossible.
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Model Data
2.1.2.1 Wave Modellingistory

Wawe models contribute toour understanding of the oceans, and form the
cornerstone of theavailable data on wave resourddodelled wave datasets have
greatly enhanced the wealth of available knowledge of the ocean environment,
supplementing irsitu and remdely sensed data. Theorised to have seen first
operational use in forecasting the wave conditions for th®d&y landings in 1944,
these wave models have since been subjectigmificant developmentn response

to the growing need for accurate satate information for uses such as shipping,
offshore operations, coastal and marine managemeatreational and research
activities,they have undergone rapid evolution from parameterised representations
which related significant wave height and local wind expe used to forecast
information at short timescales- to fully-spectral models capable of modelling the
gamut of spectral wave parameterGelci and Cazal@re credited with introducing
the spectral concept to numerical wave modellif@elci and Cazalé, 1953)nd up

to the late 1980’s models used simple nonlinear interaction approximations, or made
assumptions on the spectral shape. These were known as first and sgeaerdation
models. The Sea Wave Modelling Project (SWAVIR SWAMP Group, 19883s a
wave-model intercomparison study which identified and discussedstimtcomings

of first and second generation models, and led to the development ofitsiethird-
generation wave model, th&/AM model(WAMDIG, 1988)This contained explicit
treatment of nonlinear interactions, not addressed until this point, and essentially

replaced all previous models.

Third-generation spectral wave models are the current state of the art for wave
climate modelling, and represent thenderlying structure of the majority of wave
transformation models such as WAM, SWANNV3 and Mike21 S\{Gections 2.1.2.4
—2.1.2.7) These thirdgeneration models are based on solving the spectral action
balance equation, which determines the evoluticittee action density in space and
time. The action density is defined as energy density divided by wave frequency; and
is used because, unlike energy density, it is conserved in the presence of currents;
the energy density is specified using the lineartmensional (2D) wave spectrum,

with the wave energy distributed over frequency and propagation direction.
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Where E is the wavenergy density,
tis the time

X, y are the horizontal Cartesian coordinates,

éis the wave frequency,

ais the direction of wave propagation,

Cis the speed of wave energy propagatiamd thesubscript the dimensional space

in which the energy is propagating)

S refers to the energy soegs/sinks.

The lefthand side of equatior2(1) represents the propagation terms of the model,
which describe the propagation of the waves in both geographical space and the
spectral spacewhilst the righthand side of the equation is the sum of energy
sources/sinks, which represents all the physical psedbat generate, dissipate and

redistribute wave energy.

The primary energy source term in thiggneration spectral wave models is wave
growth due to wind blowing across the ocean surface. Turbulent edidige wind

field exert a fluctuating pressurendhe water surface, causing small ripples to form.
Friction between these ripples and the wind continues to transfer energy to the
water. The model behaviouran be understood most easily by considering the case
where waves propagate over a variable sehlsope with no sources or sinks of
energy. In these circumstances, the solution @fl) leads to the wetknown
expressions for wave shoaling andreaftion. Thus, the model kinematics can be
viewed as an alternative representation of linear wave theory and the spectral
energy balance equation is simply an extension of linear wave theory to include
energy sources and sinks, albeit where some sourcesredistribute the wave

energy between individual spectral wave components (Folley and Whittaker,.2009)

Modellingof energy sinks is the predominant focuglrese thirdgeneration spectral
wave modelswith this often beinchandled differently by each of the modehese
aspects of modespecific behaviour will be discussed for the primary third

generation models in Sections 2.1.2042.1.2.7.
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2.1.2.2 Model Inputs and Outputs
Wave models are driven by input arfmation provided at the boundaries lines
defining known or estimated start conditions for the modé&n example wave

boundary (and mesh seip) is displayed ifigurel2 below.

HGUREL2: EXAMPLE WAVE MODELPINT BOUNDARY SHOWNM IKE21 SW.RED, GREEN
BLUE ANDYELLOW REPRESENT ®2HA& INPUT DATA DERD FROM GLOBM/\W3 MODEL
AND INTERPOLATED AIGDBOUNDARYAND BOUNDARY SHOWSNAQUABLUE

There are two sources of potential wave input data at the model boundaries:
measured data anthe output from other models. Measured data, from sources such
as wave buoys, edustic Doppler Current rBfilers (ADP), satellite or radar
measurements provide the most accurate representation of thieoundary
conditions For nearshore modelling applications however, data more commonly
comprises point measurement outputs from a larger, gla@hain, model, which

must be estimated or interpolated along the boundary.
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A spectral model requirefull two-dimensional (frequency and direction) spectral
information asthe input at the offshore model boundaries. If 2D spectra are available
from a largescale wave model, these cée interpolated to thegrid points of the
local grid. Within the accuracy of the largeale model this is the most complete and
detailed possible inputOften, when dealing with the summary outputs or limited
buoy information, only global parametessich as Ko, Tp, Tz, Dir, or 1D freqency
spectrawill beavailable In these casethe full 2D spectra mugypically be derived,
with many models having the facility to generate this based on an assumed
parametric formulation —the Bretschneider, PierseMoskowitz, or JONSWAP

spectrum.

Models offer the option of output either in spectral files or ssmmary spectral
parameter statistics. Spectral output is typically uséfaltrue spectumwasused as

the input to the model If the spectrum was generated based on a parametric shape,
the output spectrum willsimilarly be based on the selected parametric spectral
shape. For high level resource assessment studies for ocean energy developments, a
set of parameters including significant wave height, energy period and direction will
usually be sfficient, and will allow additional parameters such as the wave power to

be calculated.

Figure13 shows the output of a Waweatchdll model, with summary wave height,

wind speed and wind direction parameters displayed over the spatial domain.
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HGUREL3: SAMPLEWAVBNATCH3 GLOBAL MODEL OUTPDISPRAYING SHADED MAP OF
WAVE HEIGHINOAA 2008)

2.1.2.3 Wave Model Usage

Models require initial conditionghat is - information describing the sestate, in

order to run. An analysis of the sea or ocean can be created through data assimilation
of observations such as buoy or satellite altimeter measuremembined with a
background“guess’ from a pevious forecast or climatology to create the best
estimate of the current conditions. In practice, many forecasting system rely only on

the previous forecast, without any assimilation of observatigmslman, 2009)

A critical input of wave models is the "forcing" by wind fielflsis is provided in the
form of a time-seriesof wind speed and directions. The most common sources of
errors in wave model results are attributable to errarghe wind field (Stopaet al.,

2016) as the wind field is the primary source of wave generation for these models
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and any error in the input will have subsequent effects on the accuracy of the model

itself.

Although modelled data may lack the accuracy of recorded data, the use of output
from other models as input for a nearshore model can often be a better option
becuse of its spatial distribution. For this reason, the output of large globadain

wave models is often treated in the same way as point measurements, and used to
provide input at intervals along the model boundaries for nearshore or finer
resolution moetls. Alternatively, models can be “nested,” which involves running a
largerscale, coarser resolution model to generate boundary conditions for a finer
grid, and can be repeated on decreasing scales until the required scale is attained.
SWAN, for example, is designed so that it can be nested in WAM and WaveWatch Il,

allowing global outputs to feed into nearshore models (EquiMar, 2010a)

It is difficult to overstate the utility of wave models. By providing a uniform and

unbroken record of wave conditions, wave models alleviate many of the issues which
are present with missing data common in the use of buoys and other physical
measurement techniques. Wave models can provide information on the wave
climate over long periods of time, and inform a broad gamut of essential parameters

for resource assessment.

33



FHGURE14: OVERVIEW OF THE RGRE NUMERICAL MODEINSRESOURCE ASSESSW IN
RELATION TO MEASUREMENT TECHN(&egsMar, 2010a)

2.1.2.4 WAM Model

The WAM model (WAMDIG, 1988)one which has been widely adopted by the
international community and has been validated on numerous occasions, proving to
be remarkably reliable. (Janssetral., 1997) WAM is a thirdgeneration wave model
developed based on the collaborative findings(®he SWAMP Group, 198f)
resolve known issues with first generation models, which used aemstent high-
frequency equilibrium spectrum, and seconengration wave models which could

not properly simulate complex wave fields generated by rapidly changing winds, such

as hurricanes.

The WAM model integrates the basic transport equation describing the evolution of
a two-dimensional ocean wave spectrum haiut additional assumptions regarding
the spectral shape. There are three explicit source functions which describe the wind
input, noniinear transfer, and whitecapping dissipatiofhere is an additional
bottom dissipation source function included, andreetion terms are included in the
finite-depth version of the model. The model runs on a spherical latitadgitude

grid and can be used in any ocean region. The WAM model appsoaads the left

34



side of the spectral energy balance equation (advection of wave energy), using an
explicit scheme, without taking into account the source terms. The source terms on
the right side are computed using a semilicit secondorder method, and then

added to the wave spectra. (Komen, 1994)

WAM predicts directional spectra along with wave properties such as significant
wave height, mean wave direction and frequency, swell wave height and mean

direction.

2.1.2.5 Wave Watch IlI

WAVEWATCHI (WW3) is based on the spectral wave model that was initially
developed by Tolman et al., (200&)the Marine Modelling and Analysis Branch of
the National Centers for Environmental Protection (Tolman, 20IH)s code has
been expanded into an open source community modelfimgnework, with the
addition of many new features and options now available in version 4.18 that was

recently made public

WW3 predicts the wave evolution in tadimensional physical spacd, and time, P
of the wave action density spectrum. This is expressed as a function of the wave
number Gand wave directiora The governing balance equation for the wave action

density spectrum 0G 3 T, Pis given by:

00 .. 0 0 5
O i @B+ — B+ — 8=
oP 0G oa é (2.2)
TS 2+ 7
(2.3)
0éo 07
& Fegd 5% (24)
1 0éo 07
\& - i
al FGd(‘)_@I@%F G®‘o_l (2.5)

Where %yis calculated from?,and §
Os a coordinate in the direction o
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| is a coordinate perpendicular to s
The lefthand derivative in Equatior2.2) represents the local change and effects of

wave propagation. The rigiitand function, S, represents the net source term for
wave growth and decay by wind action, exchange of action between components of
the spectrum due to notinear effects, lossedue to whitecapping and shallow

water processes.

In deep water, the net source term S consists of three parts: a wangk interaction
terms &, non-linear wavewave interactions term spand a dissipation (whicapping)
term Sis. For model initiationand to provide more realistic initial wave growth a
linear input term & is also considered. In shallow water additional terms for wave
bottom interactions & is included. In extremely shallow water, depth induced
breaking term & and triad wavewave ineractions term & are included. The
scattering of waves by bottom features is governed by the source tegris &lso
important. WW3 also includes general purpose slot for usetefined source terms,

Sw«. The collection of source terms can be written as:

5= Jyg Wwt Ut X Vat Kot Wt %d He (2.6)

2.1.2.6 Simulating WAves Nearshore (SWAN)

The SWAN (Simulating Waudsarshor@ model is a package developed at Delft
University(Booij, Ris and Holthuijsen, 19989WAN is a free, open source, model
which predicts wave conditions with a primary focus on shallow water coastal areas,
lakes or estuaries. It utilises useefined wind, bottom and cuent conditionsand is
based on solving the energy balance equaii22). This energy balance equations
describes the surface gravity wave field in time and spaceh®iteft-hand side of
the equation, the terms describe the tadimensional wave spectrum dependant on
frequency and direction. The righiand side represents the net source function;
describing the energy input by the wind, propagation, fioear wave iteractions
and dissipation. It calculates the ndinear energy transfers explicitly; though

analytical and numerical approximations are required to accelerate the calculations.
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In the SWAN model waves vary their shape, height, and direction as a consequence
of wind action, wave breaking, energy transfer between waves, white capping, and
variations in the seabed and currentSWAN accounts for the following physics
(Folley and Whittaker, 2009)

X Wave generation by wind.

x Wave propagation in time and space, refraction due to current and depth,
shoaling, frequency shifting due to currents and rstationary depth.

x Reflection, Refraction, Diffraction

x White capping, bottom friction and depthnduced breaking.

x Dissipation caused by aquatic vegetation, turbulent flow and viscous fluid

mud. Reflection (specular and diffuse) against obstacles, and diffraction.

The initial wave conditions (wave height, wave di@t and wave period) form the
inputs to the model, which computes the wave changes as tlceselitionsmove
toward the shore. The model provides output informatiam each cell of the

numerically computed grid (typically 500x500m).

While WAVEWATCH Il issed at global scale for offshore locations, linking
meteorological parameters to the generation of ocean wave states, SWAN is used to
accounts for the wave transformations that occur near the coast (whitecapping,

bottom friction and depth induced wave &aking)

2.1.2.7 Mike 21 SW (Spectral Wave)

One of the most popular models for wave transformation in coastal and shallow
water environment and the model used for the study performed in Chaptef this
thesis, is Mike 21 SW (Spectral Wave). Mike 21 SW is a-sfdte-art third
generation spectral windvave model developed by DHiat simulates the growth,
decay and transformation of windenerated waves and swells in offshore and
coastal areagDanish Hydraulic Institute, 201®like 21 SW includes two different
formulations; a @lly spectral formulation and a direnally decoupled parametric
formulation. The fully spectral formulation is based on the wave action conservation
equation, while thedirectionallydecoupled parametric formulation is based on a

parameterisation of the wave action conservation equatidfthen establishing the
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nearshore model for the Killard Pount site for the modelling exercise conducted in
Chapter 5, both the fully spectral formulation and the directionally decoupled
parametric formulation were trialled. The fully spectral formulation wasfd to be
excessively computationally demanding, with run times exceeding three weeks to
model just two weeks of hindcast data; while the accuracy ultimately did not prove
significantly better than the directionally decoupled formulation. Thuke
directionally decoupled parametric formulation wadtimately utilised for the

modelling exercise conducted in Chapfer

In MIKE 21 SW, the wind waves are represented by the wave action density spectrum
N(e, }* X diZdependent phase parameters have been chosen as the relative
(intrinsic) angular frequency, A T@nd the direction of wave propagation, THhé
relationship between the relative angular frequency and the absolute angular

frequency,”~ Us given by thédinear dispersion relationship

é= ¥CGRO G fi F & 2.7

where g is the acceleration of gravity,
d is the waterdepth,
U is the current velocity vector
k is the wave number vector with magnitude k and directjon
Ya

The action density, N( } s is related to the energy density £§) by 0= -
2.1.2.7.1 Fully Spectral Formulation

The governing equation in MIKE 21 SW is the wave action balance equation
formulated in either Cartesian or sphericalaainates. In horizontal Cartesian-co
ordinates, the conservation equation for wave action reads

o
@

ol »

0 .
51 @& = (2.8)

Where 0( %é& a Pis the action density,

tis the time,

T& (T, U are the Cartesian eordinates,

R& k% %, % %ois the propagation velocity of a wave group in the four
dimensional phase spac&gs v }X

S is the source term for energy balance equation.

I is the fourdimensional differential operator in thd8« U space.
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The characteristic propagation speeds are given by the linear kinematic relationships:

_@s 1 2G@ é
ke %o= G5 W St mosde @9

@6 @e@@,, . @4l
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Here, sisthe spacecpE& Jv § Jv A A JE 3]}v }
m is a ceordinate perpendicular to,s
I «ds the twodimensional differential operator in thd% space.

The source function term, S, on the rigiand side of the wave action conservation

equation is given hy

5= SaSdavageat (2.12)

Here & represents the momentum transfer of wind energy to wave generatian, S
the energy transfer due nelinear wavewave interaction, & the dissipation of
wave energy due to whiteapping (deep water wave breakingpo$he dissipation
due to bottom friction and & the dissipation of wave energlue to depthinduced

breaking.

The default source functions,SSy and Ss in MIKE 21 SW are similar to the source
functions implemented in the WAM Cycle 4 mo¢iedbmen, 1994)The wind input is
based on(Janssen, 1991)Janssen’sjuastlinear theory of windwave generation,
where the momentum transfer from the wind to the sea depends not amythe
wind stress, but also the sestate itself. The notinear energy transferis
approximated by the Discrete Interaction Approximatepproach,overcoming the
limitations of the Localnteraction Approximation(Hasselmann et al., 1985The

source function describing the dissipation due to whiteoping is based on the
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theory of (Hasselmann, 1974nd (Janssen1989). The influence of the bottom
friction dissipation is modelled using the approatgmonstratedby (Johnson and
KofoedHansen, 2000yvhich depends on the wave and sediment propertiasd is
modelled using the linearized bottom friction formulatioifhe source function
describing the bottorinduced wave breaking is based on the well validated

approach of (Battjes and Janssen, 1978)

2.1.2.7.2 Directionally Decoupled ParametFiormulation

The directionally decoupled parametric formulatiorbesed on a parameterisation

of the wave action conservation equation. Following the approach detailed in
(Holthuijsen, Booij and Herbers, 1983he parameterisation is made in the
frequency domain by introducing the zeroth and first moment of the wave action
spectrum as dependent variables similar formulation is used in the MIKE 21 .SW
However, with MIKE 21 SW it is not necessary to set up a number of different

orientated bathymetries to cover varying wind and wave directions.

The parameterisation leads to the following coupled equations:

@) @) @310 @1
@r @1 eu' e@a ® (2.13)
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The source functionsgand T take into account the effect of local wind generation
and energy dissipation due to bottom friction and wave breaking. The effects of
wave-current interaction are also included. The source functions for the local wind

generation are derived from empiricgtowth relations
Solving the Equations

The steadystatesolution to the quasstationary timeintegration can be solvedsing

either of the following two methods:

x Modified NewtonRaphson method

X lteration in the timedomain

Using a modified NewtoRaphsommethod,the solver attempts to solve a set of non
linear equations that describe the sstate.The iteration procedure is stopped when

a maximum number of iterations is performed or when the Root Mean Square error
of the residual vector containing thiacrement in significant wave heigbetween

two iteration steps is smaller than the user specified tolerance.

For the approach which uses iteration in the time domain, the steady state solution
is obtained by solving the instationary basic equations witkady boundary
conditions and forcing. The time step used in the iteration procedure is determined
automatically to satisfy the stability restrictiomhe iteration procedure is stopped
when a maximum number of iterations is performed or when the Root Mezaurare
error of the vector containing the increment in significant wave height between steps

is smaller than the user specified tolerance.
Numerical Methods

The frequency spectrum (fully spectral model only) is split into a prognostic part for
frequenciedower than a cutff frequency *max and an analytical diagnostic tail for
the highfrequency part of the spectrum

g ra

(63 ="(&os 3 Iédoép (2.16)

Where m is a constant (=5).
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SpaceDiscretisation

The discretisation in geographical and spectral space is performed usicgrueée

finite volume method. In the geographical domain an unstructured mesh is used. The

spatial domain is discretised by subdivision of the continuum into ovartapping

elements with bothtriangle and quadrilateral shaped polygons supported in MIKE

i "X dz §]}v. ve]SCU E~+U}es ]o E % E + Vv§ * %] Ale }ved v3 }A E 3Z
elements and stored at the geometric centres.

In frequency space either an equitdist or a logarithmic discretisation is used. In the

directional space, an equidistant discretisation is used for both types of models. The

action density is represented as piecewise constaover the discrete

intervals, ¢éand ¢a in the frequency and directional space.

Integrating the wave action conservation over an aredh® frequency intervalg g

gives:
@ ., . O@IRIEF+ =+ = 5@BdF?JIE
@F , ;600 Lo co 0t (217)
=1, 1, o | ©R8) @dRIE (2.18)

Where 3is the integration variable defined on AJsing the divergence theorem and

introducing the convective flux$% &8, the following equations arebtained:

C%
@pga _ 1 ;
@:Jpgp_ F;Ul\;@;( (8 aga ¢HO (2.19)
1
Fﬁﬂ‘ﬂ()%_gé1 F(()ug_gah (2.20)
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Where NE is the total number of edges in the cell,
(& aga= klgde + G % ga is the normal flux through the edge p in
geographical space with lengtpH.L

and ( () are the flux through the face in the frequency and

(Ra >

( ( ) W’a
directional space respectively.

The convective flux is then derived using ainster upwinding scheme:

(a= % KO+ OyOF3=( OuF 0 (2.22)

where %is the propagation speed normal to the element datie.

Time Integration

The integration in time is based on a fractional step approach. Firstly, a propagation

step is performed calculating an approximate solutidraf\he new time level (n+1)

by solving the homogenous wave action conservation equation. Secondly, a source

terms step is performed calculating the new solutiofi*Nrom the estimated

solution taking into account only the effect of the source terms.

The propagation step is carried out by an explicit Euler scheme.
J

. @
Ofs = O + (P56 (2.23)

To overcome the severe stability restriction, a ma#tguence integration scheme is

employed. The maximum allowed time step is increased by employing a sequence of

integration steps locally, where the number of steps may vary from point to point.

A source term step is performed using an implicit method.

; (1 F U5 + Uk
o8} = 0 + (L F Uy T U, (2.24)

tZ E r ]+ A ]1PZS]vP } ((]]vs 328 & Eu]v e+ §Z
method. Using a Taylor series to approximafé! 8nd assuming the offiagonal

terms in @ 4= Uare negligible, this equation can be simplified as:
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For growing waves(@> 0) an explicit forward difference is usedJg 0), while for
decaying waves( 0) an implicit backward differencel{= 1) is applied.

Wave Data Analysis
Wave data analysis is used to extract useful parameters from measured wave data.
These parameters descrilbee seastates, and give information on the distribution
of energy and of wave parameters within the given-stte. This information is vital
for characterising the wave energy resource and for predicting the performance of

Wave Energy Converters (WE®#hin that resource.

The fird wave analysis recognisable by modern standards began with wartime
studies during World War 2. The need to categorise, analyse and predict wave
conditions drove a greater understanding of the methods used to analyse wave data.
Shortly after the war(Sverdrup and Munk, 194 performed a study whicmforms

a huge part ofnot only modern wave data analysidut also developed the
foundations of modern wave modelSverdrup and Monk introduced the concept of
“Significant Waves,” characterised by a type of mean wave height and mean wave
period. The conget of energy balance in a wave system was introduced to
understand wave evolution, while empirical relations for the evolution of ocean

surface waves were obtained using accumulated wave data.

Statistical theory of wind waves was greatly enhanced based on the theory of random
process, particularlfhe work of Bell Telephone Laboratory, presented by (Rice,
1944) Following the introduction of the random noise theory, random waves began
to be considered as a sum of an infinite number of superimpasaasoidalwaves

of random phase. This informs much of the modern approach to the spectral analysis
of waves which will be discussed in Section 2 Be&ed on this statistical distribution,
(LonguetHiggins, 1952)gave the first theoretical derivation of the statistical
distribution of waveheights Followingthis, significant attention was givemo

characteri;ngand validaingthe spectral shape distribution in various seas, including
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the Joint North Sea Wave Project (JONSWAP) and (Bretschneider,arib&jforts

to understand wave interactions and ndinear effects began (Mitsuyasu, 2002)

This Section deals witiow the necessary information for metocean data is derived
through different analysis techniques, in both the tidemain and the frequeney

domain.

Tablel below provides a summary of the typical wave data inputs, their available

analysis options, and the resultant output.

TABLEL: SUMMARY OF TYPICAL WRADATA INPUTSNALYSIS OPTIONSND OUTPUTS

Analysis
Input Output
Type

A record of subsequent wave heights and
Times serie§ periods, which can be used to determinedl

Surface seastate conditions (ids, T; etc.)

Elevations Spectral Local Sea state conditionsn{#l Tp etc.)

Visual output of spectral energy of a wave acr

Wavelet o ] )
frequency, direction and time domains.

Variability | Visualandstatisticaloutline of wave conditions

Analysis at site
Seastate Weather Probability of sites availability on a month by
Parameters Window month basis
Extreme

Prediction of Extreme Wave heights
Wave

Timeseries analysis
With a wave elevation record that has been obtained from surface following buoys,

there are a number of analysis methods available to characterise thetasa-
conditions. The most commonly used analysis technique is a time domain based
analysis. fiisdeals with describing the movements of the sea surface at one position.
Timeseries analysis takes a series of ocean surface elevations and breaks them down
into a series of waves. To do so, individual waves must be defiviigdu a timeseries

signal of sufficient length (>100 distinct wave records typically recommended), the

zero, or mean, point around which the signal oscillates is determined. Next, the
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points where the water surface elevation crosses these zero points are determined,

either by successive zerogpossings, or zero dowtrossingsKigurel5).

HGUREL5: ZEROCROSSINGVAVES DIAGRAM DISPLAYS FOZERO UEROSSING WAVES AND
THEIRHEIGHT(H) ANDPERIOX(T) (Manly Hydraulics Laboratory, 2017)

The most characteristic measure of a sate is the significant wave height, which
can be determined via a number of methods. Primarily, this is taken as the mean
height of the largest 1/3 wavesand denoted iz The claracteristic mean period of

all the waves is determined via the zezmssing method and denoted as the zero
crossing period, ;I Commonly, the maximum wave height in the tiseries, Fhax

and its corresponding period (but not necessarily the largest dgriGnax are also
defined. An alternative method of deriving the significant wave height is by

determining the variance of the signa with Hs then defined as:

Yo *eor 4YES (2.26)
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A further method of determining the significant wave height from its spectral

moment definition is given in Tabk

HGUREL6: NON-DIMENSIMALISED HISTOGRAM WRVE HEIGHT BASEMD @ RAYLEIGH
DISTRIBUTIO(Bretschneinder, 1964)

Figure16 shows the statistical distribution of wave heights which can be seen to
approximate to a Rayleigh curve. This statistical distribution is the basis of time from
which important parameters areletermined. The significant wave heightsfHs
determined analytically, as described before. From thetHer wave parameters

can be determined.

Hm (Mean wave height) = 0.64 times H

Hu10 (Highest 10% wave height) = 1.27H

Hu/100 (Highest 1% wave height) = 1.67H
Hmax (Max probable wave height) =2-0H;

X X X X

Spectral Analysis
Analysis can also be carried out in the frequency domalrich presents a powerful

tool for the analysis of wave datA seastate may be described as a summation of
many individual waves with a givamplitude, propagation direction and frequency
(Figurel?).
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FHGUREL7: SUPERPOSITION OF SIMEVES TO MAKE IRRE@R SEASt. Denis and
Piersa, 1953)

The waves can then be represented as a function of distance from an origin point and

time elapsed, as follows:

¢
BTP= | Rgo(GTFsP (2.27)
a@b
Where s the harmoniavave at a position x and time t,
B is the wave amplitude,
~ the circularfrequency of the wave component n,

k is the wave number, representiF?g(é: 9 =RNJQOP

By sampling the wave timgeries at a suitably high frequency, sea surface elevations
can be decomposed into combinations of their constituent harmonic components
across the frequency domain. Fourier series expansion througlganithm such as
the Fast Burier Transform (FFT) (Cooley and Tukey, 1866¥ed to estimate the
frequency and amplitude of siirete harmonics which make up the signal. At this
step, the phase information of the waves is typically discaré&&glrel8 shows the
process of time domain signabrversion to Energy Density Spectrum via Fourier

analysis.
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HGURE 18: TRANSFORMATION OF EHBOMAIN INFORMATION OT ENERGY DENSITY
SPECTRUM VIBOURIERANALYSI$Journée and Pinkster, 2002)

The relationship between a component wave's amplitude and frequency is
represented by thewave energy spectrumThe definition of the spectrum,
commonly referred to as the “haimplitude squared” spectrum, is provided by:

a

5B ¢B= i

5
Which can be used to determine the energy spectral density (commonly referred to

6

N =

:é

(2.28)

as “wave spectral density§s follows:

49



FHGUREL9: GENERATION OA/AVEENERGYSPECTRUM FROM TIMESER

The process of generating a wave energy spectrum is illustratéijure19. The
terminology associated with the spectrum is often incorrect or absent, and one must
be certain whether they are dealing with the haliplitude squared spectrum or the

energy spectrum.

Sectral moments

Determination of statistical parameters related to the specific wave spectrum
revolve around the spectral moments. These moments are analogous in meaning to
the physical concepts of centre of mass and first and second moments othata,

is, the moment represents the content of the spectrum at every frequency in the
spectrum, weighted by thethpower of the frequency, with the result summed
across the entire spectrunThe i spectral moment is given by equatichZ9)

T
| ;= + PFEB@B (2.29)

4
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Computing the moments of the wave spectrum provides a means to calculate
summary statisticsvhich describe the nature of a satate. The most commonly
used parameterHmo, is an approximation othe Hs parameter derivedrom time-
series analysi¢and these terms may sometimes be used interchangealby)is
equivalent to the zerecrossing period JSeen in timeseries analysislg, the energy
period, is defined as being equivalent to the period of monochromatic wave whose
height is equal to Ho, and which has the same energy as the-sie in question.

The peak period, A is given by 1/, where § is the frequency component with the
highest value of Spectral Energ8pectral bandwidth is an increasingly used
parameter, with particular utility in studng spectral shape (Saulniet al, 2011)

Two bandwidth parameters, xv 2are defined as follows:

X, whichwas first computed with studies of wave energy in mind (Smith, Venugopal
and Wolfram, 20086)

_ a_aq7.
‘6= §5— F1 (2.30)
And the “Narrowness Parameter® defined as:
_ a, a.
%= &5 F1 (2.31)

These values of: and x range from 0 to 1, with narrovwanded spectra having the

lowest values of spectral width.

The most common parameters and their moment definitions are given in Table

below.
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TABLE2: COMMONLY DERIVED WARERAMETERS AND TRIIOMENT DEFINITIOKBUcker
and Pitt, 2001)

Parameter (unit) Symbol| Moment Definition
Significant Wave Height (m) Hmo 4¥1 ,
Energy Period (s) | Te/ Tao Loy,
ZeroCrossing Period (s)| To2 §| 4vy2
Mean Period (s) Toa 100l 1

Where only summary statistical parameters are available, parametric
representations of these based on empirical trials are often used. The most
commonly used are the JONSWAP and Bretschneider spectrum, which will be

addressed in greater detail in Chap@rand6.

ErrorAnalysiof Wave Data
The most commonly used equations for the statistical analysis of wave data are

outlined below. These are Correlation Coefficient (R), Root Mean Squared Error
(RMSE), Bias and Scatter Index. Thezsar parametersare commonlyused in the

field of signal processing and spectral analysis, and are also used frequently
throughoutwave energy researotbakhare and Deo, 2009hese parameters allow

for the determination of metrics for level of fit between modelled and recorded data,
theoretical and empirical resultsand numerous other statiséd uses. Theses

equations are presented here to introdutteem prior to their use in this work.
Thesestatistical measuresclude:

Correlation Coefficent (R)ndicates the sength of the linear relationship between

corresponding dataR values close to 1 are an indicator of good correlation.

R= 6(X; Y)(Y, Y)
JELOG X7 6L V) (2.32)
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Root Mean Squared Error (RMSE: measure of the differences between values

commonly used as a measure of difference between values predicted (model) and

Mean Square Bror may also be usedvhere it is typical of the analysis type

observed (recorded).

performed.

Bias:The bias represents the average error between dzgtis

1
Bias=-= 6L(X Y) (2.34)

Scatter Index (SIThe scatter index is a normalized measure of evath lower

values of Sl indicating that the datasets are well matched.

(2.35)

Ji 64(X Y Bias’
si=JN _
X

Metocean Analysis

Overview
Metocean analysis refers to the combined analysis of meteorology and physical

oceanographyit is the process of deriving a greater understanding of the conditions

in which an offshore or coastal project will be undertaken.

A detailed understanding of the metocean environment and wave energy resource
is crucial to examinenhe impact of site conditions such as wind speed and direction;
wave amplitude, period, direction, extreme events, tides, bathymetry and many
other factors on a proposed project. These factors are imperative for inforBiteg
Selection and Feasibility, DBdapment and Consenting; and the Design, Installation,
Performance (Energy Production), Operations & Maintenance and Decomissioning of
WEC conceptdhe estimate of energy production from WECs will be a key focus of

the work in this thesis; aniis analyss will examinethe biggest factors affecting the
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energy production potential of projects. This includes the energy contribution ef sea
sates, seasonal and intannual variability of resource, extreme events, as well as
delving into the ability of current metocean standards to outline accurate analysis

proceedures for determining device power production.

The process of a typical site selection and assessment is outlifégLire20 below.

Site Selection

« Proximity to port, depth and grid connection considered.
* Provisional determination of likely Wave Resource from atlas or other source.

Energy Prediction
* Wave Resoruce assessment produced from long term dataset.

Feasibility

+ O&M proximity and cost considered

« Servicibility of site owing to weather conditions assessed

Exclusions

« Environmental permitting and planning permission scoped
« Proximity to shipping lanes/fishing sites determined

Detailed Site Assessment

* Analysis of bathymetry and Meteocean Conditions
« Feasibility of substation location and servicing
« Full hindcast dataset produced and calibrated, energy output determined.

FHGURE20: SMPLIFIED OVERADESIGNPROCESS FOR COMMER@AE SELECTION
Thisrepresentsa realworld approach to thegsource assessment problem, with the
selection of sites and site parameters narrowed first by energy production, then by
additional technoeconomic factors and environmental consideratidriss often
becomes an iterative process, whereby the available site details are continually

updated as the project develops.

Scatter plots
Bivariate satter plots are amongst the most important and descriptive

visualisations of site characteristidhese are plots of important summary statistics;
typically, the ko — Te pair. These provide a useful method of achieving an overall
understanding of the waw climate and the energy resource at an area of interest.

The “Assessment of Wave Energy Resource” (The European Marine Energy Centre
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Ltd.,, 2009)and Equimar “Protocols for wave and tidal resource assessment”
(EquiMar, 2010a)outline some standards and guidelines for the use of scatter plots,
with comprehensive guidelines in the Equimar protocols on the definition of Wave
Height and Period bin intervals, at 0.5m and 0.5s respectively. These are not strictly
adhered to as industry standards, and theenval may vary depending on the

analysis.

HGURE21: EXAMPLEHs - T, SCATTERPLOT

Extreme prediction
ExtremeWave prediction, often called Extreme Value (EV) analysis, is the analysis of

measured or hindcast data to determine the annual probability of failure, threshold

exceedance, or returperiod of extreme conditios

These methods provide long term information for fatigue assessments, extreme
loads and theprediction of energy production. Most marine structures are initially
designed to withstand a specified set of extreme conditions. Further study may be
conducted on the structure’s design to ensure that issues, such as fatigue effects, will

not cause damagiover long time periods. The structure may also be subjected to risk
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analysis which examines the statistics of the structure’s ability to withstand the

forces experienced in extreme conditions.

When designing offshore structures to withstand extreme ctods, the most
important factor is the “Design Wave,” This is the individual wave with a height which
is exceeded on average only once in a specified “return period,” which is
conventionally either 50 or 100 years. Provided there is sufficient data thkads

are equally applicable to any other value.

Extreme wave prediction is most commonly performed by approximating an extreme
wave height through fitting observed values to a variety of different statistical curves.
Determination of extreme wave heightgbability is based on methods such as those
outlined by (Tucker and Pitt, 200{Battjesand Groenendijk, 2000Draper, 1972)

Storm waves can be considered as wawdhichexceed a definecheight threshold.
ExtremeWave analysis requires that each storm event be recorded as an individual
occurrenceand be defined by its peak wave height. Recorded data from wave buoys
tends to be at hourly interval&nd thus each storm occurrea typically contains
many data points. It is therefore necessary to define a storm event as series of
successive data points in which the peak wave value for an hour exceeds the defined
threshold. Figure 22 below shows the selection of a threshold value which

determines storm events.

HGURE22: ILLUSTRATION OF THE SELECTION OF A OHBERHUETHOMPSON2001)
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Thedefinition of thestorm duration and peak wave height are extremely subjective.
A change in the threshold valugilized can changée duration of a storm event,

and result in a single storm event becomibgo or more shorter storm events
Converselyareducedthreshold can alsoombine multiple storm events into a single
event. There is no clear consensus on the best method of threshold selection, and
the optimal strategy is often dependent on the quantity of data, duration of
recording, and the extremgrediction method which will be used. The most common
amongst these techniques includiee Peak over Threshold (POfgthod, Annual

maxima,and nmaxima techniques.

In the application of the Peaks Over Threshold method, only wave events with a
height greater than a defined threshold are ranked and analyZads threshold can
be mathematically defined using a multiple of significant wave height, or user defined

to match an existing oféhore structure or coastal defense feature.

The rmaxima method uses a defined number, n, of storm events which will be
considered in determining the extreme wave distribution. While this method offers
flexibility in the selection of ston events, it requires prior experience and knowledge
of the underlying physics and typical conditions at the site in question to achieve

accurate results.

For datasets of longer duration, the Annual maxima method is often W§&H.this
approach, the pela value from each year of the dataset is selected for use in the
analysis. This method of extreme analysis is intuitive and widely used, but does have
a number of drawbacks. It assumes that for n years, you have a storm witlgear n
return period. Where there are multiple years with low peak wave values, the
analysis will not accurately depict the trend for waves which are indicative of extreme

values at the site.

It is possible to perform a statistical analysis on recorded tiatkerivethe predicted
height of a wave which has a certain return period. In thetitg wave height for an
infinite return period can be calculated using any set of data; howéwean rryear
return period it is advised to have a minimum of n/5 years of data. One such method
of defining the return periods using the Weibull formula to assign a return period

and probability to each wave and rank them, as follows.
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J+ 1
am= T (2.36)

And

AV = 377 (2:37)

WhereT(x) is the return Period, and P(x) is the probability of an annual maximum
equaling or exceeding the height value h in any given yeasiniplify the curve
fitting, the reduced variate is calculated@he educel variate y, is given by:

1
U= FIn\FIn d Fﬁh (2.38)

AGURE23: ILLUSTRATION OF LOGNORMAL PROBABILTRIBMSION FUNCTION
The data points are then plotted on a graph of h vs. y where y is plotted on a
logarithmic scale horizontal axis. A curve is then fitted using the least squares method

and the predicted heights for any return period can be obtained.

Methods for the determination of Extreme Waves and their associated reteriog

are explored in greater detail in Chapter
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Weather Windows
Weather Windows are a period during which the state, usually defined by its

significant wavéneight, does not exceed a certain desired value.

Weather Windows are critical to any offshore operation involving installation,
construction or maintenance, and often have a large bearing on the economic
viability of projects. It is now common practice ttworoughly determineWeather
Windows before the commencement of any major offshore operation. Weather
Windows are not easily predicteds doingso requires highly accurate prediction of
wave behavior, which a threshelthsed analysis such as weather window analysis is
particularly sensitive toHowever, a study can be performed on past data to
determine the probability of the duration and occurrence of weather windows
which vary depending on the significant wave height and the conditions at the site in

question.

Weather Window prediction isimilar © Storm Prediction in its application.
However, m place of determining a period of exceedance and peak height; a period
of nonexceedance (offor examplethe worg possible weather conditions in which

the operation can take place) and the duration of that period are determined.

This probability is returned as a percentage fractionallikelihood of theweather
window event occurring. It is determined by taking the number of periods for which
the limiting threshold is not exceeded for a defined duration, and dividing by the total

number of possible weather windows available across the entire dataset.

Power Production Estimates
Power production estimates form one of the most important project economic

inputs. They are crucial to determining the most profitable device and site; as well as
in determining the variability of electricity production, phsck time, grid
integration and load balancing requirements, and othaore granular details

affecting project outcomes (Dalton, Alcorn and Lewis, 2QI&j)lantet al., 2012)

The estimated power output from a WEC is most commonly presented as a function
of two variable—typically Hho and Te. These are referred to as Power Matrices, and
allow estimates of device energy production to be determined using available wave

data. These Power Matrices are usually derived from numerical models of devices,
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or produced followingscaleddevice performance testing and analysis in a wave

basin.

The use of Power Matrices is widely accepted as thfad® method of determining
device power output, and their use is common in a number of lage resource
assessments, such #mat caried out for the Accessible Wave Energy Resource Atlas:
Ireland (Sustainable Energy Authority Ireland, ESBI and Marine Institute, .2805)
sample power matrix for the Wavebob se#facting WEGs provided inFigure24

below:

FHGURE24: EXAMPLEPOWERMATRIX FORVAVEBOBNVE(Q(Babaritet al., 2012)

The power matrixtor a HingedFlap type WEG used in this thesis to determine the
potential energy production at the Killard Point site (Chaferand in the analysis

of Machine Learning model performance in improving energy estimates through

improvement of wave parameter estimatio@ljapter3).

While Power Matrices are a useful tool for determining the scale of energy output
that can be expected with a wave energy devamag are indeed used extensively in
aspects of this workmany authors have suggested thatwddand T alone are
insufficient to accurately estimate device power outplis well as losing finer detail
such as the spectral bandwidth, mean wave direction and directional spreading,
which would assist in informing and accurate energy production estimate, it has been
observed that it is readily possible for slight variations in observations,@&ihtl T

to result in large variations in energy production due to the granularity of the

selected divisions in Power Matrix cells
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WEC performance is also influendgdhe spectral shape distribution of the incident
wave spectrum. Previous studies have shown that variability in the spectral shape
has a significant impact on device power production (Barrett, Holmes and Lewis,
2007) (Saulnieret al, 2011) The work in Chapter @ill show that seastates with
similar summary parameters will often display distinctly different spectral shapes;
and through physical and numerical testing will demonstrate that this has a major
impact on the resultant energy production.

Standards for assessment of Marine Renewable Energy Projects
The earliest attempts to detail and standardise ocean wave analysis methods began
with USACKEnNgineers, 1995and afteward were predominantly concerned with
application to theOil & Gasindustry. A number of standards attempting to
standardise metocean analy$is the assessment of Marine Renewable Enéraye
emerged in recent year§ he European Marine Energy Centre Ltd., 20@®%uiMar,
2010b) (International Electrotechnical Comission, 201&ith the IEC TS 62600@0
standards providing the most comprehensive treatmentiie. These standards are
implemented and assessed in relation to their applicability to a commercial wave

energy development in Chaptér

The IEC 6266001 TS: Marine Energy Wave, Tidal and otheWater Current
Converters- Part 101: Wave Energy Resource Assessment and Characterisation
(henceforth referred to as IECY has been created with the aim of establishing a set
of standards for estimating, analysing and reporting the wave energy resource at
sites which are suitable for the installation of WE@mether with defining a
standardised methodology with which this resource can be described (International

Electrotechnical Comission, 2014)

(Ramos and Ringwood, 2016¥sessed the utility and effectiveness of the IEC
standards for wave energy resource characterisation using 3 different models with
increasing spatial resolution in order to fulfil the requirements of the-TBEC
standards. They found that the IHS offered a robust and coherent methodology,
featuring recommendations and rules to carry out a precise wave resource
characterisation. However, it was also found that some of the minimum

requirements needd for validation of the more stringent design stages were
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excessively demandingconsidering current best available wave modelling
techniques; finding too that the increase in accuracy of key wave parameters was
relatively small in comparison to the proce®s and time constraints imposed by
using the more refined mesh stipulated for these design & feasibility stage
requirements.

Machine Learning
Machine Learning is a field of computer science that evolved from the study of
pattern recognition and computational learning theory found in Atrtificial
Intelligence. The field covers the study and construction of algorithms which allow
the user to learn from and ake predictions on data. The unique aspect lies in the
construction of the models. In place of static values and programming instructions;
MachineLearning models build a model from example inputs in order to make data-
driven predictions or decisions. The two primary types of learningare supervised and
unsupervised learning. In supervised learning, the computer is presented with
example inputs and their desired outputs, and learns a general rule that maps inputs
to outputs. In unsupervised learning, no l&bare given to the learning algorithm,
and the model is left to determine the structure and relationships within the data
itself. As an example, this approach could be used to determine whether or not a
relationship exists between wave parameters such as &hd T, at extreme wave
conditions, or it could determine the precise wave period ratio betweeand T
at a given site. These methods invoke techniques from linear regression and
weighted models, to classification algorithms that can learn to classify based on test

valueprediction pairs.
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HGUREZ25: FAMILIES OMACHINELEARNINGESTIMATORSCLASSIFIERBND ASSESSMENT
TECHNIQUES

The machine learning approach has been adopted in weather forecastireg &lLu
2015) solar energy predictio(Sharmeet al,, 2011)and the promising performance

of an Atrtificial Neural Network in estimating one wave parameter from the specified
value of another was shown by (Agrawal and Deo, 20@4)vhich the generated
model proved to be more accurate than the statisticandinear regression methods
comparedMachine Learning hassobeen used to optimise the positioning of Wave
Energy Converters (Sarkar and Dias, 2045) thus there is some precedent for its

application in Marine Renewable Energy.

The numerical techniques presented in this work will be approached from a practical,
in-use, perspective as @y can be applied to create solutions in Renewalbler&y,

rather than from a purely theoretical viewpoint.

k-fold cross validation
Crossfold validation is a method of assessing the performance and accuracy of a

model. This approach partitiorssdataset nto two or more parts. Each part is used
once as a training set and once as a validation set. Generallgedirableto perform

k-fold validation as many times as the size of the dataset and number of features will
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allow. Three to Terfold cross validation is generally preferradd is commonly used

in manyfields

Nested kfold crossvalidation is a common adaptation of this. This method partitions
the dataset into Kolds. Ore foldis kept as the test set, while the remaining dita
then partitioned again intdk folds. One of theséolds is kept as the validation set.
The remaininglatais used for trainingThe model is allowed ti@arn on the training
dataset;and its performancésthen trialled on the test dataset. This procéssates
through each section of the datasets a new fold, lessening the impact of any bias

in the dataset on the predictions.

The model is further allowedto select the best hypeparametersby iteratively
assessing each fold tfe dataset and determining the parameters which give the
lowest training error. Thenodel is then testedon theouter (validation)data fold
kept as test set. This process is then repeataddifferent aiter fold becomes the
test set;andk-fold crossvalidation is run on the remaining data to find another best

value for the hyperparameter.
The dataset is partitioned into k digmiequatsized subsets, T1, T2, Tk

This process is illustrated Figure27 below:

FHGURE26: OROSSVALIDATION APPROAQHWSTRATED
With the dataset creation, model learning, and testing outlined as pseode

below:

64



For ui=1to k, let D;be D Uu:
Partition D:into k disjoint equalsized subsets3, &, ...,
For u2=1to k
For v=1to numvals
Train onD; % with the vth hyperparameter value
Make predictions fo:
Measure validation error (e.g. MSE)
Get the mean of the errors for each hyperparameter value
Slect the model (hyperparameter value) with lowest mean mse
Use the selected model to make predictions Tar
Measure test error (e.g. MSE)
Report the means of the test errors

LeaveOne Out QossValidation (LOOCV)
LeaveOne Out Oross-Validation involves leaving one section of data as a validation

set, and training on the remaining data. The model is thus evaluated on the data
point that has been left outavoiding a biased model which carries overestimated

accuracy as a result of testing on the data which has been used to train the model.

FHGURE27: LEAVEONEOUT CROSSVALIDATIONLOOCVAPPROACH ILLUSTRBTE

The blue box represents the data which is left out for testing purposes. The yellow
box represents the remaining data. This pss proceeds iteratively, choosing new
data to leave out each time. This process can be generalised to “leave, vbeté
multiple data points are iteratively left out to ensure proper validation of the

accuracy of the model.

Ordinary Least Squares
Ordinary Least Squaré®LSJorms the basis for a large number of methadsedto

estimate unknown parameters in a linear regression model. i®lz=5method for

estimating the unknown parameters in a linegagression model, with the aim of
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minimizing the square error between observations and the approximation predicted
by the linear approximation of the data. It is an intuitive model which measures the
average lack of fit, and aims to achieve the best linearlii¢ linear regression model

has the form:

il

(= ,+ 1 v v (2.39)
3

Figure28provides an intuitivggeometricunderstanding of the operation of the linear
regression model. The OLS estimation can be viewed as a projection of each

coefficient times the associated trang data onto a linear space.

HGURE28: OLSESTIMATION VIEWEIS A PROJECTION ONTO THE LINEAR SPAGEBRBY
THE REGRESSORS

The basis of the linear model is that the regression functibn| :) is either linear,
or that a linear model is a reasonable approximation for the function. In the linear

regression model expression, the s represent the unknown parameters, and the

:vys are typically quantitative inputs.

Typically, there is a set of training datas(Y1 ) .. (: ¢, Yn) from which the parameters

. i
() are estimated. Each: 5 k &, : ., : 0 iS @ vector of feature measurements
for the ith case. The most commonly used estimation method for training the model
is least squares, in which the coefficientse selected to minimize the residual sum

of the squaresccording to:
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G
RS$ )=1 (GuFE:9)° (2.40)
Uap

Other Methods
Methods other than ordinary least squares are also appleslleast squares

estimates often have low bias, but large variance. Prediction accuracy can sometimes
be improved by shrinking or setting some coefficients to zero. By doing so; some
accuracy, as defined by bias, is sacrificed, but results in a reduction of variance of the
predicted values. This gives the possibility of improved overall prediction accuracy,
especially with regard to analysis that is more sensitive to the variable nature of wave

parameters.

With a large number of predictors, it can be uddfudetermine a smaller subset of
parameters that exhibit the strongest effects, therefore covering the majority of the
variance in the overall dataset while minimizing the number of inputs required for

future models to achieve an accurate prediction.

Selection of best subset
Best subset regression finds for edchb{0,1,2,...,p} , the subset of size Wwhich

givesthe smallest residual sum of squard3eciding how to choose a k value involves
a tradeoff between bias and variance, as well as the coxipleand size of the
model. It is typically desirable to choose the smallest model that minimizes an
estimate of the expected prediction error. Cresslidation is often used to estimate
prediction error and select a value for k, while the Akaike Information Critefitf), (

discussedn Section 2.5.9.4s a popular alternative.

Shrinkage Methods
By retaining a subset of the predictors andadadirding the rest, subset seteEm

produces a model that is more easily interpreted and used in future work. It also
carries the potential to produce lower prediction error than a full mottawever,
because it is a discrete process and variables are either retained or discarded it often
exhibits high varianceand so doesn’t reduce the prediction errof the full model.

Shrinkage methods apply some variation of a shrinkage term to parameters to reduce
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the effect of those which do not improve model prediction accuracy. Shrinkage
methods are more continuous, and don’t suffer as much from tagrability.
Ridge regression model
Ridge regression is a commonly used method of regularizationpmsiéd problems,
also known as the method of linear regularization. Ridge regression becomes useful
in the case where a standard approach (e.gli@aryLeastSjuares) cannot be used
as no T, or more than oneTvaluesatisfies the equatior leaving no unique solution.
In such cases, r@inary LeastSjuares estimation leads to an overdetermined (aka

overfitted) or, commonly, an underdetermined system.

Ridge regression shrinks the regression coefficients by imposing a penalty on their

size. The ridge coefficients minimize a penalized residual sum of squares:

R a a
aridge = argmin Pl (UE ,FI Ty 9°+ &l Q (241)
o@b Y@b Y@b

Where &( 4 RO)is the complexity parametehat governs the amount of shrinkage.

In the ridge regression model, the coefficients are shrunk towards zero, using a
penalization method based on the sum of the squares ofpdw@meters.The ridge
regression method contains an explicit sizeit on the parameters, which can be

shown by writing the ridge equation as:

R a
aridge = argmin | (UE ,Fi Ty ¢°
ted Va5 (2.42)

an

i PQP (2.43)
Y@

Where t is the size constraint for the coefficients. In the case where many correlated
variables exist in a linear regression model, their coefficients can become poorly
determined (I.E.gxhibit high variancemposing a size constraint on the coefficients

can prevent a large positive coefficient on one variable from being cancelled by a
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similarlylarge negative coefficient on a correlated variable, thereby alleviating this

problem.

Lassaviodel
TheLassdLeastAbsoluteShrinkage andelectionOperator)(Tibshirani, 1996nodel

isa shrinkage method regression analysis that performs both variable selection and
regularization to improve the prediction accuracy and interoperability of the
statistical models it produces. In signal processing literature, the Lasso is also known
as basigursuit. Lasso was originally formulated for least squares models, which
informs a substantial amount of the behaviour of the estimator. Namely, its
relationship to ridge regression and best subset selecfimspite being formulated
for least squares, lasso regularization is easily extended to a wide variety of statistical
models including Generalized Linear Models, generalized estimating equations, and
M-estimators (of which leastquare estimators are a subselhe lasso estimate is
defined by:

I a

dlaso = argmin | (UE JFT | Y8 (2.44)
@b (E3

n

subjectto | + (+QP (2.45)
has

The constant , can be reparameterized by standardizing the predictors. The

solution for & ,is Uand a model can therefore be fit without an intercept.

Computing the lasso solution is a quadratic programming problem, for which a
number of efficient algorithms exist. Because of the nature of the constraint of the
lasso penaltyA”@+ ymaking t sufficiently small will cause some of the coefficients
to be exactly zero, and thus the lasso model uses a method of continuous subset
selection, and translates each coeffididry a constant factor fruncating at zero.

This is known as “sethresholding. (Hastie, Tibshirani and Jerome, 2009)
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Selection of Alpha parameter
2.5.9.1 Coordinate descent

Coordinate descent is an optimization algorithm based on the idea that multivariate
functions can be minimized by minimizing it along one direction at a tssentially,

a line search is performed along one coordinate direction at each point in an iterative
fashion. Different coordinate directions are applied cyclically throughout the

procedure.

Beginning at an initial guessl, for a local minimum of F, using a sequence
15, 15, T7...and performing a line search in each iteration will yidie) 5, T7,
((Ty T5 Ty

With round k+1 defining,7°>% from TP by iteratively solving the single variable

optimization problems:

T57°= argmin § 875 ..., To2Y, Ths..., T) UD4 (2.46)

For each variablélpof T for Erom 1 to J

HGURE29: COORDINATDESCENT PATH ILLUSTIRA
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2.5.9.2 Akaike information criteriofAIC)

The Akaike information criterioprovides a measure of the relative quality of a
statistical model for a given set of data. Given a collection of models available to fit
the data, AIC gives an estimate of the quality of each model relative to each other
thus providing a means of edel ®lection. The AIC gives a representation of the
relative balance of goodness of fit of the model and the complexity of the model. It
does not tell us anything about the quality of the model in an absolute sense, and is
therefore best used to differentiate between the performanafevarious numerical

models.AIC can be used to determine the optimal Alpha value for a model.

#9= 2GF2In(§ (2.47)

2.5.9.3 Bayes information criterio(BIC)

The Bayes information criterion, also known as the Schwarz criterion, is another
criterion that can be used to choose among a finite set of models. It is based on the
Likelihood function and thus is a similar approach to the AIC. Both AIC and BIC aim to
resolve the problem of werfitting by introducing a penalty term to the number of

parameters in the model. This penalty term is larger in BIC than in AIC.

$+% In(J) GF2In(9 (2.48)

2.5.9.4 LeastAngleRegression (LARS)

LeastAngle regression is an algorithior fitting linear regression models to high
dimensional data. LARS used when a response variable is expected to be
determined by a linear combination of a subset of potential covariates. The LARS
algorithm is used as a means of producing an estimate of the variables to include, as
well as their coefficients. The LASSution consists of a curve denoting the solution

for each value of the L1 norm of the parameter vector. It is similar to forward
stepwise regression, but estimated parameters are increased in a direction
equiangular to their correlation with the residual. The LAREhod is advantageous

as it produces a full, piecewise linear solution path, which is highly useful in cross
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validationfor attempting to tune the model. It is also easily modifiable to produce
solutions for the Lasso estimator.

Literature Review Summary
This literature review has coved the Wave Data aurces that will be used
throughout this thesis to perform an analysis of wave conditions on the West Coast
of Ireland. These data sources will be also be used as case studies to investigate novel
data and metocean analysis methods (used in addition to those in Se&8pthat
are developed in this thesis; additionally including an introduction to the novel
Machine Learning methods which will be developed in Chept€his review details
some of the standards for the assessment of Marine Renewable Emectpding the

newly-formed IEETS for Wave Resource Characterisation, which will be

implemented in a firsbf-kind case studin Chapte. Commented [AB6]:

review chapter?
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Machine Learning Applied to Wave Parameters

Introduction
Wave Parameter relationships have long been determined using methods that give

non-standard and often inaccurate results. With increased commercial activity in the
marine sector, the importance of accurate wave parameter relationship
determination has become increasingly apparent. The outputs of many numerical
models and buoy datasets dotiaclude all requisite wave parameters, and a typical
approach may be to use a constant conversion factor or relationship based on
defined spectra, such as the Bretschneider or JONSWAP spectrum, to determine

these parameters.

Given that relationships between wave parameters vary significantly over both short
scales (hourly) and longer scales (seasonal and annual variation), the currently

employed methods are lacking, as subtleties are missed by the simpler approach.

The work m this Chapteraddresses the determination of wave parameter
relationships using a Machine Learning (ML) based model, and aiiahsntiify and
select the optimal method for the conversion of wave parametegs Tdh) in coastal

Irish Waters. This approach is then validated at two sites on the West Coast of

Ireland.

It is the aim of this work to highlight the utility of ML in determinthg relationship
between wave parameters; using both buoy and modelled data, and mapping the
predicted outcomes for a Wavenergy Converter (WEC) based on a variety of ML

and Measure Correlate Predict (MCP) approaches.

There are a number of specific issues to tackle that ML can help with in the context

of the overall goal for this thesis; namely:

x Conversion of di period to T for accurate energy production estimates using
modelled data from the Killard Point and Belmullet sites.

x Conversion of di to Toz to better facilitate comparison of numerical models
with recorded data.

x Calibration of modelled data to fit site conditioris. this case, taking three

Killard Point buoy deployments and the concurrent output of the MIKE21
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model and using machine learning to alter the MIKE21 model outputs to
better represent the conditions at the site.
Machine Learning

This work is motivated bthe desire to improve the accuracy of energy production
estimates for the marine renewables industry. It is common industry practice to use
modelled hindcast data to extend the utility of measured data at the site, or in cases
where no proper data measumgent campaign has taken place (Gallagkeral.,
2016) Despite the availability of online datasetsvedive conditions such as IOWAGA
(Raste and Ardhuin, 2013and NOAA (Tolman, 2002YyAVEWATCH Il derived
modelswhich cover large swathes of the globe, there remains a lack of high temporal
and spatial resoliion data suitable for studying the nearshore environment in which
many wave energy converters will be deployed (Hughes and Heap, .21i8)
paucity of quality wave data, particularly spectral data containing detailed
information on wave parameter relationships, necessitates theoretical assumptions
to infer some of the required parametef§lackay, Bahaj and @kenor, 2010a)This
approach can result in inaccuracies if the results are not correctly calibrated to the
actual conditions at the site, or are based on fixed conversion factors which are not
representative of the local wave conditions. Additiondity,particular wave models,
such as the MIKE21 SW spectral wave module (Danish Hydraulic Institute,tR815)
output of wave parameters does not incluttee Energy Period ¢) which, alogwith
Significant Wave Height {His usedin determining the incident wavenergyand
thus the potentialoutput of a WEC device. Other models suffer from similar
shortcomings, often owing to a reduced range of output parameters as an effort to
decrease cmputation time. A chief motivation of the creation of the ML model
developed in this work is to generate an accuras@drameter estimate from other

available parameters, ultimately to improve the estimate of energy production.

Inaccurate Wave Period Ratios (WPRs) are a problem that has been highlighted by
the work of Cabhill in(Cahill, 2014)where he has showrhat standard WPR
relationships derived from the Bretschneider Spectruravér been calculated
incorrectly,but stillused in studies to determine available energy resoReikard,

2009), (Dalton, Alcorn and Lewis, 201@)cluding the production of the Accessible
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Wave Energy Resource Atlas (Sustainable Energy Authority Ireland, ESBI and Marine
Institute, 2005) Furthermore, adopting a cotemt wave period ratio approach,
where the ratio is derived based on short duration trials of just a number of weeks

to months, can cause significant skew in the results due to seasonal variability in
wave parameters and general variation in the parameterer shorter timescales.

The outcome of this impacts the value of the resulting wave parameters, which has

a knocken effect on the prediction of device energy production.

The work done in this section will allow for more accurate use of Modelled and Buoy
data (such as from the Mike21 model ortMoys maintained by Marine Institute
Ireland) It will display this accuracy by means of a reattd scenario using buoy
data and the characteristic power matrix of a real wave energy converter, displaying
the improvement in prediction accuracy of energy production using a ML based

approach.

Making use of straightforward method of utilising ML, suchtas Least Absolute
Shrinkage and Selection OperatbASSYTibshirani, 1996}his work demonstrates

how the prediction of wave parameter relationshipan be improved.

The work in this chapter will further show the required duration to train a machine
learning model to accuraty predict WPRs, informing the duration of deployment
campaign required to produce accurate estimates of energy resource. With
validation across multiple sites on the West Coast of Ireland, this will give confidence
to end users that the summary statistiproduced via the measurement campaign

will be of real value to the project.

Background and Development
Section2.5 of this thesis deals with a broad introduction to the field of Machine

Learning, however a specific definition which explains the motivation behind its

application to this particular problem is now provided:

Machine Learning is a field of computer science that evolved from the study of
pattern recognition and computational learning theorgs used in artificial
intelligence. Machinéearning has recently seen a rise in popularity, and has come to
prominence with speech and handwriting recognitiomnline recommendation

systems, fraud detection and morghich areall now commonplace(Jordan and
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Mitchell, 2015) The field covers the study and construction of algorithms which allow
the user to learn from and make predictions on data. The unique aspect lies in the
construction of the models. In place of static values and programming instructions;
ML models "learnfrom example inpw in order to make datdriven predictions or
decisions(Marsland, 2015)The two primary types of learning are supervised and
unsupervised learningln supervised learning, the computer is provided with
exampleinputs and their desired outputs, and learns a general rule that maps inputs
to outputs. In unsupervised learning, no labels are given to the learning algorithm,
and the model is left to determine the structure and relationships within the data
itself. Asan example, this approach could be used to determine whether or not a
relationship exists between wave parameters such as a&hd T, at extreme wave
conditions, or for the purposes of this woitan determine the precise WPRBtween

Te and To1 at a giversite. These Machine Learnintethods invoke techniques from
linear regression and weighted models, to classification algorithms that can learn to
classify based on test valmediction pairs.The utility offered by ML is relatively
unparalleled, with thecapability for computationally efficient, highly accurate,

tailored results that learn based on the conditions of the particular site being studied.

Machine Learnings a WPR estimator
The results presented here will show a Machine Learning approach based on the

Lasso Model (Tibshirani, 199 d show its utility in the field of renewable energy.
ML has been used in similar fields before: A ML approach has been adopted in solar
energy prediction (Sharmat al, 2011) weather forecasting (Let al, 2015)
optimisation of the positionin@f Wave Energy Converters (Sarkar and Dias, 2015)
to reconstuct Hs from adjacent buoys with a hybrid genetic algorithmef@&ndreet

al., 2015) and these models have been applied to Marine Renewable Energy, making
use of neural networks to estimate wave parameters (Agrawal and Deo,.2D04)
broader scale, théML work in this work has been inspired by (Cuagiral., 2016)
(Fernandeet al,, 2015) the latter of whid used Atrtificial Neural Networks to predict
significant wave height at an offshore site on the east coast of India. Here, ML will be
used to estimate the relationship between two wave parametesgEhergy Period)

and To1 (Mean Period)specifically coridering the case of the conversion between

these parameters for measured buoy datasets off the west coast of Ireland.
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Existing Approaches
To date, the most commonly used approach for determining the WPR has been to

use the ratio suggested by the distriboni of energy in the seapectrum, for which

many empirical models exist; such as the Bretschneider or JONSpé&RuB).

Ratios relating the WPR have been derived for these in many previous works, and
their use is common throughout the industry. Howevexegi that any real sea will

not correspond perfectly to one of these generalized spectra, this approach will
introduce inaccuracies, as shovim (Cahill, 2014)For Atlantic Seas ofh¢ West

Coast of Ireland, the WPR is typically higher than these theoretical relationships. The
work has also produced up- date estimates for the conversion of wave period
parameters, using Average Annual Values of WPR in real sea states. A comparison
will be made to the constant wave period ratio approach in this work, as well as the

derivation and use of theeT Toz ratio based on the Bretschneider Spectrum.

Approach Taken
The determination of wave energy resource in locations with a lack of real wave

measurements necessitates assumptions of the relationship between certain wave
parameters. Measurements of wave resource in Ireland, such as those provided by
the M-Buoy netwok maintained by the Marine Institute (Marine Institute, 2015)
provide values for average zeooossing period @Tor To2); however, wave energy
resource assessment frequentlglies on additional parameters such as peak period
(Tp), mean spectral period ¢1) and energy period €J. Conversely, the wave period
information output from numericamodelling such as thatletailed in Chapteb,
includes only d1 and Tp wave period information. In these models the outputs are
constrained due to the time and processing cost of producing the full spectral
formulation output necessary to obtainoa and Te information. Furthermore,
determining these parameters for the entire hindcast in the case of the modelling
undertaken in this work would have added significant complexity and delays to the
commercial project. In order to fully assess the condgi@t the site according to
industry standards, and to produce reliable estimates for power production in

particular; additional wave parameters, such asdnd Te, are necessary.

In this work, a number of different methods will be applied in the deteation of

the wave parameter relationships. These include
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x “Direct division” approach which simply provides the average WPR between
two wave period parameters.

x Approach whereby Th&/PRsT2(To2) : Tor and Te : Tor Will be derived based
on the Bretschneider Spectrum via the method of computation of spectral
moments suggested by (Tucker and Pitt, 2001)

X An increased fidelity method will be used whereby the WPR is determined
across a combination ofaveheight and griod conditions, and this applied
as a “mask” to convert period values according to their wave height and
period.

x A Machine Learning modevhichwill be established and trialled to examine
the value it willoffer in the conversion of wave parameters in the conteft
the estimated power produced by a WBGwer matrix combined with the
values of ko and Te derived through these methodhis model will usa
LASSQOnethod linear regression with fold crossvalidation to train the
model, and a number of alternativeapameter selections and approaches will
be trialled to unearth the optimally performing model configuration for this

specific implementation. Commented [AB7]:  Updated to include all the required
information in one go, and negate the need for further explanatior
. . . of the methods later.
Each method has distinct advantages and drawbacks in terms of effort, complexity,

time cost and accuracy, and these will be explored in detail. For the above methods,
there follows a pattern of increasing accuracy and reduced uncertainty, accompanied
by an increase in complexity and time cost; with an arithmetic averagthod
offering a base point of acceptableairacy, andArtificial Neural Networks/ML
offering unparalleled accuracy at the expense of an increase in implementation time

and complexity for the analyst.

A new method for determiimg wave parameters from associated wave parameters

is developed in thishapter that provides vastly improved performance compared to

existing methods.The importance of accuracy in these determinations will be | Commented [ABS]: Rephrased to highlight that a new methoc
has been developed that is superior

highlighted through a power production comparison which shows the effect of

increasing accuracy upon the powepgduction estimates.

Section3.3and 3.4 detail the development and application of the Machine Learning

(ML) model via two test cases, which take place at two distinct sites; the Atlantic
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Marine Energy Test site near Belmull&@e$t Case 1)and the Killard Point site in
County Claré¢Test Case 2)

Test Case 1

Belmullet Introduction
The Atlantic Marine Energy Test Site (AMETS) is currently under development by the

Sustainable Energy Authority of Ireland (SEAI) near Belmullet, Co. Mayo on the West
Coast of Ireland. AMETS offers a harsh, engafywave climate that is typical of
exposel, Atlantic facing sites in Ireland. The data used to test this approach has been
obtained from records for Belmullet “Berth A”, monitored by a Waverider buoy
positioned at Latitude: 54.284T7bngitude-10.2703° The Berth Auoy is positioned

at the 100mdepth contour.The data spans the period 01/09/2012 to 16/10/2014,
containing 34564 data points at hdiburly intervals. Some 20 parameters are
included in the output of the Waverider buoys flas been generated for the spectral

record using the relatioship:

6= —— (3.1)

Where,

Tawz= §I ?5W5

m.1 =-1th Spectral moment

my = Bt Spectral moment
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FHGURE30: LAYOUT OF THETLANTIMARINEENERGWESTSTE(IMAGECOURTESY GEAI)

Model development for Belmullet
The work in this chapter is motivated by the desire to improve estimates of wave

parameters from limited datasetsvith the overarching goal of improving energy
production estimates for Marine Renewable Ege projects. The development of
these novel methods for estimating wave parameters using a Machine Learning
approach will focus on sites on the West Coast of Ireland, which represent an
enormously energetic environmetiat has huge potential for the development of
Marine Renewable Energy projeciEhese sitesvill require accurate predictions of
energy production as part of their bid to achieve bankability, and the development

of a Machine Learning model is a crucial step in providing this level of accuracy. Commented [AB9]: ~ Removed confusing forward anddiavard
references, and strengthened the case for the need for these type
. . . . . o . of models.
WPR is not a linear relationship across all ste#es or over time. While it is possible

to generalize the behaviour of the WPR across sea states, it is difficult to capture all
of the variability and the influencef @additional parameters such as wave direction
using traditional approaches. To combat this, twadWline Learning approaches
have been developed to map the relationship between wave parameters at Irish
stes, and to enhance the prediction of associated ez@arameters given a limited
dataset. This work is primarily concerned with the conversion betwieenToz, Tp

andTe periods, but it is expectethat the utility of the model developed will extend

to adding certainty to the prediction of fdx/Hs ratio for the purposes of extreme

Hmax prediction. It is, ultimately, the aim of this work to highlight the utility of
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Machine Learning in approximating the relationship between wave parameters;
using both buoy and modelled data, and mapping the predicted outcdares WEC

based on a variety of Machine Learning and MCP approaches.

Making use of the data provided by the Marine Institute for Belmullet Berth A, which
is representative of conditions off the We3tast of Ireland, serves as a test case for
the use of MichineLearning based approaches for Renewable Eneeggldpers.
Before application to the more limitemh-time Killard Point boy dataset at three

deployment locations is used in the context of the WestWave development.

Determination of &
The following outlines the method by which the period parameter has been

determined. Te was determined via foudistinct methodsoutlined previously in
Section3.2.4.

To ensue a fair and consistent approach from which real conclusions can be drawn,
every effort has been made to implement bgstictice data analysis and statistical
analysis methods. Each approach will include a training/test split, with multiple tests,
to detemine the level of training data required to accurately predict the relationship.
This approach will also be used to see how using a constant WPR compares to the

ML model developed.

The accuracy of the model is to be determined using as standard suitatistisal
methods common to both this field of computer science and engineering research in
this field, those being Mean Average ErrbtAB, Mean Square ErrofMSH, Root
Mean Square ErroRMSE Cross€orrelation of varianceRcor) and Scatter Index

Q).

Pythonscikitlearn Workflow
The programmatic approach to the Machine Learning model development is complex

and covers a large codebase of several thousand lines of code (LOC), and thus is not
presented directlyInstead, the key elements of the code are illustrated below, with
a granular version of the Python scikétarn workflow providel in lieu of detailing

the full code base:

Progranmatic method
1. Import required dependencies
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9.

Read Prepared CSV database

Get an overview of the data

Describe the dataset

Feature selection

Get feature values and target values into separate numpy arrays

Plot the learning curve to demonstrate amount of data required
Perform Model selection. Choose betwe@rdinary Least Squard©L$,
Least Absolute Shrinkage and $&ten Operator Lasso) RidgeRegression
KNearest Neighbours (KNNby performing 1€fold crossvalidation using
Mean Square Error as the scoring metric

Report model performance and choose model based on needs

10. Run the final model using a train/test split

Some specific adaptations pertaining to the Belmullet site were conducted as follows

X X X X X

Belmullet Data extracted for 2012014 from .his files.
Data records processed to correct format.
Model run and optimalearning rate(alpha determined for Belmullet.

Holdout ratio effect on training score and cross validation score determined.

Model input parameters altered from the basic sets(Hi) to (Hs, T, Tp,

PeakDir) to test the accuracy increase in prediction by adding additional

parameters to the prediction

x Lasso Model, CWPR model and BRET model run.

x Training time determined, including the seasonal variability in training time

for the model

X Model run multiple times to ensure consistency and accuracy.
X Results compared to CWPR and BRET.

Two models, a Constant Wave Period Ratio (henceforth CWPR) determination and a
Bretschneider Spectrum derived ratio (BRET), form the basis of industry best

practice. The tw main alternative approaches to the ML model will be detailed here,

Comparison of models

along with a derivation of theoI: To2 and the E: Toz ratio from the Bretschneider

Spectrum.

3.3.6.1 Constant Wave Period Ratio

The Constant Wave Period Rati€WPR)model is the most basic form of linear

model, which takes the average ratibthe desired period to another periodir-this

case T: To1, and uses thisatio to transform the existingalueto the desired period

type for unseen data
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This is performed as follows:

‘(&

2T (8T 32

olr

i
.

Where,

Te = Energy Period (S)

To1 = Mean Period (derived by method of spectral moments)

N = Number of datapoints

i = datapoint index

3.3.6.1.1 To/To2

In order to obtain an estimate ofod which corresponded to that of thtIKE21
model data, it was necessary to determine the relationship betwegraid To2. As

an initial approach, this was determined empirically by determining the arithmetic
ratio between b1 and To2 from the historyof spectral parameters in the buoy data
obtained during threeseparate deployments at Killard Point. The archived values of

summary statistics were used to obtain the arithmetic WPR in the recorded data
with the same CWPR approach as 3.3.6.1

¢
i
5

—~
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3.3.6.2 Bretschneider derived approach

The WPR can also be derived for theetBchneider Sectrum by introducing a
}veS§ v8U r 8} B % E& ¢ vS SZ & o0 S]}veZ]%o SA v §z

period contained within the deployment records.

3.3.6.2.1 To/To2Derivation

Using the method of spectral moments, a derivation using the formulatibthe

spectral moments for the Bretschneider Spectrum was used to formulate a constant

wave period relationship factor forf To2. The relationship betweenfand To2 was

derived for the Bretschneider Spectrum as follows:
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Tor L &To2 (3.4)

Rewritten in terms of spectral moments, this relationship becomes:

|

=

| 4
l's

e (35)
Squaring both sides gives:
1,5 14
T8 T, (36)
Which simplifies to:
ta_ =°

The spectral moments can be generatiedterms of A and B using the following
formula based on the approach outlined in (Tucker and Pitt, 20@hgre A and B

are dependent on the modal frequencym and the variance of the spectrumd#

*> as follows:
5 X8
$= 7 (3.8
#=4P% (3.9)
_1 d25, J
| 4= 2 B BF @AC (3.10)
Giving:
—f % 0443 = =°
0.0938534— (3.11)
$8
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= %= 1.180032 (3.12)

= = 1.086293 (3.13)

Tor= 1.086293Toz (3.14)

The relationship derived forT To2for the Bretschneider Spectrum gives an average
relationship of 1.086, versus 1.134 based on the arithmetic average method of
determining this ratio. This variation occurs due to the both the seasonal bias in the
recorded data, and the deviation frometBretschneider Spectrum in the recorded

data which is explored in greater detail@haptero.

3.36.22 Te/To1 Derivation

The relationship betweenesBnd 1 was derived for the Bretschneider spectrum as

follows:

Te= 5.Tor (3.15)
Rewritten in terms of spectral moments, this relationship becomes:
los5_ _ g4
I, "1 (3.16)

We can generate the spectral moments in terms of A and B, again following the
approach of (Tucker and Pitt, 20G)d the derived equation8() - (3.10), Giving:

0.2266—#7 _ #
8 _ ™ 4
5 - 4% (3.17)
# #
75 0.30635—
8
0.0694189#°  #°
$6 - T™» 16 $6 (318)
=,=1.1107 (3.19)
Resulting in:
Te=1.1107T1 (3.20)
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The E:Toiratio derived is slightly greater than theio2 ratio. This wave period ratio
is applied as a linear transform to the predictor value in the same fashion as the

CWPRnethodto obtain the energy period.

3.3.6.3 Lasso Model
The Lasso (Least Absolute Shrinkage and Selection Operator) model is a shrinkage
method regression analysis that was created with the aim of combining the
favourable aspects of ridge regression and subset selection. It performs both variable
sdection and regularization to improve the prediction accuracy and interoperability
of the statistical models it produces (Tibshirani, 1996)its simplest terms, this
regularisation is a tuning of the level of model complexity so that the model is better
at predicting, and avoids overfitting or underfitting which would result in inaccurate
predictions. Lasso was originally formulated for least squares models, which informs
a substantial amount of the behaviour of the estimator. The Lasso model is the
primary ML model used to make predictions in this work. The Lasso estimate is
defined by:

| a

fasso = argmin. | (UE > FI T>)° (3.21)
9@ Y@b

n

subjectto | &y+QP (3.22)
has

Where,

8is the Lassestimate

U B8 the predicted value

Tythe predictor

>, the intercept value

>the coefficient for the predictor

t (>> 0) the standard tuning parameter
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The constant>, can be reparameterized by standardizing the predictors. The

solution for & is (Jand a model can therefore be fit without an intercept. Because

of the nature of he constraint of the Lasgpenalty A{‘@+>w making t sufficiently

small will cause some of the coefficients to be exactly zero, and thus therhadsd

uses a method of continuous subset selection, and translates each coefficient by a
}ve§ v§ ( (BpSGEe,, Tibshirani and Jerome, 200Bhis behaviour of the Lasso

model provides a balance of Bias and Mean Square Error (MSE) with computation

time when a large number of input parameters are used.

Computing the Lasso solution is a quadratic programming problem, for which a
number of efficént algorithms exist. Various options and their respective merits will

be discussed in this chapter.

Determination of gusingLassdasedmethod
The determination of the relationship betweenr @nd T utilising the ML mdel

requires a number of steps to complete the initial setup. The dataset of wave
parameters is first imported and pigrocessed. Some preliminary feature selection
occurs, using domain specific knowledge to ensure that the parameters used are
valid, free from errors, anddditionally, are typical of the parameters which will be
available when the model is in use for its ultimate application. This process includes
the removal of the predictant value and its subsequent assignment to a separate
array, such that the model has ngpaiori knowledge of the correct “guess,” for the
parameter value. Model selection is then performed via cradglated error
estimation, using Mean Square Error as the metric of assessment in determining the
optimal model and alpha parameter. Repeated holdout tegti® then performed

with the selected models to ensure an unbiased determination of the model accuracy
across the dataset. The final model is then used to predict élvallie for an unseen
portion of the dataset and these results are used to determine additional error
metrics, as well as the power production accuracy when using the data produced by

the models.

The accuracy of the model is determined using Mean Absolute BYWAE)( Mean
Square ErrorNISH, Root Mean Square ErroRMSE R correlation coef€ient (Reorr),
and Scatter IndefS).
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Method of Alpha Selection
A number of methods exist to determine the optimal alpha paramégetuning

hyperparameter which controls the degree of regularisatifam)the model, and we
search for the parameter which successfully minimizes the L1 norm, providing the
best fitting model for the dataset. These methods include Akaike and Bayes
information criterion to determine the relative accuracy of the proposed nsdend
coordinate descent and LARS (Least Angle Regression) which are more specifically
applicable to the Lasso modelhe Akaike and Bayes information criterion
approaches rely on correct estimation of degrees of freedom. It is also necessary that
the daa be derived from a large sample. Further, these approaches require that the
data is actually generated by the model, and the information criterion based
approach tends to fall over for poorly conditioned problems. The Akaike and Bayes
information criterion are examined below. Only the Bayes information criterion

manages to select an alpha value for the problem which minimises error.

HGURE31: AICANDBICUSED TO SELECT @RI VALUE OF REGULARTION PARAMETER OF
LASSCESTIMAT®
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The Akaike InformatioCriterion based model selection is extremely quick, reaching
alpha value stability after only 0.033s. The Bayes Informalicterion approach,
however, fails to produce an estimatand ttus is not visible ifigure31. Ultimately,
it will be shownthat there are simpler and more effective methods of selecting the

optimal alpha value for this analysis.

FGURE32: COORDIMTE DESCENT ESTINON OF ALPHA PARAMRTEORASSO MODEL
Coordinate descent computes the path points on a-gpecified grid, and is thus
more efficient if the number of grid points is smaller than the number of kinks in the
path. This approach is typitglused in cases where the number of features is very
large. For the Lasso model at the Belmullet site, the MSE of the model rapidly reduces
across all folds as alpha value decreases. Particularly apparent in the plot is that the
MSE is hugely different azss the folds initially; highlighting the value in repeated
crossfold validation. The mean square error is effectively minimized in this case for (

log) alpha values above 4.5.
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FGURE33: LARSELETON OF OPTIMAL ALRRARAMETER

For this case, the LARS method provides a quicker approximation of the alpha value
than the coordinate descent approach. Given its similarity to the Lasso model, the
LARS approach is most applicable to the determinatfaihe alpha value for use

a Lasso model.

Despite the variety of options for the selection of the alpha parameter, there is a
need to have an automatable, repeatable and transparent metric by which to assess
the best regularization of the model. To implement this in an achievalay, the
selection of alpha parameters has ultimately been made using repeated holdout for

regression and training the model to minimize the MSE parameter.

Parameter Selection
Typically, in the formation of thBIL model,feature selection would be leftrdirely

to results of the repeated testing. Howevethe need to manually intervene and
select parameters arises when there ineedto have a generally applicable model
which will have a known subset of input parameters which have been determined to
be mportant apriori. In this case thgparametersthat will typicallybe available are

known, as well as which of these are likely to influence the prediction of energy
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period. Preliminary parameter selection was performed by means of Lasso path
analysis,which wasrun on the entire dataset. This analysis allowed a thorough

examination of the parameters which affected the prediction of T

HGURE34: LASSO PATH COEFFICIENT ANALYSBEE®IRLLET DATASET

Figure34 shows the Lasso coefficients for a reduced subset of the most commonly

available parameters, as the standardized tuning parame)er—z\gfé—\.(js varied. At s

= 1(righthandside of xaxis h Figure34), theseare least squares estimateand
moving left on the plot indicates a reduction of the coefficieriii;which decrease

§} 1 o < W | Xsteg it &éntifi€s] e «variable most correlated with the
response. Leastingle Regressionthen moves the coefficient of this variable
continuously toward its least squares valoé error. Additional parameters are
introduced as indicated by the vertical dashed lines along th&ix As soon as
another variable equals the existing variable in terms of correlation with the residual,
the second variable then joins the active set and their coefficients are moved
together in a way that keeps their correlatioied and decreasing. This process is

continued until all the variables are in the model, and ends at the full kegsires
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fit. ThisLassgpath analysis helps to identify the parameters which have the greatest

influence on producing an accurate predicti

T1 and T have the highest influence as coefficients throughout the range of tuning
parameters, while the influence ofrld  }u ¢ %0 % E vS }voC =« « W iX
vertical lines denote the introduction of new parameters to the model. The
identification of parameters with a high influence on the predicted value is merely
one aspect of the selection of parameters. Domain expertise must be utilized to
ensure that the results are useful and applicable to real world scenarios in which the
model would see deplyment.The utilization of a limited set of parameters informed

by domain expertise in this fashion allows the selection of a smaller number of
parameters which will typically be sufficient to get satisfactory results, while lowering
the computational reqgirements for wave models producing this daféhe results

are summarisedn Table3 below. Note that the Bretschneider and Constant Wave
Period methods continue to rely on a single parameter relationship and are thusly
not affected by the parameter selection ongoing in the ML model. However, given
that the dataset which is used for testing is randomly assigned, the values vary with
each repeated holdout test. Thesult of each analysis type has been included for
each parameter selection to ensure that no large discrepanpyedictability of the
dataset existslt can be seen, however, that the results are quite repeatable despite

the varying partitioning and random selection of elements from the dataset.

TABLE3: MEAN SQUAREERRORFOR REPEATEHOLDOUTANALYSIS OF PREDICTORS
FEATUREBELECTION FOR ANAISYSTBELMULLET

Model Parameter Selection for ML Model
T1 Ho, To |Hs, To, To|Hs, T, T, D

ML ]0.13006 0.13037 0.06341| 0.06385

CWPH 0.15194 0.15107 0.15300| 0.15089

BRET|0.315570.31424 0.31701| 0.31453

Using Talone as a predictor results in a MSE of 0.13. This improves upon the
performance of the CWPR and BRET models. The additioyasfa-predictor does

not produce a significant benefit in terms of M$towever, based on theassgath
analysis in Figurd4 there is a suggestion that the benefit to the inclusion efdt

prediction appears at greater sH/alues/coefficiat values, with K negatively
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correlated with the predicted efvalue; suggestive of a physical limisuch as the
limiting wave steepness, whereby the importance efdt the prediction increases

for increasing H

The addition of Jwas found to providesignificant benefit to the prediction ofeT
values, in this case resulting in a M8H.06341 for the ML model, 50% less than

that of model using onlyT

No significant benefit was derived from the addition of peak direction as a predictor.
However, thd_asso path analysis shows that the influence of the parameter is almost
immediately removed from the prediction and thus has no negative bearing on the
MSEof the T estimate.

Therefore, the determination of the parameter selection is that H, T, and B
should be used where available to minimize mean squared error, and these wave

parameters represent a sufficient set upon which to generate an ML model.

Learning Curve: Analysis of required training time
To determine the time required to train the ML model, a learning curve analysis has

been performed. The learning curve displays the accuracy score of the model against
the number of training examples. The score is determined both for the direct analysis
of training data, and as an average of creabdated results across 10 data folds. This
method gives additional insight that allows us to see the rate of learning for data
which may be heterogeneous (training score) and for data that is more likely to be
discrete (croswsalidation score). This hagén performed across the entirety of the
dataset and additionally for a 10x restricted subset. There are two questions at play;
what is the required duration of data recording to achieve sufficient accuracy, and
what is the effect of seasonality and shbrioy deployments on the training of the

model?

The learning curve analysis will additionally inform the benefit that can be derived
from additional training data; and whether the estimator suffers more from variance
or Bias Error. Learning curve analydilsing the Naive Bayes classifier estimation is
shown for the Belmullet dataset in Figud® below. The training score and cress
validation scorecan both be clased as very goodThe shape of these curves is

typical of more complex datasetsthe training score is initially very high and
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decreases (as the likelihood of highly correlated data decreases), while the cross
validation score increases with increasiragal As the number of elements in each
fold of the cossvalidation array increase3 he high value to which both training and

testing data convergin this instancas indicative of good model fit.

FHGURE35: NAIVEBAYES CLASSIFIBRARNING CURVE FBRLMULLET DATANUMBER OF
CROS%0OLDS$10

A. TESTDATA SIZE FROMTO27652DATAPOINTS

B. TEST DATA SIA® TO250DATAPOINTS TO SIMAUIE LESS AVAILABERAINING DATA

Figure35b displays the naive Bayes classifier estimation for a reduced number of
samples, simulating a reduction in available training data. The primary effect is that
the variance in the training so® is increased, while the cresalidation initially
exhibits a lower score than in Figud&a. at 0.96; subsequently stabilising at 0.98

after approximately 60 training examples.

It appears that with crosgalidation, approximately 150 dataeints are sufficient to
appropriately validate the model to a cresgalidation training score >0.98. At half
hourly data collection interval for a Waverider buoy, this would a@wpe indicate

that an accurate approximation of WPRs could be obtained in as little as 75 hours of
data collection. However, it must be noted that this does not match with the

continuous recording duration that would be needed to achieve this fit. Intigc
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due to the natural clustering of correlated sea conditions, it is likely to take much

longer. In Section 3.3.1the impact of training the model on conseaudi data is

analysed through analysis of contiguous sections of data derived from each season.
Seasonal variability

The effect of seasonality in biasing the learning of the ML and other models is

important to quantify. The following table provides a breakdown of the respective

capture periods of the buoy deployments:

Start End
Season Start Date End Date Notes
No No
01/11/2012 31/01/2013
Winter | 2767 | 7000
00:21 9:21
) 01/02/2013 30/04/2013
Spring | 7001 | 10985
00:21 23:51
01/05/2013 31/07/2013
Summer| 10986 | 15224
00:21 23:33
01/08/2013 31/10/2013
Autumn | 15225 | 19321
00:04 22:03
Winter 01/11/2013 25/01/2014 Data gaps /
19322 | 22025 )
2 00:33 03:53 Timestep changes

TABLE4: DATARECORD DETAIBS SEASON F@ELMULLEBERTHA DATASET

The primary aim of this investigation is to determine the suitability of data gathered
in a single season for providing a prediction for the entire year/entire dataset. This
has a particular focus on data gathered solely during summer months, as many

deployment campaigns select this time due to ease of deployment and retrieval.

This analysis will be performed in a Leave One Out Sfalgation (LOOCV) fashion,
with the models’ calibrated based on data for a given season, then used to predict
the wave permdd relationship for the remaining data. This approach ensures that
prediction on the training data does not take place, which would artificially inflate
the estimate of model accuracy; and that there is no resulting bias to the accuracy

measures of the pmictions.
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Often, due to weather conditions, battery life, and access constraints, buoys are
deployed for a limited duration (Gorman, Bryan and Laing, 2@0®nget al.,, 2016)

It is important, therefore, to examine the changes in WPR across months and in
harsher and calmer conditions. The Belmullet dataset exhibited a differgrfe T
WPR for the Spring months in particular, with a ratio of 1.1865, it distances itself from
the other months whiclearry an average ratio of 1.163. Using a CWPR approach and
training using this data will thus clearly result in a large Bias error. A key advantage
of using an ML based model that is evident here is its ability to negate this issue by

adapting to the chaging conditions without additional user input.

The following work attempts to quantify the ability of the model to learn based on
limited training data for each season; with the primary aim of this investigation being
the determination of the suitability fodata which is gathered predominantly in a
single season for providing a prediction for the entire year. The four seasons are
independently analysed as if they were the sole source of training data to discern the
potential effect on MSE, Bias and Wave Period Ratio. This additionally allows for an
analysis of the model training time when using contiguous data, rather than random
crossvalidation segments which may be spread throughout the dataset. Prior to this
analysis it will be useful to examine the WPR variability at the Belmullet site by

season.

RGURE36: SEASONAITT1 WAVEPERIODRELATIONSHIP ABELMULLET
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Looking at the 95% confidence intervals; these being defined by the outer extents of
the blue lines at the top and botto of each box, there is clearly a greater degree of
variability in both the Spring and Summer data than for the Autumn and Winter

seasons. The effect of this variability will be investigated in the forthcoming analysis.

3.3.11.1 Winter

Beginning with an analysis ¢fie model behaviour when trained exclusively on
winter data, the model is used to predict thegeriod for the other three seasons of
available data. The ML model appears to perform very well, with low MSE and Bias
values, though an increase in Bias eri® found as a direct consequence of the

reduction in training data available.

TABLES: ERRORMETRICS FORINTERTRAINEDNAVEPERIODESTIMATIONVIODELS
Constant Wave Bretschneider

Machine
Metric ) Period Ratio Derived
Learning Model ] )
Model Relationship
Mean Square Erro 0.072% 0.15459 0.31084
Bias -0.36555 1.24945 1.55446

Given that the determination of the WPR by both the CWPR and BRET models is
based on a mostly constant factor, it is unsurprising that the Mean Square Error
metric does not suffer much in the seasonal LOOCV approach. The MSE for the
machine learning model worsens by approximately 0.01 versus using the entirety of
the dataset. The bias of the ML model remains low with the SLOOCV approach, while
the CWPR and BRHEnodels suffer more through inaccurate determination of the
WPR and spectral relationship. The WPR fofldhas been determined to be 1.1641

for the winter Months, which is in line with the yearly average value.
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HGURE37: WINTERTRAINEDLOOCV.EARNING CURVE FBELMULLET
The effect of the limited data capture duration is evident in the analysis of the winter
trained model, with larger uncertainty in the confidence of the model score (MSE

determination) when compared to traing on all months.

3.3.11.2 Spring

Next, the model was trained exclusively on spring buoy data, and subsequently
tested on the remainder of the data. For this case, the MSE error of the ML model is
relatively unchanged, while the Bias suffers significantly. FOEYW&R approach, the
MSE worsens from ~0.150 to 0.188, while the Bias improves slightly over the winter
trained result; to 1.118The advantage of the Machine Learning model is clear here,
as it is able to adapt to site specific conditions, and will be tbiapt to varying
conditions throughout the year, rather than relying on a fixed conversion fattaer.
Bretschneidetderived relationship approach sees a small decrease in MSE over both
the yearly (randomised) dataset selection and the wiritained data. The CWPR
value was determined to be 1.187 for the spring data, and the variation in this from
the yearly average value is likely the contributing factor in altering error metrics for

the two constant wave period ratio approaches. The Machine Learning model,
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meanwhile, likely suffers due to the lack of a diverse range of wave condiions
preventing it from learning the characteristics associated with the WPR at higher

wave conditions.

TABLEG: ERROR METRICS FORIEBTRAINED WME PERIOD ESTIMATIMINDELS

Machine Constant Wave | Bretschneider
Metric Learning Period Ratio Derived
Model Model Relationship
Mean Square Erro 0.07662 0.18800 0.28103
Bias -0.72630 1.11828 1.55446

FGURE38: SPRING TRAINHDOOCV.EARNING CURVE FBERLMULLET

The learning curve for the spring dataset is anomalous in that the training score is
particularly low. The confidence intervals for the creafidation score are very large,
possibly owing to wide variation in the relationship between wave parameters during
the spring portion of the dataset. The variability of the WPR, sedfigare 36

provides some explanation for the reduced performance of the model. The spring
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data has the widest confidence intervals, and contains a large number of outliers
occurring above the 1.3%TToz ratio. This effectively increases the difficulty for the
model in predicting the correct W The model score is low at ~0.8 at 75 training
examples, rising to just over 0.9 at 375 training examples. This season is the lowest
performing of all tested, and it indicates that Spring may be a poor time for buoy
deployment if the goal is to be able to predict the wave period relationships
throughout the year; with the caveat being that there is also a significant benefit to

other areas of site characterisation in capturing this variability information.

3.3.11.3 Summer

When trained during summer months, thesed moderate increase in the MSE of the
ML model over utilising the entire dataset. The Bias, however, is very significantly
reduced compared to training in any of the other seasons. The CWPR and
Bretschneider approaches perform in line with what has b&sen from training on

the entire dataset.

TABLE7: ERROR METRICS FOR SUMNIRRINED WAVE PERIESTIMATION MODELS

Machine Constant Wave | Bretschneider
Metric Learning Period Ratio Derived
Model Model Relationship
Mean Square Erro|  0.093790 0.157986 0.32986
Bias -0.127161 1.250567 1.55446

The Constant Wave Period Ratio value was determined to be 1.162 for the summer
dataset, which is in line with the average value exhibited at the Belmullet site

throughout the year.
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FHGURE39: SUMMER TRAINEDOOCVYEARNINGOURVE FOBELMULLET

The learning curve for Belmullet when trained on summer data exhibits wide
confidence intervals where a low number of training examples are used. This may be
attributable to gererally calm and benign conditions which do not exhibit much
variation in H, but bring with them a highly variable WRRypical of summer
months. The model does successfully achieve a sralgdation score in excess of 0.9
after 150200 training examplesshowing that an extended training duration is

capable of compensating for the increased variability in WPR.

3.3.11.4 Autumn

Training the model exclusively in autumn results in a very slight increase in MSE for
the ML model; while the Bias error result achievedisongst the lowest of all
seasonal training period options tested. The CWPR and Bretschneider derived
approaches also fall broadly in line with the error metrics when training is performed

on the entire dataset.
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TABLE3: ERRORMETRCS FORUTUMNTRAINED WAVE PERIBSTIMATION MODELS

Machine Constant Wave | Bretschneider
Metric Learning Period Ratio Derived
Model Model Relationship
Mean Square Error|  0.0828 0.1591 0.327R2
Bias -0.15632 1.252% 1.55446

The Constant Wave Period ratio value was determined to be 1.162 for the Autumn
Dataset, in line with the overall average of the entire dataset.

AGURE0: AUTUMNTRAINECLOOC\EARNINGURVE FOBELMULLET

The learning curve when using Autumn trainghgga shows very broad confidence
intervals for the CrosWalidation score, reaching below 0.40 for 75 training
examples. This rapidly improves as more training data is added, achieving an average
0.9 training score, with a lowdyeund confidence interval fo0.78 after just 150

training examples.
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3.3.11.5 Overview of seasonal effect

There is a significant variation in the model’s learning ability at the Belmullet site
based on the season from which data is obtained. Figurdisplays the learning
curve for the entirety of the seasonal data at Belmullet. Here, the learning curve data
has been truncated to 1/70of the dataset to better display the learning progsion.
There exists a significant difference in the training and evaigation scores across

all seasons used as training data examplétraining score for the winter dataset
peaks at 0.985, with a trough at 0.960. The cnesidation score increas from
0.945 at 75 datgoints to 0.950 at 150 datpoints and remains relatively stable
beyond this.Thetraining score for the spring period is high due to the relatively
changeable WPR. The crasgidation score improves consistently as more data

points are examined, reaching just above 0.900 at 375 test data points.

FHGURH1: LEARNINGOURVE FOBELMULLEEEASONADATA

The summer training score varies between 0.950 and 0.980 across 400 data points.
The croswalidation score stabilizes beyond 200 data points at a level of
approximately 0.930. Rather anomalously, the prediction accuracy of the model
when trained on the Awmn data is very high for the training dataset, while the
crossvalidation score is very low below 150 data points, and does not increase
markedly beyond 0.9. A plausible explanation for the effect of the WPR variability, as
well as the variety of conditions “seen” in the training data on the model’s predictive

ability have been discussed alongside the results for each individual season; with the
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broad consensus being that the winter months provide the best opportunity for

training the model to predict WRRhroughout the remainder of the year.

Error Assessment for Seasonal LOOCV approach
Through the Seasonal Lea@meOut Cross/alidation (SLOOCV) approach, we can

estimate the required duration of deployment to appropriately train a ML model for
wave parameter conversion. There are notable differences amongst the seasons
where learning time is concerned. The winter data stands out as providing the
quickest learning, while summer and autumn conversely display the worst results;
with low crossvalidation scoes. The frequent storm conditions, and greater variance

in conditions during winter, is thought to be instrumental in this rapid learning.
Additionally, it has been shown by (Cabhill, ZDand others that the relationship
between wave parameters becomes more defined and less variable in larger, fully
developed sestates; much as sea spectra such as the Piekéoskowitz rely

critically on the assumption of a fully developed sea.

TABLE9: MEAN SQUARE ERRORFOR LOOCVSEASONAL EVALUATIGN MODELS AT
BELMULLET

Seasonal Training Effect
Winter Spring | Summer| Autumn
mL |0.072950.07662 0.09379 0.08258

cwpd 0.15459 0.188000.15799 0.15919
sreT] 0.31084 0.28103 0.32986 0.32772

Model

TABLELO: BIASERRORFORSEASONALOOC\EVALUATION BBIASERROROF MODELS AT
BELMULLET

Seasonal LOOCV
Winter Spring | Summer | Autumn
ML 1-0.36555-0.72630 -0.12716 -0.15632

CWPH 1.24945| 1.11828| 1.25057| 1.25255
BRET| 1.55446| 1.55446| 1.55446| 1.55446

Model

The MSE and Bias Error are detailed above for each of the 3 models: ML, CWPR and
BRETTable9 displays MSE across all seasons. For the ML model, winter training
provides the best MSE at 0.073, while this worsens to 0.094 when the model is

trained on summer data only. For the CWPR nhodénter training resulted in an
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MSE of 0.155, while spring training resulted in an MSE of 0.188. The spring period
had a WPR of 1.187, which was significantly higher than the average of 1.163
throughout the remaining seasons; and this is likely to hawetributed to the
increased error. Tablg0 gives the Bias Error for each model across all seasons. The
bias for the CWPR and BRET models, based on a constant factor, remain relatively
consistent across all seasons, with little variation. The CWPR method, which
exhibited the poorest seasonal resirltspring, sees its best Bias Error result in spring,

at1.118.

Most notably, while there is little to separate the models given the MSE results
shown, the difference in Bias Error shown in Taldds considerably larger, and
displays a key advantage of the ML model. Bias of upwards of 1.5 seconds has the
potential to significantly impact the energy prediction accuracy of the model,
whereas the ML performs markedlytber than either the CWPR or BRET approaches
according to Bias Error, with the largest bias beth@2630 in spring.

Given that the determination of the WP/ both the CWPR and BRET models is
based on a mostly constant factor, it is unsurprising that MM&Emetric does not

suffer much in the seasonal LOOCYV approach. The bias of the ML model remains low
with the SLOOCYV approach, while the CWPR and BRET models suffer more through

inaccurate determination of the WPR and spectral relationship.

Prediction acgracy
To verify the analysis performed in the Sections above, the accuracy of the three

models when predicting on an unseen dataset has been characterised according to
MSE, RMSE, Bias, MAE, Max error &ediRelation coefficient. Below are the model
performance results after repeated cregalidation, utilising the entirety of the
unseen testing dataset, which represented 69data-points, corresponding to a
recording period of approximatel¥44 days. This served as an approximation of a

realworld implementation of the ML model.
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TABLEL1: MODEL ERROR COMPARIS®RBELMULLE(TES) DATASET

Max
Model MSE | RMSE| Bias MAE Rcorr
Error
ML 0.0641 | 0.2532| 0.0031 | 0.1889| 1.9482 | 0.9903
CWPR| 0.1536 | 0.3919| -0.0326| 0.2965| 2.751 | 0.9802

BRET | 0.3151| 0.5614| 0.4272| 0.4364 | 3.1551 | 0.9802

The ML model is superior in every tested error metric, providing more accurate
results than either the CWPR or BRET based approdatpsticular, the MSE metric

is adept at highlighting the improvement in accuracy that is possible using an ML
based approach. Where the ML model is trained for a sufficiently long period of time,

the bias in the prediction approaches 0. The MSE ach&vesy low value of 0.0641.

Prediction accuracy for energy production
The performance of the models was next evaluated in a typical Wave Energy

Development scenarjaundertaking a calculation of energy prediction using a device
power matrix in combinationwith the test data timeseries corrected by the
respective models. The actual power consumption determined using the correct
values of Tin the dataset was 6.46810°kWh, while the results using the 3 models

are displayed below.

The power production wadetermined using a device power matrix which specified

a power output for a given @gTe) Tuple according to the formula:

| 1
I 2D =51 *ay X Gy (3.23)

TABLEL2: MODELPREDICTION ACCURAESTIMATING MONTH ENERGY

Power Production | Power Production Error;  Power Production
Model (kwh) (kwh) Error (%)
ML 6.4775 x18 1.5743 x18 0.24
CWPR 6.1658 x18 -2.9597 x16 4.58
BRET 6.9535 x18 4.9174 x16 7.61
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For the test dataset, representing approximately 3500 hours of sea time, the ML
model had the lowestpower production error. This serves to highlight the
improvemens that can be made using the ML model that may not be made
immediately obvious by standard error metrics alone, and represents a significant
improvement in the ability to accurately characterise the energy production at the

Belmullet site.

Detailed comparison of model error
As a final examination of the prediction characteristics of the threedel

approaches, the performance of the thregodels wasxploredacross the range of
period test valuesln Figure47 & Figure48, A histogram of the occurrence of values
in each bin is present on the leftmostyis as a guide to the relative importance of
the accuracy of prediction at that test value. The Bias/SE of the maodelipies the

rightmost axis.

HGURE2: COMPARISON OMODEIBIASERRORACROSIESTPERIODVALUESHISTOGRAM
OVERLAIOREPRESENTING DATA AWBILITY FOR EACIN BF TEST VALUE
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HGURE 43: COMPARISONOF MODELSQUARE ERROR ACROBSST PERIOD VALUES
HISTOGRAM OVERLAIDPRESENTING DATA AMMBILITY FOR EACN BIF TEST VALUE

The Lasso model performs best across the entire range of test values, followed by
CWPR and BRET models. The divergence in agafrtite models as measured by
Square Error becomes particularly apparent beyond 14 seconds. Beyond 14 seconds,
the CWPR and BRET based models begin to perform poorly, whereas the Lasso model
maintains a significant advantage in all cases where sufficient data is available. The
BRET model exhibits high Bias Error throughout the range of test values,
demonstrating that the wave period relationship suggested by the Bretschneider

spectrum is not especially applicable to this location during this time period.

Test Case 2

Killard Point Introduction
To provide further validation for the model and prove the wider reach of its

applicability, the procedure documented above was repeated for the Killard Point
Site(Section2.1.1.3 in County Clare. Data was obtained through partnership with
ESB, and provided in the form of Waverider “.his” files, spanning the perietil-19
2011 to 304-2014 at three separate locations. The reésuf testing and validation

on deployment location 3 (situated at 52.774.at,-9.5865° Long) are presented
here. This dataset represents the longest unbroken deployment at the site, spanning
15-10-2013 to 3604-2014 (9286 datgoints at halfhourly intervals). Buoy data was

obtained, and preprocessing was performed to remove the influence of erroneous
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and missing values, and to provide a single cohesive dataset. In addition, the dataset
was synchronised with a 24 year hindcast dataset produced by BMISW model
which contains hourly output data. This resulted in an additional timestep occurring
each hour for the buoy data. This was produced using a standard linear interpolation

approach.

Similar to the Belmullet location, Killard Point faces thé finice of the Atlantic
Ocean. The buoy was located in-33m water depth, considerably shallower than
the placement of the Belmullet buoy. As a result of the seasonal distribution of the
buoy deployment, and the directional sheltering at the site, therage T period is
approximately 1.5 seconds higher for the duration of the Killard Point deployment,
with a greater standard deviation. The meamottondition for the Killard point
deployment was 3.6m, indicative of considerably more energetic conditi@rsthe

2.89m mean kKo at Belmullet.

Model Development
The model development process was more involved for the Killard Point site than the

approach taken for the Belmullet site in the work contained above. The key
differentiator in the approach was that ¢hBelmullet approach was performed-in
situ on a single dataset, whiatas subdivided using traistest sets and crosfold
validation to provide both the training data. For the Killard Point site, however, there
was an additional requirement to correct tfell hindcast dataset produced as part
of the modelling exercise in Chapt®r TheKillard point hindcast dataset does not
contain a Tor Te period, and it is therefore necessary to generate this information

by calibrating with the buoy dataset.

The additional requinments were therefore addressed by introducing a Thitage

model with the following workflow:

X The model generates aiTestimate from the MIKE2data, using the
relationship between Tand T derived by learning from concurrent buoy and
model data.

X An estimate of the equivalent buoyeTvalue is generated using all model
parameters available and the generatedvalues from the first step for the

model dataset, which has been synchronised with the available buoy data.
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x Teis predicted for the entire hindcast dataset using all model parameters with

the addition of the corrected modeh Thformation.

The result is a full hindcast dataset containingp€riod data which has been
corrected based on the buoy data available, appéFiod data for the entire hindcas
which has been corrected based on the model trained on the correciedTd

relationship at each of the deployments.

Parameter Selection
A number of input parameter combinations were trialled to determine the impact on

the accuracy of the model prediotis. These parameter combinations were primarily
selected based on an assessment of the most likely available wave data for a

Waverider or similar buoy deployment

TABLEL3: MEANSQUAREERROR ASSESSMENT KDRARDPOINT USINGIs, T1 PARAMETER

) Constant Wave | Bretschneider
Machine
Parameters Period Ratio Derived
Learning Model
Model Relationship
T 0.13006 0.15194 0.31557
Hs, T2 0.13037 0.15107 0.31424
Hs, 1, Tp 0.06341 0.15300 0.31701
Hs, T1, Tp, Dirp 0.06385 0.15089 0.31453

It is clear thatoth T: and T, areintegralto the ultimate accuracy in the prediction

of Te. Tp significantly improves the Mean Square Error in the predictioneofviiile

Hs does not significantly impact the prediction accuracy of the model as originally
expected. It is possible that in cases where limiting steepness is a factor thag the H
would provide additional information about the wave period relationship, but this is
not the case in general. Going forward, all typically available input parametgrs (H

Ti, Tp, Dify) are fed to the model to achieve the most accurate prediction.
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WPR analysis at Killard Point
An analysis of WPR was conducted at Killard Point to determine what differences, if

any, existed between the deployment locations and the effect of seasonality on the

WPR and its variability.

TABLEL4: TO1/TO2WAVEPERIODRATIO ATKILLARCPOINT DEPLOYMENTS

WPR by Deployment DL1 DL2 DL3 Al
Deployments
Min 1.0795| 1.0446| 1.0634 1.0446
Max 1.2259| 1.5356| 1.4329 1.5356
Average 1.1241} 1.1271| 1.1403 1.1338
Standard Deviation 0.0202| 0.0481| 0.0422 0.0433

Table 14 above shows some that noticeable differences exist in the wave period
relationships across each deployment location. To assist in processing the
significance of the variation between locat®rit is useful to know that the recording
time-periods differ for each of the deployment locat®nntroducing an additional

affect due toseasonal variation of wave conditions.

A seasonal bias is evident in the recordings. Despite the spectral parameter history
consisting of almost a full year of wave records, the deployments took place
predominantly during autumn, winter and early spring which typically represent the
most energéic conditions. While this represents an intelligent deployment selection
for the determination of accessibility, survivability and extreme wave survival for
wave energy devices at the site, it influences the variability of the conditions
experienced at th site and may have an impact on the relationship of WPR

determined. The Killard Poinegloyments covered the following time periods:

111



TABLELS: KILLARCPOINTBUOYDEPLOYMENT SUMMARYTBE.S

Deployment DL1 DL2 DL3 All Deployments
Start Date | 19/11/2011| 23/08/2012| 15/10/2013 -
End Date | 13/01/2012| 12/12/2012| 30/04/2014 -
Duration 1323.5 hrs| 2657.5hrs | 4742.5hrs 8723.5

No. of records| 2647 5315 9485 17447

Deployment location 1 covers a particularly energetic period from November to
January, Deployment Location 2; August to December, and Deployment Location 3;

October to end of April.

The maximum WPR varies significantly across the deployments, with DL1, which
experiences the most energetic wave conditienwith an average HmO of 4/fn

and a maximum of 11.42m, having a notably lower maximum WPR than Deployment
Location 2 and 3, with average HmO values of 2.42m and 3.46m respectively. This
trend is indicative of another physical limit of wave period ratio which occurs at
higher values of kb and Ty/Toz. It makes intuitive sense that there is less room for
variation at the upper extremes of wave height and period, but this will be further
investigated in Section 3.4.4 and the occurrence binned value approach to
determining WPRSection3.4.8).

The average WPR isdadly the same across each of the deployments, with a

minimum of 1.124 Maximum of 1.140, with a resultant average of4..13

The minimum WPR is also broadly similar, bounded atla6d 1.08Cor the lower
and upper limits respectively, with an averageass all deployments of 1.84This
indicates that there seems to be a physical “liinib the lower bound relationship

between the respective wave period parameters.

It was necessary to determine the/Toz relationship to provide an accurate estimate

of Te using the nodelled wave dataTo provide an initial estimate for thes/To1
relationship, the series of 17210 data points, covering the thdeployment
locations was analysed, dividing each successienffy by the correspondingo
entry. This resulted in an average WPR of 1.1762, with a minimum of 1.0668 and

maximum of 1.8276.
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This average WPR was used as a linear multiplier to produce an estimatiearh T

the Torrecord in the output of the Mike21 dataset.

TABLELG: Te/Tor WAVEPERIOMRATIQATKILLARPOINTDEPLOYMENTS

WPR by Deployment DL1 DL2 DL3 | All Deployments
Min 1.0939| 1.0706| 1.0668 1.0668
Max 1.3826| 1.8118| 1.8276 1.8276
Average 1.1577| 1.1858| 1.1760 1.1762
Standard Deviation| 0.0299| 0.0758| 0.068 0.0668

It is evident that the relationship betweene/To: differs from that of §1/To2 by
location. The highest average ratio occurs at DL2 §bfoll whereas the highest
average dy/Toz ratio occurs during the DL3 deployment. The variance is greater for
the Te/Toz relationship, with a greater maximum ratio betweeg T relative to the

average WPR present. This occustmotably for deployments 2 and 3.

Parameter Selection
As with the Belmullet site, many methods for determining the optimal parameter and

regularisation values were trialled at the Killard Point site. Based on the information
obtained during the Belmullet analysis, these were restricted to the more useful —

Least Absolute Regression and Shrinkage and LRatoanalysis.
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AGURE4: LEASTABSOLUTREGRESSION ANBIRINKAGPLOT FOKILLARIDPOINTTESTSTE
Analysis of the LARS path for the Killard Point site reveals that the majority of folds
converge to a low MSE value rapidly, being effectively minimizeldgfatpha) value

of 4.0 or above. Additionally, we see that one of the folds contains a path with 5
kinks, highlighting that certain parameters may have more predictive effecttaiice
conditions than others. This highlights the need to select and analyse multiple folds

when determining the optimal model complexity.
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AGURE5: LASSCPATHANALYSIS AKILLARCPOINT SITE

Figure45 above shows the Lassamefficients for a reduced subset of the most
commonly available parameters. It is evident that theparameter is tle strongest
predictor of E, while the peak direction parameter is also correlated with concurrent
Te value. As the standard tuning parametes,”™ equivalent to the ratio of the
coefficient to the maximum coefficient valugshown on the xaxis), which
represents the aggressiveness of the penalisation that is applied, tends towards 1,
the effect of Kh, suggestive of a physical limitation such as maximum wave
steepnesspn the prediction continues to increase, while the effect of Peiaédfion

begins to decrease.
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Learning Curve Analysis

FGURH6: LEARNINGOURVE AKILLARIPOINT. TEST SET RATIOS FRQ#TO1.0

Examining the Naive Bayes Classifier Learning curve analysis for KillardiRginein

46 above, it is evident that the model learns its target rapidly, with both a training
and crossvalidation score in excess of 0.99 after 100 data points. The shape of these
curvesis typical of complex datasets, with a training score that is initially very high
and decreases (as the likelihood of highly correlated data decreases), while the cross
validation score increases with increasing data. The high value to which both training

and testing data converge in this instance is indicative of good model fit.

For the Killard Point site, approximately 100 dptants are sufficient to
appropriately validate the model to a training score in excess of 0.99. This figure
compares very well with the 75 hours of data collection found to be required with
the Belmullet analysis. This serves as preliminary evidence that these results are

replicable across sites on the West Coast of Ireland.
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Error Analysis
TABLE17: BIAS AND MEAN SQUAREERRORMETRICS PRODUCED THBB REPEATED
HOLDOUT TESTING Adk, CWPRANDBRETRPPROACHES

Bias MSE
Model — —
Training Set| Test Set | Training Set| Test Set
ML -0.0197 -0.0076 0.0293 0.0296
CWPR  -0.0621 0.0101 0.2372 0.2371
BRET 0.5112 0.5352 0.4951 0.4929

The bias and MSE Values for the ML model are extremely low, demonstrating
excellent prediction performance. The CWPR method results in MSE values which are
approximately an order of magnitude greater, while these MSE values approach 0.5
for the BRET model.

TABLEL8: MODEL ERROR COMPARIFORKILLARD UNSEEN TERTRSET

Max
Model MSE | RMSE| Bias MAE Reorr
Error
ML 0.0286 | 0.1691 | -0.0015| 0.1185| 1.2275| 0.996)
CWPR| 0.2339| 0.4836 | -0.0553| 0.3536 | 3.2039 | 0.9756

BRET| 0.4922| 0.7016| 0.553 | 0.557 | 3.8025| 0.9756

Taking the test portion of the dataset and performing additional error analysis, the
skill in prediction of the ML model is further highlighted, demonstrating the lowest
error metrics across all tests by a considerable margin. Additionally, examining the
Mean Average Error (MAE) and the maximum error shows a clear benefit of the ML
model, with greatly improved accuracy for both mean and extreme conditions. The

Reorr value for the ML model approaches a “perfect” 1.0 result.

Comparison of model error across test value range.
As a final examination of the prediction characteristics of the thmedel

approachesitilized at the Killard Point sit¢he performance of the thremodels was
exploredacross the range of period test values histogram of the occurrence of

values in each bin is present on the leftmostyis Figure47 & Figure48) as a guide
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to the relative importance of the accuracy of prediction at that particular test value.
The Bias and MSE of the models occupies the rightmost @kie Lassmodel
performs best across the entire range of test values, offering a distinct improvement
over the CWPR and BRET approaches. For MSE, the CWPR and BRET based models
perform relatively poorly below 7.5 seconds and above 15 seconds, whereas th
Lassomodel maintains a significant advantage, exhibiting very low MSE values
throughout the test range. Examiniridgure48, the BRET model exhibits high Bias
error throughout the range of test values, demonstrating that the WPR suggested by
the Bretschneider Spectrum is not especially applicable to this location during this
time period. The CWPR approach performs far better, but suffers particularly when
the occurence of conditions that it is attempting to predict are less common. The
Lasso model maintains a minimal bias error throughout the test range, maintaining a
bias value below 0.25 seconds even when examining conditions with fewer than 5

occurrences.

FGURE 47: COMPARISON OF MODEEQUARE ERROR ACROESST PERIOD VALUES
HISTOGRAM OVERLAIDPRESENTING DATA AMABILITY FOR EACM BIF TEST VALUE
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HGURE8: COMPARISON OF MODBIAS ERROR ACROEBESTPERIOD VALUEBISTOGRAM
OVERLAID REPRESEIGTIMTA AVAILABILITY FOR EACH BIN ONVAESE

TABLEL9: POWERPRODUCTIOMCCURACY AQLLARDPOINT

Power Power Power
Model Production Production Production
(kWh) Error (kWh) Error (%)
ML 1.3519 x18 -4.8260 x18 -3.45%
CWPR 1.2950 x18 -1.0520 x16 -7.51%
BRET 1.8270 x18 4.2709 x16 30.50%

The improvement in power production accuracy at the Killard Point site provided by
the ML model proves significant. The ML model provides approximately 4% lower
absolute error than the CWPR method, and 27% lower than the BRET approach.
Conclusions

A machine learning model has been created which enhances the accuracy of wave
parameter conversion and wave parameter estimation using a combination of
recorded and modelled data. This model allows for improved WPR estimation, and
hence greater accuracy in the characterisation of the resource available at candidate
wave energy test sites. This benefit has been shown to extend to the power

productionestimate for WECs.
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The WPR for bothoT: To2 and & : To1 has been derived for the Killard Point and
Belmullet sites using both Arithmetic methods based on the history of spectral

parameters, and derivations based on the Bretschneider Spectrum.

The resuk abovedemonstrate that the ML model offers significant improvement in
the prediction accuracy of thesTTorand T1: To2 wave period relationship, and this
can be used to create a more reliable assessment of Wave Period Rafichas a
significantimpact on the accuracy of wave power estimates produced using the

modelled data.

This work has been conducted two sites on the Wes€Coastof Ireland and has
been shown to have large consequences when used in the determination of WEC

power production. The main findings of this work are analysed below.

3.5.1.1 Improvementin accuracy with machine learning model over existing approaches
The prediction accuracy has shown to be much improved in the ML model in
comparison to the existing CWPR and Bretschneider mspégken under relatively

ideal conditions for all models.

MSE, RMSE, Bias, MAE and Maximum Error are all lowest for the ML model, while it
also displays the bestBorrelation coefficient. These findings were consistent across
the two sites studied, as Wleas at different time scales and accounting for seasonal

variability.

This is perhaps best displayed in FigdPe& Figure43 (Belmullet) and Figurd7 &
Figure48 (Killard Point), where the extent of the ML model’'s predictive power is
highlighted, and the lack of influence of the amount of data collected on the

predictive result is evident.

3.5.1.2 Improvement in prediction of energy production

The improvement in the prediction accuracy for the model had a considerapkct

on the prediction of energy production for thdL model, resulting in pproximately
a4%improvementover the constant WavBeriod Ratio method, and pproximately

a 7-27% improvement over the Bretschneider methdependant on the site. This
finding is significant, and suggests that current methods used are not optimal for the

prediction of energy production using an estimategarameter. This improvement
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in the prediction & energy production should offer a significant benefit for

developers in improving the certainty of energy production at the site.

It is important to note that these results have been obtained using a power matrix
that is graduated in 0.5s. Bteps. There can be significant variation in the energy
production of a device across a 0.5s step, something that is discussed in detail in
Chapter6, and therefore there is qtential for greater accuracy improvements
depending on the power matrigranularity usedthe location and the frequency of
occurrence of values that are examined. Furthermore, this highlights the importance
of a spectral based approach to energy productd®termination, which will be

examined using spectral weighted basis in future work.

3.5.1.3 Learning Time required

The analysis iB8.3.10answers a crucial question. How long a deployment is necessary
to accurately train a ML model? For both the Belmullet and Killard Point isitess

been determined that 10A50 data points (corresponding to 5% hours of
deployment) are sufficient to train the model when the data is sampled throughout
the year. To guarantee a wethined model that is effective at predicting conditions

in all seasons, an extended deployment covering alésss is still preferable and will
certainly result in reduced MSE and Bias Error. Winter months appeared to provide
the quickest training for the model, and this is thought to be as a consequence of the
variance in conditions, and the stability of WPRered by the increase in spectral
energy density at a defined peak and the absence ehdmal conditions during

Iarger storm events.

The accuracy of the model continues to improve as more training data is used, with
Bias Error approaching 0 with a sufficiently large training dataset. This is important,
as it will inform the deployment strategy for new measurement campaigns at
potential site locations. This learning time is far quicker than was anticipated, and
should expand the potential utility of shortuby deployments when used in
conjunction with this method of determining WPRs; offering large benefits in terms
of time savings and easing the burden of an extended data capture campaign

significantly.

121



3.5.1.4 Potential for use in other locations

It is important to assess these findings in the context of multiple sites. The model
appeared to perform equally well at both the Killard Point and Belmullet locations,
with equivalent accuracy and training times. Previous workQahill, 2014has
shown significant differences in WPRs between Atlantic Irish sites and Pacific sites on
the west coast of the United States. It would be useful to characterise the impact of
this relationship on the learnmability of the model. Thigiture work should assess

the difference in alpha value, training time and seasonal variability between this

location and the Irish coastal sites.

The work of Cahilhas suggested that appropriate WPR should be calculated from
measurements from a nearby buoy or wave model grid point if spectral data is
unavailable at the point of interest, rather than using an assumed value from a
theoretical spectrum, noting that nearby buoys returned similar WPR values despite
their physical gparation. Likewise, this work would suggest that the ML model would

be eminently applicable to the prediction of WPRs at nearby locations, and this
information could be used to improve the availability of summary statistics within

the limited datasets thiexist off the Irish West Coast. (Blioy network).

3.5.1.5 Potential for use in other ratios

There is huge potential for the application of this model to other wave parameter
relationships. A crucial relationship for use in the determination of the maximum
height of extreme waves is the Anomaly Index / Abnormality index (Al), which is the
Hmax: Hs ratio. (Barker and Murphy, 201®8xamined the use of a linear regression
model on the 999" percentile waves to determine the AThis approach was
required to filter the effect of large Als at loweg Wave heights which skewed the
results, but the removal of these results resulted in lower confidence intervals for
predictions at the extremes. With a Machine Learning approach, we can use more
parameters and have more certainty in predictions at the extremes, without the need
to introduce user bias by arbitrarily selecting only results above a defined threshold.
This is just one of the many potential applications for this ML model in relation to
Marine Renewable Energy. It is also possible to implement this to perform a number

of other aqucial tasks such as calibration of satellite altimeter data with buoy data,
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giving the ability to accurately predict the conditions at the buoy site with a limited
duration calibration alongside the satellite data; to correlate between adjacent or
related sites and make predictions based on one dataset or to convert large scale
model data to an accurate estimate for a local site, bypassing the need for

intermediate WW3, SWAN, or Bousinessq modelling.
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Extreme Wave Assessment Techniques

Introduction
Extrene wave parameters are used for engineering design in our seas and doeans

assess the survivability of structures and devigesthe methods used to determine
them are nonstandardized and can give highly variable output. With increased
commercial activity in the marine sector, the importance of accurate extreme wave
parameter determination has become increasingly apparenis Ehparticularly the
case for marine renewable structures where even small gvedictions in design
parameters can affect the feasibility of the project. This chapter addresses the
methods of extreme wave prediction currently in use, determinithg optimal
method for the prediction of extreme wave conditions,(Hnaxand E) in coastal Irish
waters. This work identifies pitfalls and drawbacks of current extreme prediction
methods, with particular attention given to the use bfioy datawith limited
recording duration from coastal locations where development is to take place. In
addition, a new methodology of determining extreme wave periods, that is the wave

periods occurring coincidentally with the most extreme wave heights, is created

This is important for design purposes as the energy of a wave is dependent on the
wave period.The clear potential for the application afhodern programming
techniques to the estimatiomf extremewaveparameters will be highlightedising
auto-regressive techniques tguickly and accurately determine the best fitting
distribution. By estimating the extreme wave energy and significant wave heght,
well as performing regression analysis on the Al and Slope of wave conditi@ns,
possible to formulate a method to liebly estimate the wave period coincident with

the extreme Hvalue as well as lending greater certainty to the prediction a&H

values.

Knowledgeofthe wave climate and designwave conditionsisfundamental to any
structural design, yetecentanalyseshave highlightedshortcomingsin termsof the

input wavedata andthe analysismethods notably in the use of basic Extreme Value
techniques and tools, the lack of use of covariates, and lack of application of Bayesian
Inference(Jonathan and Ewans, 2013Jhis can impact significantlyon the final

designwith incorrect estimation of the desigwave condition resulting in an over
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designedandexpensive structure, or a structure thatimsafe. To achieve accurate
predictions of extreme climate, a systematic approach must be applied
determining the factors which have thgreatestinfluence on extreme predictions.
These include parameters such as those related to the probability distributen,
the shapefactor and locationfactor, the method of curvefit chosenandthe criteria

for storm eventselection.

Extreme prediction methods typically relyon empirical curve fitting and
extrapolatingfrom these curves to give estimatesfofture conditions. These models

are often usedwith theoretical coefficients which do not fthe distribution of the
datasetwell. Thereliability ofa prediction made in this manner guedionableand

can expose a contractor to significansk. Further, the choice of the fit is left to the
analyst, whomay choosean inappropriatedistribution to mekethe prediction. The
humanselection element in this analysis is sometimes undesirable, and it is prudent
to have a statistical backing on which to select an appropriate prediction. There are
a number of options available to improve the selection of data and fit of the
distribution used to make extreme predictions proposed (ifiou and Callaghan,
2013) such as the use of Extreme Value quantile functiang ensuring the use of
statistically independent data using the Peaks Over Threshold (POT) method, Annual
Maxima method; or the use of other teclmpies to determine the homoscedasticity

and heteroscedasticity of datavhich will be examined in this chapter.

A number of other pieces of work have informed the analysis that has taken place in
this chapter. The work in (Jonathan and Ewans, 20di8gd the issue of covariate
effects in extreme prediction in their paper “Statistical modelling of extreme ocean
environments for marine dégn: A review,” They commented that interest may lay

in estimating EV models for each variable independently (marginal modelling) or in
joint modelling. The specific case given raises the desire to have associated values for
Tp at the extreme value of HIn other work cited by Jonathan & Ewans, (Coles,
Heffernan and Tawn, 2000dn dependence in extreme value data; it is said that a
standard method for multivariate extremes is based on distributions for which the
variables are asymptotically independent. Given this asymptotic independence, it

was necessary to find a method to reliably predict the accompanyiaglde for an
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extreme H value when performing an extreme wave analysis at sites on the West

Coast of Ireland.

The work in this chapter develops a method, using a linear regression model, which
allows the determination of the associated period for extreme events. By comparing
the estimated wave steepss given by the predicted maximurpatd T, a sense of

the behaviour of the regression model can be derived; and this used in conjunction
with the limiting steepness value seen at extreme conditionss@fsHa sanity check

in determining realistic extrem values.In (Bell 1972) it was found that the
measured period of the highest individual wavdasger but hasa wide range of
values relative toJ which is consistent with the results determahigy the regression
model, as shown ifrigure55, and this research guided some of the assumptions
made in determining period values associated with extrereedfditions. Carter

and Chaellenqrl990)found that FischefTippett Type 1 and Weibull 1 give a good
fit in British waters, which informed their inclusion here as part of the default options

for the automatic curve selection method.

The average conditional exceedance rate (ACER) method ischfaptiee prediction
of extreme wave heights using a cresgidation method to obtain an insight into its
behaviour. This will also examine the influence of variability, and of the data selection

method, on prediction variability in a lortigrm dataset.

Method

Current Extreme Prediction Methods
In the field of extreme analysis, threshold selection remains a ndetlated topic.

The selected set of data must cover the variance of the extremes, but the inclusion
of too much data below what can be considered exttreme wave will skew the
distribution and result in a lower predictioof extreme wave height. The work of
(Mathiesenet al, 1994)describes the recommended practice for extreme wave
analysis methods, with particular focus on datlection processA number of the
methods suggested therein will be applied in this studgluding methods for data
selection, sample selectioand the use of model distributions and fitting methods
The work of(Mazas, Garat and Hamm, 201Apwe\er, has examined replacing the

distribution used for the analysis (as was encouraged originally by Mathiesen et. Al.)
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They have replaced the Maximum Likelihood Estimatedpaxameter distributions

by LMoments estimated 3 parameter distributions to goeffect. In this Chapter,
alternative distributions will be used based on the Generalized Extreme {GEM)
approach a family of continuous probability distributions within Extreme Value
theory, to achieve a better fit for the data at the extreme qudes. In addition,
regression and covariate analysis are used to attempt to tie together all sea state
parameters at the extremes and give a better understanding of the extreme values

of Wave Power and Period.

Defining storm duration must take into account that most extreme predictions
require the data to be discretend independent. For this reason, storm events must
have at least 3 days between them to qualify as independent storms in this analysis.
This threshold was chosen based on the typical length of storm events at sites on the
West Coast of Ireland, and chosen to ensure statistical independ@®idest al,

2016)

Though this chapter will not delve deeply into each of these topics, it will give an
insight into the controllable factors which can be adjusted to create the best

predictions at a given location.

Proposed Analysis
The analysis undertaken fo@d on determining an improvednethod for the

prediction of wave parameters during extreme conditions, the likely return periods
of these conditions, and the relationship between parameters during concurrent
conditions. The focus is on achieving greater certainty in the extreme camslitiat

will face Marine Renewable Energy devices while deployed. The novel aspect of this

work lies in the combination of regressive and correlative techniques used to

determine the extreme wave predictiohis primarily involves an investigation of — Commented [AB10]:

new?

the selection of the best distribution faa given dataset; using autoregressive
techniques which make the assumption that current tiseries values depend on

past values from the same series. Homoscedastic / Heteroscedastic assessment
techniques perform analysis based on the assumption of equal variance and unequal
variance in the relationship of the predicted variable, respectively. This is performed

with the aid of the AMEVAtatistical toolbox version 1.32 and version 1.41 (IH
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Cantabria, 2014Extensive extreme analysis and data selection methods will also be
employed using MATLAB, utilising the expanded capabilities and data processing
options to achieve greater knowledge of the t@aships between parameters at

the extremes, and to enable automated parameterisation of extreme value

functions.

The Generalized Extreme Value (GEV) analysiaseasto determine klvalues, khax
and Wave Power at 5, 10 and-g26ar return periodsThe canmonly used 50 year

return period was not determined here, given the limited duration of the dataset.

The Anomaly Index (Atps analysed across all wave conditions. Establishing the
relationship between these parameters is critical for safe design in mere
conditions, and additionally gives greater insight into the likely values.gfthen

this information is not directly available.

Wave Steepness values at the extreme valuesafé-determined. This is done using
regression techniques and the best 3ipart regression model is used to estimate

the likely steepnesat the predicted extreme wave heights.

The most appropriate ;value to use at extreme sHalues is determined. These
values are estimated using regression analysis, and with a new meétised lon the

estimated wave power at the extremes.

Period Correlation to wave height at extremes is examined. Extreme predictions
provide more definitive information on wave height than on wave period (Mercier J.
A., 1982)and it is normal to determine the associated wave period by assuming a
wavesteepnessThe steepnessf extreme waves, however, will often be markedly

different to the average climate, as will the wave with maximum period. Where there
is a dynamic respoesinvolved, the wave period can in some cases be equally or
more important than wave height. Thus a joint probability of height and period was
assessed, providing additional information on the characteristics of waves at the

extremes.

Location & Data Sowes
The data used for the analysis was acquired from the Marine Institute, and consists

of Waverider buoy measurements acquired at Berth B of the Atlantic Marine Energy
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Site (AMETS) at Belmullet in Ireland (shown in Figd)elt spans a time period from
December 2009 to August 2013 and consists of 50173 recordsrair@@e intervals.
Spectral records are logged every 30 minutes by the Waverider buoy with the output
of the spectral analysis computed and logged 6 minutes later. This output also
includes the timeseries output of Hs, Hyioand Hhax Spectral data includes the
significant wave height ¢d) and mean wave period {T Missing and invalid entries

due to buoy or logging error were removed from the dataset along with their
associated values at that timestamp. Such anomalies as these are not ideal, but in
this case, consist of 1588 records. This represents a meagre (3%) of the dataset and
further, these anomalies were mostly confined to more benign sea states. It is
expected that the removal of false/missing data in this manner provides optimal
error prevention without compromising the outcome of the extreme analysis. An

occurrence scatter plot for the dataset used is giveRigure49.

FGURE9: HS/TZ OCCURRENCEATTERLOTATAMET BERTHB
The Belmullet Berth B site is demonstrably energetith the most commonly

occurring conditions in the range 1-A6n Hand 57s T, and with waves records in
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excess of 14 meters during the span of the recorded data. Thus, Belmullet presents
an excellent testase for extreme wave analysis.

Analysis
Analsis is now conducted on the recorded data from the Belmullet site to determine
the optimal prediction of conditions during extreme wave events, beginning with the
identification of the best fitting distribution for Hs. This is performed usint 98
percentile data to identify and isolate the effect of the most extreme wave

conditions.
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Extreme Wave Determination Methodology

x ldentification of best fitting distribution

(]

(o]

(o]

o

98" percentile values to identify extreme values.

Identification of best fittinglistribution.

Identification of distribution descriptors and confidence intervals
using AMEVA tool.

Quantile-Quantileplot to identify any skew in distribution or tendency

to over or underestimate and validate the selection of percentile

threshold.

Identification of best fitting distribution for &1

x Alternative method if too many datapoints use progressively more restrictive

percentiles

(o]

(o]

(o]

Use Monthly maximum Hs data.
Dual function of isolating storm events and reducing dataset.
Quantile-Quantile plot of adjusted dataset of monthly maximum

values, accompanied by confidence intervals.

X ldentification of Extreme &and HhaxValues

(o]

Identify Extreme Hs values at defined Return Periods.

x Determination of Anomaly Index frommk{Hs

0]

0]

(o]

Determine Al using Regressiomadysis.
Determine Al using predicted maxdi/ Hs values.

Sanity Check using Al values.

x Determination of Wave Steepness at Extremes

0]

(0]

(o]

(]

Determine Wave Steepness using regression analysis.

Check steepness values at predicted extreme waves.

Perform regression analysis ogHs relationship.

Use predicted Avalues from regression analysis to determine slope at

extremes and check agreement with steepness regression analysis

4.3.1.1 Using 98 Percentile kivalues

The H, Hnax, and wave power parameters were fitted to aptimum distribution

function for the dataset using autegression to identify the shape, location and
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scale parameters which best fit the data. The data selection process began by
selecting the 98 percentile values of each dataset to remove the effeCtower
values on the fit of the distribution. This effectively removed wave events with a H
below 7 meters. The best fitting distribution was found to be the Weitmitimum

distribution, with a probability distribution function defined as follows:

TF&aFAFr= [ F &
——A e‘o

((T & oa) = —z o (4.2

Where:

aislocation parameter

As thescaleparameter

a(>0)is the shape parameter

The resultant besfit had the following parameters

TABLE20: DISTRIBUTION DESCRIRS FORIs.

Mean 8.245
Log likelihood -1329.600
Location factor( § 6.9 + 6.504€08
Shape Factofa) 1.14 + 0.079
Scale Facto(s) 0.87 + 0.046
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HGURES0: QUANTILEQUANTILEPLOTHS 98THPERCENTILNALUERAT BELMULLEBERTHB

The QuantileQuantile plotwhich shows the probabilistic fit of the distribution to the
fitted curve- with the theoretical quantiles on the-axis and fitted quantiles on the
y-axis- displays an upwardoncavity at higher quantiles, displaying a tendency to
overestimate extreme values. This is evidence that a more rigorous data selection
process is needed to identify only the storm condition maximum values which
contribute to the extreme wave estimate. There is a clear variation in the fit of the
weibullmin curve to the empirical data when wave conditions exceed 10m. In place
of arbitrarily continuing to select more restrictive percentile thresholds in an effort
to isolate the behaviour of the most extre waves, the methods proposed by
(Mathiesenet al, 1994)are used; selecting the monthly maximum values. For this
approach storms are additionally not considered unless they are separated by 3 days.

This ensures discrete data andiescedasicity of the model.

4.3.1.2 Using Monthly Maximumddata
The monthly maximum values fogWere determined, and used to examine the level
of fit with the available distributions in comparison to the use of th& p8rcentile

Hsdata Given the range of the monthly values would be expanded due to seasonal
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variation, and the GEV distribution has the form of an exponential function, the data

was first normalised.

The best fit found for the data was a GEV distribution whose cumulative distribution
takes the form:

L
TFa L

((Tgé&l=expLFil+ LF A Mm (4.2)

Tl
Where:

a b 4is the Location parameter

€> 0 The Scale parameter.

&b 4The Shape parameter.

And where scale parameter of the model is assuntedfollow the physical

description:

ap= AThﬂa? [ =sip5CO0l EAR =sin( EAP+ (6P

uab
(4.3)
+ i T b Jpgq
b
With
P= (=5844 (4.9)
U,= 0.726 (4.5)

The QuantileQuantile plot shown ifrigure51 below shows a marked improvement

in the level of fit, hough there is still a noticeable deviation from the expected value
at higher wave heights. Additionally, the confidence intervals are displayed,
indicating the 95% percentile confidence interval in the prediction of extregn€hé
empirical data falls iside these confidence intervals for each of the monthly

maximum values.
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HGURES1: QUANTILEQUANTILE PLOT OF ABTED DATASET OF MONTHLY MAXIMUM
VALUES ABELMULLEBERTHB.

The extreme Hanalysis was then conducted with the newly reduced dataset. The
maxima encountered in each month show the highly seasonal nature of the test site

and the influence that seasonality has on the prediction of extremes.

The results show that the annual maximum data contribute the most to the extreme
prediction. As expectedhe most extreme events occur during winter months and

make up the largest component of the maximum wave estimation.

TABLE21: EXTREMEHS VALUES AND ASSOCIATENICERTAINTY A, 10, 20 YR RETURN
PERIOD

95% Confidence
Return Period )
Expected E(m) interval bounds for H
(Yeas)
(m)
5 14.1 [11.816.4]
10 15.6 [13.018.3]
20 17.1 [14.1-20.1]
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Wide separation for 95% confidence intervals is observed. Benign data can be seen
to be contributing significantly to this uncertainty in the estimate, with summer
monthly maximums seen to be much lower and therefore affecting the fit. It is
evident then that even with great cataken in the data selection process, a limited
dataset in a seasonal site will still present a challenge with regards to the certainty of

the prediction.

Monthly maximums at this site include waves with a height as low as 2.8m, and these
should perhaps niobe considered extreme waves. Further analysis is performed by
introducing an additional wave height threshold to determine storm events. This was
run after the selection of monthly maximum values, with an additional threshold
value of 6.5m set as the minum H to be considered a “maximum,” value. This
analysis (not shown) revealetthat an imposition of an additional wave height
limitation in a short duration dataset such as this served to decrease confidence in
the upper estimates of extreme wave height due to decreased sample size. Thus, for
this case it can be said that a human selection element was not necessadyacted

to reduce certainty in the prediction. This result displays the importance of threshold
selection and it was found that the selection of the most extreme waves by monthly
maximum selection was superior to the quantile method for this particular dataset
and location. A point that will be examined in subsequent work is whether the
distribution that gives the best fit with the data prides the best prediction of
extremes. The expectedsMalues indicated in Tabt2l are higher than what has
been normally used at the AMETS site, so further analysis is required to understand
the sensitivity of the extreme predictions to distribution type, threshold selection

and data length.

4.3.1.3 HnaxData

Using monthly maximum datafrom the wave buoy the Hnax extremes were
determined using the same methods as the eitreme values, by selecting the
monthly maximum valuesThis is performed torpvide comparable resulisetween
the Hsand HhaxanalysesThese extreme Haxvalues will be usgin the determination

of Al values in section 5.4
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FGURES2: QUANTILEQUANTILE PLOT OF DISTRIBUTION FIHEQIEXTREME ESTIMATION
The distribution selected forddxfits quite well at the average conditions but begins
to show increased variability at the upper quantiles. Nevertheless, the distribution
and results were determined using the GEV mdg#ejuationg4.2) and (4.3))

With:

P= U=19849 (4.6)

U= 11216 (4.7)
And using the GEV model, the expected maximustdsults were determined to

be the following:
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TABLE22: EXTREMEHuax VALUESISING AGEMMODEL WITH MONTHLY MAXIMUM VALUES AT

BELMULLEBERTHB.
Return 95%
Expected Hax
Period Confidence
atRP (m) |

(years) interval bounds
5 23.3 [19.6-27.0]
10 25.8 [21.6-30.1]
20 28.3 [23.4-33.1]

TheseHnax values are bounded by wide confidence intervals due to the limited
sample size available, as well as the variability of the maxima encountered from
month to month.

Analysis of Anomaly Index fromafHs
The Anomaly Index (Al) parameter is an important and commonly used parameter
which reflects the relationship between the Maximum Wave Height encountered,
Hmax and the Significant Wave Height. i is often used in offshore industries such
as Oil & Gas for determining the likelydfor a given value of HThese values are
typicaly determined empirically, and generally range from a value of 1.65 to 24 (H
: H). This wide spread in values of Al leaves some uncertaitityteesexact expected
Hmax value. As will be shown in Section 4.3,2He Al is not a constant relationship,
and indeed changes significantly as waves approach the maximum extreme wave
height. The result of this assumption is likely to be a structure or device thaté und

or overdesigned.

4.3.2.1 Anomaly Index to¢Correlation from Ha/HsAl regression analysis
The correlation between Anomaly Index (Al) arisHineasured using afiarameter
regression analysis and is found to trend towards mean Al values governed by the

following equation.

A= 11+ 2P BP (4.8)

With p1= 2.453, p2-0-166, p3= 0.007
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Confidence in the mean value diminishes with increasing wave height due to
decreased data availability at this level. This is a significant drawback of the limited
nature of the dataset. The Confidenegdrval for the model values overall, however,
narrows appreciably at more extreme wave heights. Future work should look at the
behaviour over a much longer period to establish a firmer relationship, but this
behaviour is indicative of a constraint on the variability and maximum value of the Al
at extreme wae heights.Figure53, below, demonstrates that the variability of Al

outliers decreases asshhcreases.

HGURES3: REGRESSION ANALYSFAGUSINGI8™ PERCENTILHSHmax DATA
Predicting the expected mean value of the Al at the 5, 10 argka® Return Period
extreme wave heights (as determined in Section 4.3.bips the following

estimates for Al values at the 5, 10,-28ar return periods.
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TABLE23: REGRESSION DERIVED/ALUES AT EXTREVHWLUE®FHs

Return
Expected Al
Period Hs (m)
at RP
(years)
5 14.1 1.503
10 15.6 1.569
20 171 1.662

4.3.2.2 Al to K Correlation obtained at predicted extreme values

As an alternative method of determining the Al at extreme values, the Al was also
calculated by comparing the concurrent valuddnaxand H for extreme values of

Hs. The maximum predicted +and Hhax as shown in tables TabRk3 & Table24
respectively were used to determine values of Rieresults, shown in Tabl24, in

all cases show the Al Value to be relatively constant with a value of about 1.65. This
appears to be a more consistent measure of Al at extreme values than can be derived
using a regression based analysis, and while the values agree well with the values
determined in Table23 for a return period of 20 years, the confidence intervals
attached would suggest that the values of Al derived through direct arithmetic
division of Hhaxand Hvalues carry more certaintyt ik likely that the values in Table
23are less accurate given the sensitivity of the equation to the limited available data
at the high values of HWhile it is difficult to draw firm conclusions based on a limited
analysis, it appears that the industry accepted 1.@adHis ratio is realistic for the
determination of maximum khx valuesat the Belmullet siteand that ratios of 1.87

and 2.0 as are often recommeed would give a large factor of safety in the

determination of the HaxVvalue.

TABLE24: Al INDEX VALUES DETHRED USING EXTREMEax/HsVALUES

95%
Return Expected Al at ]
Confidence
Period (Year RP ]
interval bounds
5 1.654 [1.661-1.650]
10 1.652 [1.6591.648]
20 1.651 [1.6571.646]
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Determination of wave steepness at the extremes
Regression analysis was performed for th# p8rcentile Hand accompanying wave

steepness values to determine a link between @hd wave steepness at the
extremes. This will enable a better estimate of th@3sociated with the extremesH
to be determinedFor this analysis, the steepness reciprocal value (I.E. L/H) was used

for improved numerical precision and improved legikilit

FHGURES4: WAVE STEEPNEGRECIPROCAIREGRESSIOANALYSIS AGAINS$iE

It is evident from Figuré4 that there is an obvious trend of convergent wave
steepness values at extreme values @f $tiggesting that there is a limiting wave
steepness which governs the behaviour of the wave at thigeenes. Tabulated

results of this regression analysis are as follows:

TABLE25: RESULTS OF WAVE STEEPREESBROCAREGRESSION ANALYSIS

Mean 18.8707
Standard Deviation 2.6898
Log likelihood -2122.1926

According to the regression analysis, the mean steepness for tfiep8&entile

waves is given by the following equation.

AP= 11+ 2P I3P (4.9)

Where the pvalues were determined to be as follows:
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TABLE26: EQUATION PARAMETERETERMINED FOR WAVEEEPNESRECIPROCAEROM
REGRESSION ANALYSIBRIMULLET

p Value Upper Lower
pl 26.380 28.658 24.103
p2 -1.207 -0.767 -1.647
p3 0.035 0.054 0.015

The resulting wave steepnessciprocal predicted using regression analysis
converges to a value of approximately 16, decreasing only fractionally for increasing
predicted Hvalues. Table27). From this result it is proposed that a limiting wave
slope at the extremes ofddan be applied as a method of determining associated T
values. This means that a methodology can be developed to determine related
parameters such ag@iven an extreme $alue. From this work it is possible to state
that a wave steepnesciprocalof 16 is a reasonable assumption at the extreme
values of Hin Eastern Atlantic Waters, and tends to hold across increasingly large H
events—assuming deep water conditions.

TABLE27: WAVESTEEPNESSECIPROCAMALUES AT EXTREMEVALUES DETERMINEROM
REGRESSION ANALYSIBBIMULLET

Return
Predicted | Wave Steepness (Reg.

Period
Hs (m) Model)

(Years)
5 14.1 16.324
10 15.6 16.065
20 17.1 15.975

Calculation of extreme, Tising regression analysis
Linear Regression analysis was performed on thend H concurrently, and was

found to provide a good fit for the relationship at increasing values of i
determining the best fit, outliers above a ®%ercentile threshold were removed,

and confidence intervals were set at the'9fercentile of valuesHigure55).
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FHGURESS5: REGRESSION ANALYSDISDETERMINE/HsRELATIONSHIP AMETS

While there is a broad spread ot té T;relationships at lower values ofsHhe
relationship begins to approximate a linear fit for increasing valuessofHile
confidence in the mean valuestimate decreases with increasingudlues due to
lack of available data matching these conditions, the strengthening of the overall
relationship between kand Thas the effect of continued narrowing the confidence
intervals, indicative of better certainty in the estimate. With increasing values, the
relationship approximates a linear fit, with\Ralues governing the plotting of the

curve as follows:

7= 1+ 12T (4.10)
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TABLE28: EQUATION PARAMETERE&TERMINED FOR WAVERPOD DETERMINED KRO
REGRESSION ANALYSIS

p Value Upper Lower
pl 6.026 6.196 5.856
p2 0.465 0.485 0.445

Using the result of this regression analysis, the values foff Extreme Hvalues at

5, 10 and 2Grear return periods were estimated as follows:

TABLE29: T; VALUES AND WAVE &PRESRECIPROCAVALUES PREDICTED B¥Hs
REGRESSION AT BELMEIL

Return
T2 (S) Wave
Period Hs (M)
Reg. Model| Steepness
(Years)
5 14.1 12,5 15.57
10 15.6 13.3 15.22
20 17.1 13.9 14.93

The wave steepnessciprocalresults shown in Tab27 and Table29 broadly agree,
and they indicate that a relatively reliable prediction can be achieved for wave
steepness at the extremes using either method, or, conversely, a value f&ir T
extreme H can be determined using knowledge of the likely maximum wave
steepness value. Wave periods will continue to increase with ¢lvalde for higher
return periods. This result is significant in terms of increasing certainty in the
determination of the most appropriate;7alue concurrent with extreme values of
Hs.

Calculation of extreme Wave Power
A novel method of determining extreme By first determining the extreme wave
power is trialled here. The distribution of extreme wave power values was found to

conform best to a Weibull min curve with:

Location factor 222.79

Shape Factofa) 100.46 +6.78
Scale Factofs) 0.89+ 0.046
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TABLE30: QUANTILE QUANTILE PLOT F@8TH PERCENTILE VALOESVAVEPOWER AT
BELMULLET

Making the assumption that the upper bound to the s#ate is the extreme energy,

we can use the fact that:

LC 6
P= mHMGTz NY2 x Hg"x Ty (4.11)

Gives the wave power, and work backwards to determine the associateduE.

TABLE31l: DETERMINATION OF EXME T, VALUES USINEXTREME WAVE POWER AN$
UPPER BOUND TO THEASTATE CONDITIONS

Return Steepness
Wave

Period | Wave Power Hs T,= 2P/H? Slope (Slope
Length )

(Years) Reciprocal)

5 1204 kW/m | 14.08 m | 12.15s 208.72m | 0.067458 14.82
10 1368 kW/m | 15.63m | 11.20s 183.9m | 0.085183 11.74
20 1514 kW/m | 17.11m| 10.34s | 160.8m | 0.1066185 9.38
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The resulting values for, Bind wave slope do not match those suggested by the
regression analysis shown kiigure54 and Figure55, with the T values lower than
have been shown previously in thlidsapter, and decreasing with increasing Return
Period. The analysis also examined the determination of the extreme wave power
values, but this proved difficult due to the nonlinearity of wave power with increasing
wave height. It was concluded that there was no added benefit to doing such an
analysis in this case as the output was substantially different to power values

determined using the predictedstdnd T values, which is determined below:

TABLE32: PREDICTEBXTREMBNAVEPOWER VALUES BELMULLET

T
Return Period (Years) Hs _Z WavePower
(RegessionModel)
5 14.10 m 12.5s 1225kW/m
10 15.63m 13.3s 1625kW/m
20 17.11m 13.9s 2035kW/m

These values are considerably larger than those determined by direct extreme wave
power estimation, but given the strength of the wave slope and regression analysis,
these appear to represent realistic values of expected extreme wave power at
Belmdlet.

Crossvalidated ACER approach

Purpose
The ACER methodNaess, Gaidai and Karpa, 201B3timation of Extreme values

by the Average Conditional Exceedance Rate Method,” has shown promise in
determining the extreme values of wind speeds in real, empirical trials. The goal of
the work in this chapteis to apply the ACER method using wave conditions in Atlantic
seasas a test case, and to study the transferability of the model to prediatfon
extreme wave conditions. The method is based on constructing a cascade of ACER
functions which allow the capture of the effect of statistical dependence in data on
the extreme value distribution. When the ACER functions have converged, an exact
representation of the extreme value is said to have been obtained. Depending on the

relevant type of asymptotic extreme value distribution, these empirical ACER

146



functions are combined with a class of parametric functions to achieve high return
level predictions. This leads to a procedure that is claimed to be less restrictive and
more flexible than theones based on asymptotic theory. In particular, it has the
capability to capture statistical dependence and sdymptotic behaviour of the
data (Statistics for Innovation, 2013Yhis claim to be able to deal with sub-
asymptotic data is something which would be of huge benefit in improving the
usability of and certainty in extreme value predictions, as well as conferring the
benefit of removing the need to deluster data prior to prediction to ensure
independence, as is common in use of the Peak Over Threstatlbds.The aim of

this Sectionis to obtain a more accurate estimate of extreme conditions occurring at
the M3 buoy(as a representative of sites on the West Coast of Irelathéy being
characterised by tighter confidence intervals and less dependence onelsetisn

of values of fit. The benefits of such a method for extreme wave prediction are
multitudinous, but the work done in thishapter is particularly focused on the use of

extreme wave data for the design wfarine structures.

A further aspect of thistudy is the implementation of a crosalidation approach,
which is pursued to ensure homogeneity of the extreme wave predictions based on
sub-asymptotic data. Moreover, this approach allows for an examination of the
effects of limited data duration upon the ultimate prediction of extreme wave
events, and a method of validating the accuracy and variability of predictions which
extends beyond curvéitting. The primary motivation is in the prediction of an
extreme Hvalue only, though the authors of the tied claim that ACER can (non-

trivially) be applied to multi-ariate predictions also.

Introduction to Average Conditional Exceedance Rate extreme function
The method described in the paper is used for extreme value prediction based on a

sampled time sess. It is specifically designed to account for statistical dependence
between the sampled data points and to do so precisely. It claims to provide
statistical estimates of the exact extreme value distribution. It further avoids the
problem of having to deluster data to ensure independence, which is a-pre

requisite for methods such as POT (Peaks Over Threshold). The ACER method uses
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sub-asymptotic data to improve prediction accuracy, defining a “level of interest”

parameter to determine the influence of data:

_ xe 80 ¢ Uadl PR Y AP
Level of interest = iE ﬁé,g,
¢cUa alaa (412)

Where:
duration of observationis the total time over which the observations were obtained.
Nis the number of data points

time horizonis the desired target return period (Units must be the same as the

duration of observations)

Method
The ACER method will be analysed for its ability to accurately predict extreme values

of Hsat the M3 wave buoy. Three aspects are analysed for this review of the extreme

prediction ability of the ACER function:

x The influence of data length on the accuracy of prediction

x The choice of threshold and the impact on the predictiofn-this case,
specifically for the AGEfunction.

X The utility of croswalidation in providing an alternative means of statistical

calibration to curvdfitting for extreme wave determination.

4.4.3.1 Site Location

Buoy data has been obtained from the M3 lyumaintained by Met Eireann, which
spans 13 years. This results in 98337 data points recorded at hourly intervals. The M3
buoy sits off the SoutiWest coast of Irelan(Figure5), a particularly energetic wave
environment. This study was performed in conjunction with a project which seeks to
analyse the siting of offshore floating wind platforms at the site, giving rise to this

analysis.

4.4.3.2 Choice of threshold
The choice of threshold has a significant impact onrdsilt of the ACER function,
which is a finding that is also commonplace in methods such as POT. There are no

clear guidelines provided on the selection of a threshold. The user is told to choose a
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point where the function “has stabilized,” but this ighly open to interpretation.
This is a problem which is common to all forms of extreme prediction, and is
especially applicable to the POT method. Here the effect of threshold on the resulting

prediction is quantified.

The threshold value for determining an extreme wave condition is selected by
percentage of the maximum value contained within the test data fold, with the
threshold additionally selected by percentile of the maximum value contained within
the test data fold to ensure there are enough datarisifor the algorithm to achieve

a good fit. The data above the selected percentile will be used for the extreme
predictions;and the expectedExtreme Valugrediction, minimum and maximum
confidence intervals quantified. The threshold selection will lotgdl against the
predicted value, minimum and maximum confidence interval to show the change in
the prediction and the associated confidence intervals based on the choice of
threshold.

4.4.3.3 Influence of data length

The influence of data recording duration is@ntentious issue in the determination

of future extreme wave conditions. Typical rules of thumb utilised in the industry

suggest prediction of return periods no greater than 5 times the length of the current

dataset. This study aims to provide a morewate characterisation of the influence

of data length on the prediction accuracy, as defined by the predicted confidence
intervals, and as determined by the restricting the analysis to a subset of the data
and analysing the individual accuracy of the prediction against the likelihood as

determined by the remainder of the dataset.

To perform this analysis, the dataset will be randomly partitioned iAtolds, with

the k value chosen according to the reduction in dataset size desired for testing. i.e.
a sekction of a k value of 10 will result in 10 folds of 9539 data points, corresponding
to approximately 1.09 years of data. This will be done frorr1@olds to determine

the increase in accuracy of the model based on increased length of data capture. A
seondary fold technique involves segmenting the data by defined-yoa
intervals, to include a more realistic representation of seasonal effects within a 1

year timespan.

149



A crossvalidation approach will be taken, separating the data infollds to ensure
independence, and then using the ACER approach to provide an approximation of
the 5year return period event based on the data in each fold. The relative fit of the
extreme prediction at this return period will be compared to the determined

probability ofoccurrence in the entire dataset.

The ACER function is then used to determine the 1, 2, 3ydabextreme events
based on this data. With a sample size of 10, the minimum, maximum, and average

predictions can be assessed, as well as the width of thédmnce intervals.

Using this approach, the point at which the prediction accuracy of the function begins
to break down can be determined. This is useful to assess the length of data truly
needed to provide an accurate prediction, from an empirical stanp and can
inform future work at similar sites. The length of data vs. prediction accuracy (as
defined by spread in Cl and RMSE values) will be plotted to give a representation of

the effect of data length on prediction accuracy.

HGURES6: VARIATION INMCEREXTREMBHsPREDICTION ACRAEBFOLDS CONSISTINGIOF
YEAR OF DATA M3.

Figure56 displays an analysis of the variation of preéelitextreme Hvalues across

10folds of randomly selected-ytear intervals from the M3 buoy data records,
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generating a prediction for alear return period at the M3 buoy site. The standard
deviation in the predictions is 34m, while the spread betweethe largest and
smallest predicted extreme events is 5.25irhus, the impact of the data that is
selected, or by extension, the recording period from which the buoy data is obtained,
has a significant impact on the prediction of extreme values; even when utilising a
method that claims to work effectively when using sagymptotic data. This level of
standard deviation and range of predicted values was found to be mostly uniform
across 1 to §ear return periods, and thus the impact is predominantly from the
selection of data records and not the return period. It will be showFigure60and

the associated analysis below, however, that the return period does have a
significant impact on the variation that can be expected in the upper confidence

intervals of extreme wave predictions.

HGURES7: AVERAGRACEREXTREIE Hs PREDICTION FAR5 YEAR RETURN PERIODMAY
USINGL YEAR DATA

Figure57 displays the Extremestprediction for return periods from-b years using

a short dataet of 1.09 years for prediction. The prediction of extreme values beyond
5 years (approximately 5x dataset duration) becomes unruly, with the normalized
confidence interval spread-{gure58 - Figure60) increasing as the return period
increases. This widening of the confidence intervals as longer return period intervals
are used indicates a declining ability to predict these events beyond the 5x time

horizon.
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HGURES8: VARIANCE OACEREXTREMEHs PREDICTION ACROB3FOLDS FOR-5 YEAR
RETURNPERIOD ATMI3 USINGL YEAR SEGMENT OF PREION DATA

Thevariation in the prediction value ofsHand particularly the extent of the outliers,

rises with increasing return period, though the selection of data is still seen to be

significant.

HGURES9: VARIANCE OEOWERCONFIDENCENTERVAL FORCEREXTREMBHsPREDICTION
FOR1-5 YEARRETURNPERIOD AM3 USINGL YEAR SEGMENT OF PREION DATA

The spread of lower 95% confidence intervals for extremprétiction is found to

be far lower than that of the primary prediction value, indicative of greater
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confidence in the prediction of the lower confidence interval. Here the variation in
predictions across a 1 toyear Return Period interval is seen to lees significant

than the impact of the selected data for producing the prediction.

HGUREG0: VARIANCE OBPPERCONFIDENCENTERVAL FORCEREXTREMBHsPREDICTION
FOR1-5 YEARRETURNPERIOD AM3 USINGL YEAR SEGMENT OF BRAHON DATA

The variance in upper 95% confidence interval using the ACER approach is found to
be extremely large. At just ayiear return period, there is a spread of 9.72m between
the largest and smallest upper confidence intervals, while the maximum differe
between the largest encountered wave height across all folds was just 1.42m. This
indicates a large degree of uncertainty in the upper bound confidence of the ACER
function. Any project which is cognisant of these in selecting an extreme wave height
is likely to struggle with achieving a realistic upper bound based on the use of this
function.

Conclusions
The motivation for the work performed in thhapter comes primarily from the
offshore renewable energy sector, whose sustainability is dependerredacing
both cost and risk. By the provision of more accurate design information there can
be more certainty in terms of the survivability of a structure and thus-siskéng of

the proposed project.

The work performed here has succeeded in providireatgr accuracy in extreme

wave design information. This increase is achieved through an improved
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understanding of the influence of selection thresholds on the resultant extreme wave
prediction, through automated selection of the bditing distribution for wave
conditions at the site, and via greater knowledge of the relationships between wave

parameters at these extreme conditions.

The method proposed in Sections 4.4.4 is an extension of the type of analysis
already undertaken to determine extremes; with the goal of providing more certainty
in terms of the predicted vaks achieved, and the relationship between wave
parameters during extreme wave conditions. By establishing a methodology
involving the use of linear regression techniques for relating wave period and wave
height, more certainty has been brought to the prediction of wave periods
corresponding to extremed¥alues. Additionally, the analysis of wave steepness has
suggested a limiting wave steepness value can be determined for extreme
conditions, and this will aid an understanding of the relationship betweanew

height and period for extreme events.

Significantly, the relationship betweenstnd Hhax Or Tz magnitudes can be
determined for conditions defined as extreme wave events; these defined by either
monthly maxima selection, or Peaks Over Threshold SetedVith this relationship
tailored to a particular site, an improved estimate of wave parameters coincident
with future extreme Hevents can be determined. This relationship has been derived
for Belmullet Berth B data, finding that the Al reaches a value of approximately 1.65
during extreme K conditions, which is consistent with the lowend of many
industry assumptions for this rationkkvalues coincident with extremeskdvents for

5, 10 and 2Grear Return Periods at the Belmullet site have beetemwined, and
these values will be found to be significantly lower than those produced by the

theorised 1.872.00 Al which is often used in extreme analysis in the industry.

The value of Zwas found to increase at a rate of approximately 0.46Hextreme
wave conditions defined by the 98percentile or greater K while the wave
steepnessat extreme wave conditions was found to continually decrease and
become less variable with increasing Ebnverging to a value of 16 at the highest
recorded Hvalue. Utilising a combination of this HT; relationship, and a relatively

defined bound for the wave steepness during extreme wave conditions, it is possible
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to have much greater certainty in the prediction of the coincident values of these

parametersfor future estimates of extreme conditions at the Belmullet site.

A further advantage to the determination of these relationships is the ability to build
a model which improves with each tranche of data gathered, rather than assuming
values of the anomaly index and wave steepness that have been derived empirically

elsewhere.

From this work, the following methodology is proposed for the optimization of the
prediction of extreme conditions at sites in Coastal Irish Waters (whose behaviour

likely extends to kEastern Atlantic sites):

x Select the monthly extremes ofHHnaxvalues and the accompanyingahd Hhax
values for the Kresults.

x Determine the best fitting distribution for the data.

X Using regression analysis, identify trends in Al, Slope, and Vésioel P

x Estimate Hand Hhaxextreme values using GEV or similar techniques.

x Estimate corresponding extreme; &nd Al values using the results of the
regression analysis.

x Ensure correlation between results using wave steepness at the extremes as a
guidingvalue.

Using this methodologyt has been found that the identification of extreme wave
events above a defined percentile threshold results in more accurate predictions of
extreme values versus utilising the entire dataset available; while selection and fitting
of monthly maxima to an extreme curve results in more realistic prediction of
extreme wave events for longer return periodghis additionallgarriesthe benefit

of inherently selecting independent and heteroscedastic data due to the temporal
sepaation of the selected extreme wave events. Contrasting this mettoothe
selection of extreme wave event by percentile threshold; it was found that while the
percentile method did not provide the same accuracy in mean extreme value
estimates, there werebenefits conferred by the increased number of sampling
points, which resulted in increased statistical confidence in the range of extreme

conditions which are likely to be encountered. It carries additional value by retaining
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a far greater number of datagints in datalimited scenarios, making it a preferred

option for shorter buoy deployments.

The analysis of ACER as a prediction method fat the M3 buoy has shown that
the method provides reasonable estimates of predicted extreme wave heights, and
does so using subsymptotic data that does not require that extreme events occur
in the recorded data to make a prediction. However, it was also found that even
amongst lyear segments of the dataset with similar maxima encountered, there was
significant variation in the predicted value. This was particularly the case for the

upper confidence intervals of the resulting predicted values.

The use of a crosmlidated approach allowed for additional insight into the influence
of the selected data on the resuity prediction, while highlighting aspects of the
prediction that were particularly affected by either the variation in conditions
encountered in the dataset, or the length of return period for which extreme values

were predicted.

The elements which affect the prediction of extreme events are multifactorial;
typically requiring a choice of distribution, choice of threshold, and an analysis of the
influence of data length. The ACER method implemented with a@lgtation

approach allows for a more consistearid informative prediction of extremes.
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Metocean Assessment to IEC standards

Introduction
Increased activity in the f3hore Renewable Energy sectorhas ensured that

knowledge of the wave climatecludingaccurate modelling and forecasting of wave
conditions in locations suitable for Marine Renewable Energy profebecome

increasingly important.

In Ireland, renewable energy strategies such as @ftshore Renewable Energy
Development Plan, which outlkes the Irish government’s target of 40% of electricity
from renewable sources by 2020, highlight commitment to the long term economic
potential of Ireland’s wave and tidal resources (Department of Communications and
Resources, 2014%iven Ireland’s huge natural wave resource, with an accessible
capacity estimated at over 11.72Twhl/year (Sustainable Energy Authority Ireland,
ESBI and Marine Institute, 2005he need for a standardised and thorough
assessment of potential sites for Marine Renewable Energy has never been greater.
Rapid development is taking place globally, with advancements in device design,
testing methoddogies and project planning.hereremain however,a number of
issues surrounding the proposed deployment of WE@ith two of the most
prominent being assessment of energy production and survivability (Jge,

2011) These issues, in a rapidly growing and highly promising §jsld,rise to the

need for detailed metocean analysis methodologies, as well as standards governing

the analysis of sites for Marine Renewable Energy.

This Chapter builds on the work perfoehin Chapters 8nd4, using comprehensive
numericalmodelling and characterization of the site conditions at Killard Point as a
test case for the development of improved tools to tackle two of the outstanding
issues in the development of wave energy pragectamely, energy production and
survivability The novel Machine Lesng methods developed in Chapter &8e
applied to improve the correlation and the prediction of wave parameters, while the
Extreme Wave techniques developed ire@ter 4 are applied to improve estimates

of Extreme Waves on the West Coast of Ireland.
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In addition to this, the wave resource characterisation is performed to the IEC 62600
101 standardsfor Wave MBergy Resource Assessment and haracterization
(henceforth IEETS), which represents a firsf-kind study, and will enable an
exploration of the validity, cost and practicality of implementing these standards for

Marine Renewable Energy projects.

Section5.2 gives an overview of the IEKS requirements and recommendations, as
well as the details of the WestWave project, which serves as the test case for the

application of the novel metocean analysis methods that have been developed.

Sectiorb.3details the processf generating a 24 year hindcast, numerical wave data,
dataset at the Killard Point site to the FES standards. It will highlight the difficulties

that are found in meeting the stringent requirements on#d therein.

The wave climate and resource modelling methodology and validation processes
undertaken will be detailed in Sections 5:35.4. Issues associated with data
acquisition of hindcast boundary conditions, validation of data sources and modelling
of the area in MIKE 21 SW software will be highlighted.

Sectiorb.4implements the novel methods developed in Chapteasid4 to improve
power production accuracy in line with the requirements of the-TBSC and to
highlight the utility these newly developed methods have in moving toward the
accuracy required for the Marine Renewable Energy industry to have “bankable”

projects.

Section5.4.7deals with the predictability of wave conditions on the West Coast of
Ireland andquantifies the impact that inaccuracies in available numericalciase

models have on energy production of WEC farms.

Finally, potential opportunities for further work to improve upon best practice in
terms of validity, cost and the practicality of implementing the TESGwill be outlined.
This work represents an important development for the future of Marine Resource
assessment.

Background@nd Development
This Section is intended to give background on both thelE@nd the WestWave

project case study. Though these have been described previously in Chafier 2
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Section gives additional information that is pertinent to their use in the context of a
first-of-kind utilisation of the IECS for a commercial wave energy developmént
further outlinesthe motivations of the WestWave projeds well as the specific site
data and site characteristic details relevant to the modelling, characterisation, and
implementation of novel methods for characterisation and energy production

estimation.

IECTS
The IEC 6260001 TS: Marine EnergyWave, Tidal and other Water Current

Converters- Part 101: Wave Energy Resource Assessment and Characterisation
provides guidance relating to the measurement, modelling, analysis and reporting of

the wave energy resource, and the linkages between these activities.

It provides a uniform methodology that will ensure consisteany accuracy in the
estimation, measurement and analysis of wave energy resource at sites that could
be suitable for the instadtion of WECSs, together with defining a standardised
methodology with which this resource can be described. It is intended that it be
applied at all stages of site assessment (initial investigations to detailed project
design) and in conjunction with th&C technical specification on WEC performance
(IEC TS 62661D0).

These standards are targeted at Project developers, Device Developers,

Utilities/Investors, Policynakers and Consultants producing resource data.

It is important to remember that wave climate analysis and modelling will shape
design decisions and commercial outcomes, thus it is important that these

observations be held to high standards.

The standards are currently in publishied‘Technical Specificatiorfdrmat, with a
stability date of 220, after which it will be replaced by a revised editidhis hoped
that work such as that done in this Chapter will act as a feedback mechanism for the
future development of these standards, and act as a tastefor the implementation

of these standeds.

The utility and effectiveness of the IE&andards for wave energy resource

characterisationhas been assessadsing three different models with increasing
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spatial resolution in order to fulfil the requirements of the {EStandardsn (Ramos

and Ringwood, 2016Y hey found that thee standardsffered a robust and coherent
methodology, featuring recommendations and rules to carry out precise wave
resource characterisation.dwever, it was also found that some of the minimum
requirements needed for validation of the more stringent design stages were
excessively demanding in light of current best available wave modelling techniques;
finding too that the increase in accuracy of key wave parameters was relatively small
in comparison to the processing and time constraints imposed by the use of a more

refined mesh stipulated for the “design” & “feasibilitgtage requirements.

5.2.1.1 Requirementand Recommendations

Three distinct types aftudies: Reconnaissance, Feasibility and Design, are defined
by the IEETS(shown inTable33); with Class 1 studies typically conducted at low to
medium resolution, spanning a large area and producing estimates with considerable
uncertainty. Resource assessments conducted to inwstighe feasibility of a
particular site or to support the design of a specific project will focus on a smaller
area and employ a greater resolution, aiming to generate greater certainty in

estimates of the wave energy resource.

TABLE33: OLASSES OF RESOUREFESSMENTIEC52600101 (“TABLEL")

Uncertainty

Class Description Wave Longshore
Extent (km)
Resource
Class 1 Reconnaissance High >300
Class 2 Feasibility Medium 20-500
Class 3 Design Low <25

Note that the class of resource assessment does not explicitly limit the longshore
extent of the model, it is merely indicative of the expected reduction in area owing

to the focus on a specific area of the domain.

Table 34 covers the model setup recommendations for the three classes of
assessment, outlining the physical processes, boundary conditions and numeric
modelling factors of the wave model that are permitted or recommended, while

Table35 provides the IEQ Srecommendations for model validation.
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TABLE34: IEG626004101MODEL ETUP RECOMMENDATIONS
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Component Class 1 Class 2 Class 3

Physical Processes

Wind-wave growth
Whitecapping

Quadruplet interactions

Wave breaking N

Bottom friction N

Triad interactions

Diffraction

Refraction

Wave reflections

Wavecurrent interactions

Numerics

Parametric wave model N a a
2nd generation Spectral wave mod KN N Q
3rd generation Spectral wave modi 0 0] 0
Mild-slope wave model N N N
Spherical coordinates N N
Non-stationary solution N N N
Min. spatial resolution 5km 500m 50m
Min. temporal resolution 3h 3h 1h
Min. num. wave frequencies 25 25 25
Min. num. azimuthal direction 24 24 24

Boundary Conditions
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Parametric boundary N a a
Hybrid boundary N N Q
Spectral boundary 0] 0] U

0 A E}S W Eulss N ArRectingermed A D v 3}EC

Further requirements of thesuch as those for input wind conditions, can be found

in the IECTS documentation.

TABLE35: IEC626004101VALIDATION RECOMMBATIONS

Criteria Class1 Class 2 Class 3

Data coverage

Min. Num. of cell data points 3 5 5
Min. coverage by validation 90% 90% 95%
data

Sig. wave height, HmO 10% 5% 2%
Energy period, &T 10% 5% 2%
Omnidirectional wave power, J 25% 12% 5%
Dir. of max dir. resolved powel 10° 5o
}Jmax

"% SE o A] 3ZU «xi - 12% 5%
Directionality coefficient, d - 12% 5%

These validation requirements include a number of additional elements to ensure
proper coverage and appropriate analysis. These include the stipulation of a
minimum data coverage of 70% for each month, a minimum of 1 year of validation
data to accompany # modelling results, the construction of an omnidirectional

scatterplot, and the evaluation of normalised error, systemic error and random error.
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Test Case: WestWave Project, Killard Point

5.2.2.1 Overview

The WestWavésee Section 2.1.1.pyoject is Ireland’s first commercial wave energy

project, under development by ESBI.

The goals of the WestWave project are to:

X

X

Demonstrate Technology Readiness.

Develop Capability anslipplychain.

Gain Public acceptance for Wave Energy.
Prove Opportunities for Wave Energy in Ireland

Disseminate Learnings.

The WestWave site, then, represents a key source of resource data and commercial

development data for Irish West Coast MRE projeittis used in this work as a test

case for the development of the novel ML and extreme wave characterisation

techniques developed in Chapt@and4, as well as a test case for the development

of a firstof-kind characterisation methodology to IHS standards, developed in this

Chapter.

5.2.2.2 BuoyData Resource

HGUREG1: KILLARDPOINTDEVELOPMENAREA

Wave Buoy data was available from three buoy deployments made during the

measurement campaign for the WestWapmject. Data was collected by means of
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a Datawell Waverider Directional wavebspgnd postprocessed and analysed to
produce a hathourly record of timeseries and spectral parameters. Deployment
locationsare outlined in Tabl&7, with Deployment durations and dates outlined in
Table37.

TABLE36: BuoY DEPLOYMENTOCATIONS HINDCASTMODELEXTRACTIONPOINTS AT
KILLAROPOINT

Location | Latitude | Longitude | Easting Northing
DL1 52.762 -9.61 90500 169050
DL2 52.766 -9.58 93511 169483
DL3 52.774 -9.59 92965 170349

TABLE37: KILLAROPOINTBUOYDEPLOYMENT SUMMARYTBE.S

Deployment DL1 DL2 DL3 Total
Start Date | 19/11/2011| 23/08/2012| 15/10/2013 -
End Date | 13/01/2012| 12/12/2012| 30/04/2014 -
Duration 1,323.5 hrs| 2,657.5hrs| 4,742.5hrs | 8,723.5
No. Recordg 2,647 5,315 9,485 17,447

The IEG'S validation requirements include 70% coverage for each month, and a
minimum of one year duration for validation. This requirement is not fully met by the
measurement campaign, with no coverage between May and late August, and a total
of 8,723.5 lours falling short of the 8,760 hour requirement, though the remaining
months do feature greater than 70% coverage. Fortunately, the magnitude and
variability of wave parameters in the Atlantic is much larger during winter months
(Young, 1999)thus the predictability of ambient conditions will not be majorly

affected by the absence of calibration data during this timeframe.

5.2.2.3Killard Point Site Characteristics

It was important to accurately characterise and achieve a better undedgtg of

the conditions at theKillard Point sitéefore beginning the numerical modellinthis

was doneusing the available data from the three buoy deploymeRe&rforming this
analysis prior to beginning the numerical modelling exercise gave the baseline
characteristics of the site; informing the general levels of available resource, while
providing an insight into idiosyncratic conditions at the site which may have

warranted further investigation during the detailed analysis which followius
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analyss also serves to enable the calibration of the numerical wave model to

recorded site conditions.

This characterisation includes an examination of the occurrence of wave conditions;
with the distribution plotted for individual parameters. Histogram plats provided

to view the distribution of single parametersn{# To1, Tp for modelled data and &b,

T, Tp for buoy data), and an occurrence matrix defined by-sedes consisting of
combined H-Tpand H—Toz parameters is provided to view the joint distribution of
seastate parameters. The directionality of the site is also characterised on both an

overall, and a seasonal basis.

This section serves mainly to demonstréte process of performing data acquisit

and resource analysis in line with the {E€ requirements.

Given the length of dataset for each, there were some key differences between the
analysis methods employed for the buoy and model data analiisesanalysis of the
buoy data was somewhat ostrained due to the limited availability of data,
particularly with regard to the inability to perform a full seasonal or monthly analysis.
Using the buoy data to perform the initial characterisation of the site, overall plots
representing the magnitudera distribution of each wave parameter were produced
for each deployment location. In addition, both mean and peak period was used in

defining a scatter plot of occurring sstates.

The distribution of the occurrence of wave height and period parameters has been
comparedbetween buoy data recorded during buoy deploymen dnd the output
of the Mike 21 model to ensure parity between the representation of the climate

produced by the model and its actual behaviour.
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FHGURE62: PERCENTAGEDCCURRENCECATTERPLOT FORHwo / To2 (MEAN PERIODAT
KiLLARCPOINTDL1

The prevailing climate during Deployment 1, which covered the period 19/11/2011 —
13/01/2012 with 2647 records, is shown in Figé2 Metocean conditions during

this period are visibly energetic, as heavy storms were experienced. A number of sea
states with an Ko greater than 6m occurred and typically have an accompanying
period in the range 4 1s; while a number of outlier storm events are evident in the
upper right quadrant of Figur&@2. The most commonly occurring bin, representing a
spread of sea statesvith an occurrence percentage of 9.1%, has a significant wave

height between 4.%m and a mean wave period between 7.5 and 8s.

Figure63 shows the distribution of kb is shown for Deployment Location 1. The

energetic conditionsr evident, given that the most commonly occurringolis 4m.
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FHGURES3: HISTOGRAM OFwo DISTRIBUTION FOR®YDATA AT DEPLOYMENT LOCATION

The histogram of T distribution in Figure 64 shows that the most commonly
occurring Tz is 8s, representing approximately 37% of the overall Tz Period

occurrence.

FHGURES4: TZ HISTOGRAM OF BUOY DATA AT DEPLOYMENT LOLATION
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HGURES5: WAVEHEIGHT DISTRIBUTION AT$830 (PEAK DIRECTIONAL SECTGREBUOY
DATA IN2014 (15T JANUARY- 30™ APRIL)

It is important to note that the figures shown for the buoy deployment data are

generated umg a dataset of limited duration, and are thus likely to present a biased
representationof conditions at the site. However, it will be shown in Section 5.3.3.2
that the hindcast data coincides well with the buoy data at concurrent times, and
thusthere can be confidencéhat the extended hindcast providesgood picture of

the site conditions over a longer duration.

Metocean Modelling

Introduction
Meteocean modelling plays a key role throughout all aspects of the Ocean

RenewableEnergyproject lifecycle. It is required for Site Selection and Feasibility,
Development and Consents, Design, Installation, Operations and Maintenance and

Decomissioning.

This section details the methodology, calibration, correction and error analysis of the
modelling exercise performed for the Killard Point site. It covers the selection of

domain output points, selection of input data used to achieve optimum accuracy and

169



edablishes the level of accuracy of the modelling and its compliance with tRESEC

modelling error and validation requirements.

The standards produced by Technical Committee (TC) 114 specifically address
resource assessment requirements, design and saipility; and the evaluation and
mitigation of environmental impacts. This section represents the first weald
application of the IEC TC114 62600t standards governing wave modelling and
metocean assessment and the adherence of the modelling process to these

standards.

The primary focus will be addressing the challenges associated with obtaining quality
wave model input data and with the selection of an appropriate domain resolution
that balances accuracy and computation time. The suitability of ticeracy limits
proposed by the standards is to be examined, and the impact of the application of

these standards on resource characterisation elucidated.

This modelling exerciselditionallyrepresents the cornerstone of producing reliable
resource data fothe WestWave Project, with the results of the analysis driving the
work of device developers and informing decisions on O&M and operational strategy

for the Killard Point site.
An overview of the work in this Chapteras follows:

x Detail of wave model s$ep includingacquisition and processing:of
o BathymetryData
0 Numerical Model Boundary Data
0 Wind Data
o Tidal Elevation Data
x ComputationalGrid setup from bathymetry detailed
x Mesh Creation process in MIKE 21 SW described, including calibration to

availablerecorded data.
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WaveModel Setup
The analysis was primarily undertaken in MIKE21 (DHI) Spectral Wave Module

described in Sectio2.1.2.7.For a Class 1 |IHG assessment, the directionally
decoupled parametric formulation available in MIKE21 SW is acceptable, and has
been used in this case to greatly reduce the computatioyed land time involved in
generating the hindcast datasethe computational demand of the fulbpectral
formulation was analysed using a preliminary model at the Killard Point, and it was
found to take over three weeks to produce two weeks of hindcast data, while the
accuracy of the output was not appreciably better than that achieved with the
directionally decoupled parametric formulation. In addition, the fully spectral model

was found to be more prone to convergence errors.

The required wind, wave, tida and bathymetry datasets were compiled from a
variety of sourcesvhich will be describedn this Section, the model set up and input
parameters are presented, along with both visual and statistical model validation
performed across MIKE21, MATLAB, antiétysoftware packages.

The process for establishing and running the Numerical Wave Modetlised in
Figure66.
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Mesh Creation

« Mesh created in Killard Point Location using Infomar survey data.

Resolution of
Mesh

J
N
» Max resolution of 50,000fin nearshore AOI.
«250,000n in mid region.
« 1,000,000 in offshore region.
J

Input Data

N
*WW3 IOWAGA and WW3 MeteoGroup Model inputs generated at 3 Wave Boundaries. (South, Mid, North)
» Wind Resource information obtained from CFSR/ECMWF Winds.

*Merra Wind data hindcast input sourced at 1 hour resolution.

Bathymetry

J
N
« Bathymetry data from Admiralty Charts used in select nearshore investigations.
* Remaining detail from INFORMAR Clare Assessment Galway_Clare_BY_20m.xyz.
J

* Newton-Raphson Iterative method used, with: 600 iters, RMS convergence limit .001, dHmO convergenceﬂ
Surface roughness .01m Nikursaude, no Wave Breaking to determine maximum wave heights and calibrate
and buoy datasets.

«24 year Hindcast of waves using MeteoGroup WW3 input. )

Model Runs
(Iterative Proces;

~N

« Collection of models using different input conditions run & calibrated to determine optimal input parameters|
« Model run for periods concurrent with the 3 Buoy Deployments to date.
« Model calibrated against this, iteratively, by adjusting input parameters.

mit .01.
> model

J

FHGUREGG:

PROCESS AND SETUAMIREZ21 NUMERICAL MODEL KILLARCPOINT
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Energy Prediction

* Wave Resource energy asssessment produced from long term dataset using WW3 or similar model.
« Assess likely resource available at site using P=1/2 x Hs

Deployment of measurement devices

» Wave Buoys/ADCP deployed to verify wave resource.
« Data retrieval and Processing performed.

Numerical Modelling

» Numerical modelling of wave resource undertaken in the area of interest using MIKE21 SW.
» Model extended to longeduration hindcast using WW3 input.

Calibration of Numerical Model

* Recorded data used for calibration of Numerical Model.
« Visual and statistical fit of model assessed.

Machine Learning Adjustment

* Use kNN fcrossfold validation with holdout to build predictive model for wave period.
« Correction of modelled data to better match recorded conditions.

Full Meteocean Analysis

« Analysis of § T, Seasonal variability, Weather Windows, Extreme Conditions performed.
« Detailed Energy Prediciton produced using device power matrix in concert with precisely characteriseq
information.

HGURES7: STE ASSESSMENIERARCHY FA®LLARCPOINT ANDNVESTWWAVE PROJECT
Figure 67 details the analysis process once a site has been chosen for detailed
analysis. In IETS terms, there would then follow a Class 1, Class 2 and Class 3
analysis to determine the true energyrqauction capability and overall site

characteristics in terms of operations and maintenance.

5.3.2.1 Input Data

A large number of input datasets were used during the calibration period of the
model run. For simplicity and brevity, only the options which would feasibly make
the final model run, and reasonably comply with the-TES>regarding wave modelling

and resource assessment are referred to in this work.
The final model run consisted of three tirseries inputs:

* MeteoGroup wave data comprising,Hp, PealDirection and Spreading Index
at 4 defined Wave Boundaries in the model, which roughly correspond to
South, Mid and North Boundaries. For these, information was extracted from
a global WW3 model.
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e Wind resource information from the M6 Weather Buoy, IOWAGA WW3
model (Rascle and Ardhuin, 201@ich includes both CFSR and ECMWF
winds), and MERRA wind data.

e Tidal Elevation data, produced from a MIKE21 tidal elevation simulation
based on recorded tidal gauge data at Carrigaholt, and expanded to cover the
duration of the hindcast assessment

5.3.2.1.1 Bathymetry Data

In setting up the Mike21 SW wave model, using accurate bathymetric data of the
local area was of paramount importance in obtaining optimal results. Great effort
was made to collate bathymetry data from the best available sources, as well as
enauring that the data was consistent, reliable and as accurate as could be
determined by a bench studyrhis involved data retrieval from several datasets,
online portals and from data provided by ESBI for specific use with the WestWave
Project. The data waadjusted to a uniform projection to ensure consistency
amongst dataset, and accuracy and replicability in the output of the model. Measures
were additionally implemented to ensure consistency in the datum used and

similarity of adjoining points from disparate datasets.

Coastline data was obtained from an EU coastline dataset sourced from the Canadian
Hydraulics Centrewhich covered the entirety of Ireland, including the location of
interest, at a suitable resolution. This was obtained in LZBMermat containing X,

y, z coordinatesand was subsequently transformed to Irish Transverse Mercator
Projection for compatibility with other inputs to the project, and ultimately for the
compatibility of the model outputs run with other mapping and modellingwafe.
Bathymetry data was obtained chiefly from a 2013 SEAI funded INFOMAR survey
which covered the majority of the area of interest with a resolution of 20m. The

shaded relief overlay map of the survey can be sedtignre68.
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FGURES8: INFOMARSURVEY OBOUNTYOLAREAREA AT20M RESOLUTIQN

The grey markings indicate the bathymetry collected as part of the INFOMAR survey.
Evident in the mapf the survey are missing areas in both the nearshore and offshore
locationswhich have not been covered. The scatter data was linearly interpolated

onto the computational gridigure69).
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FHGURESS: KILLARCPOINTMESHOREATION IIMIKE21 SW

In order to establish a suitable bathymetry for modelling, it was necessary to infill
missing areaf the INFOMAR dataset. These were provided by digitised admiralty
data that was checked against neighbouring INFOMAR survey data to ensure
compatibility of datum and elevation level. The neighbouring points agreed closely,
and it was not necessary to weight or otherwise manipulate the interaction of either
bathymetry dataset. Figuréd gives a view of this data infill using the admiralty data.
The INFOMAR survey is the ltgock of ordered line surveys in the offshore area,

while the admiralty data are the scattered points visible nearshore.

TheINFOMARsurvey was an ensemble of multiple surveys acquired between 2004

and 2013 as follows

x EM1002 data (multibeam) acquireduing Surveys CV07_01 (2007) and
CEO04_01 (2004).

x EM3002 data (multibeam) acquired during Surveys CV13_SEAI_1 (2013),
CV13_SEAI_2 (2013),

x CV13_SEAI_3 (2013), CV12_SEAI (2012), KRY11_03 (2011), CV11_02 (2011),
CV09_01 (2009) and CV08_02 (2008).

x LiDARairborne laser) data acquired during Aurvey LI08_01 (2008).

Acquired survey data and leg reports can be foundhatv.infomar.ie
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The Geodetic Control was a projection to Universal Transverse Mercator, Zone 29 N,
CM @ W and the WG84 SpheroidHorizontal Control was provided by two distinct
methods for survey data obtained pre and post 2011. From 2011 onwards the
Positioning system was aNav 3050 receiver with DGNSS corrections:2@telL, this

came in the form of @rimary Positioning Systenfugro Starfix 3100LRS receiver
with Fugro Starfix HP corrections, and a Secondary Positioning Sy3JteenSeatex
Seapath 200 using Fugro Starfix Spot DGPS corrections.

The following details were available for the Celtic Voyd&g@eltic Explorer vessels

used for the surveys:

Positioning System
X Applanix PO#V with DGPS corrections
LIDAR System

x Digital Surveying System: Tenix LADS Mk Il Airborne System.
x Primary Positioning System: Ashtech GG24 GPS receiver with WADGPS
corrections from Fugro OmniSTAR.

X Secondary Positioning System: Ashtech PNAV.
Vertical Control
X Source data is reduced to Vertical Offshore Reference Frame (VORF).

5.3.2.1.2 NumericaModelBoundary Data

TheMike 21model’s external boundary is provided in parametric form via MGWave
data from the Metocean Pro model, which has been rumMayeoGroupwith CFSR
(NOAA) “reanalysed winds & ice” model winds. This model is based on WW3 model
(v3.14)(Tolman and Tolman, 19918d by ensemble wind sources including CFSR
from NOAA, ERterim from ECMWF and altimeter data from the globwave project,
ESA. It has proven to be reasonaduitgurate for storm conditions (Padildernandez

et al, 2007)

There is a global model at 1° and several nests including a regional nest around

Europe with a resolution of 1519'. The European domain has been validated against
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satellite and in situ stations. The calibration performed by MeteoGroup has been
focused on ambient conditions, with validation data at the M6 Weather buoy
showing that severe conditions are very well wapd until 12m, “beyond which
there is a characteristic overestimation of wave conditions.” This was not, however,
seen in a number of storm events exceeding 12m during the calibration window at
the Killard Point site. The raw data is a timeseries of ,daignificant Wave Height
(Hs) (m), Peak Wave Periodp(Ts), Mean Period (derived from first momenty.fT

(s), Mean Wave Direction (°) and Peak Wave Direction (haudy intervals.

HGUREZ0: MODELCALIBRATIONDATA ATM6 WEATHEBUOY PROVIDED BAETEGROUP

The calibration of this model, performed by MeteoGroup at the M4 weather buoy in

Donegal Bay, can be seen in Figtitéelow
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FGUREZ1: MODELCALIBRATIONDATA ATM4 WEATHER BUOY PRORIDBYM ETE@GROUP

The Tmeseries, scatter andQuantile-Quantile (Q-Q) plots give us a greater
underdanding of the degree of accuracy of the input data, and allow us to identify
any potential areas for concern when using this as the basis of our parametric input

wave condition.

InFigure72below, the same analysis is performed for the M3 Weather Buoy, located
30 Nautical Miles Southwest of Mizen Head, at 51.13N 10.33W, and again the results
can be considered very accurate, with some minor deviations in the modetied H
accuracy appearing for wave raditions in excess of 10 meters visible particularly

when examining the @) plot.
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FHGURE/2: MODELCALIBRATIONDATA ATM3 WEATHERBUOY PROVIDED BAETEGROUP

The MeteoGroup model is the primary dagource for the boundary data of the MIKE

21 SW model. 24 Years of data have been obtained spanning 01/014991
31/12/2014. This data has been extracted at three locations shown in 38klkich

were chosen as source points for the south, mid and north points of the MIKE 21 SW

model boundary. These locations are:

TABLE38: EXTRACTION LOCATIONS METEGROUPWW3WAVE DATA

Location| Latitude | Longitude| Latitude | Longitude

South 52°20'N| 10°50'W | 52.33° | 10.83°

Mid 52°40'N| 10°40'W | 52.67° 10.67°

North 53°00'N| 10°10'W | 53.00° 10.17°

The input boundaries within the MIKE 21 SW model domain for these conditions are

shown in Figur@3.
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5.3.2.1.3 Wind Data

Wind data has been obtained from ensemble sources. MERRA hindcast wind data at
1-hourly intervals was the primary source used ddave the hindcast model.
Additional wind data was obtained from the M6 weather buoy operated by Marine
Institute Ireland, IOWAGA WW3 model (which includes both CFSR and ECMWF

forcing winds) for comparison and calibration of the model.

5.3.2.1.4 TidalElevatiorData
Tidal elevation data has been generated usingllIKE 21 SW tidal elevation model,
with recorded input datdrom the nearby tidal gauge data at Carrigaholt. The data
was recorded over a period of approximately 1 year, and a tidal harmonic analysis
perfomed in the MIKEoftware was used to extract the constituera$ the tidal
behaviour and to make a prediction for the water surface elevation at Killard Point
for the hindcast.

ModellingMethodology
5.3.3.1 Mesh Creation
A mesh consistent with IECSClass 1 and 2 requirements was implemented in the

study area, spanning 14,000 krithe mesh setup is shown below in Figdge
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RGUREZ3: KILLARCPOINTSTEPPEORIANGULAMESHMIKE21 SW)

The area of interest covers the Killard Point location with high resolatiangular
mesh of 50,000mmaximum area. Expanding from this inner mesh is a 100,600m
mesh and an outer mesh, at two progressively increasing resolutions of 25¢,000m
and 1,000,000rh The computational domain covers a large area of the western
coastlineof Ireland, and extends outwards to the location of the best available input
boundary data, which occurs in an area where wave conditions and bathymetry are

reasonably homogenous.

For this modelling exercise, the stepped grid implemented allowed for a much better
representation of wave conditions in the wider environment, and sufficient distance
for the stabilisation of wind and wave conditions between the boundary conditions
and the nearshore site. It also preserved the high resolution required to ensure
validation of wave conditions within the environment of interestcording to the

IECTS requirements.
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The model domain consists of 38,045 elements, 20,093 nodes, and spans 390354m
—509452m Easting and 593951:m711375m Northing, encapsulating an area of
approximately 14,000kfn

FHGURE74: MODEL DOMAIN (Buoy DEPLOYMENTL-3 LOCATIONS USED FORTIAL
CALIBRATION HIGHLIGED- DEEP RED

Figure74shows the domain of the MIKE 21 SW model at Killard Paftetr the mesh
has been interpolated and smoothedhe locations of three buoy deployments,
spanning 201% 2014 are highlighted (dark red circles). These pointsiaeg as the
reference irthe initial model calibration. The model extraction points, corresponding

to the three buoy deployment locationare shownin Table36.

The complexy of the mesh and features within it was altered a number of times to
optimise the resolution of the output, while keeping model rimes at a sustainable
level. Aside from creating four defined mesh areas with varying resolution from

50,000n% to 1,000,@0n¥ in deeper water, a number of changes to the mesh and
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node points were required to ensure even transition of mesh size and bathymetry to

prevent convergence issues during the modelling process.

All data sources with a spatial component were standartitsean ITM projection to
ensure the consistent location of features and the utility of the project outputs for
the developer by using a projection consistent with that chosen for other relevant

project elements.

Figure75 below outlines the location of the Mike21 SW model extraction points.
These correspond to five Nearshore locations, and one Offshore location that
represent potential sites for the future deployment of WEC devices as part of the

WestWave project. Coordinates of these locations are given in B&ble

HGURE 75: MODEL DOMAIN (NEARSHORE ANDOFFSHOREMODEL OUTPUT POINTS
HIGHLIGHTED
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TABLE39: MIKE21 MODEL OUTPUT POIN(ISEARSHORE ANDFFSHORE LOCATIONR FO
STATISTICAL ANALYSISHLIGHTED

Model Output Location| Easting| Northing | Latitude | Longitude
Nearshore 90500 | 168357 | 52.76 9.62
Offshore 83214 | 167321 | 52.74 9.73

Nearshore 2 94000 | 168357 | 52.76 9.57
Nearshore 3 93410 | 168000 | 52.75 9.58
Nearshore 4 92650 | 167750 | 52.75 9.59
Nearshore 5 92000 | 167500 | 52.75 9.60

The Nearshore 2 point is taken as the primary “Nearshore” location for the purposes
of this report, and is referred to emich from now on. It is located in approximately
16m water depth, in line with the expected deployment depth for the bottom
mounted WE device. In addition to the marked points, the hindcast model also
outputs a subset of parameters at a more limited temporal resolution over the entire

domain shown.

5.3.3.2 Model Calibration

5.3.3.2.1 Initial Model Calibration

A statistical analysiand comparisorof model output and wave buoy data was
performed at Deployment Locations-3L(Figure 74 and Table 36) to verify the

integrity of the data an@nsureproper setup of the model.

Undertaking a Class 1 modelling exercise at Killard Point, three validation points were
used Theminimum data coverage of 708tipulatedfor each month, bwever,was

not possible due to the timing of the measurement campaign which was carried out
-and the resultant lack of data from AprilAugustThis is an important consideration

for projects which will follow the IETS, as it will necessitate that buoy deployments

for measurement campaigns achieve high availability across each month.

During initial calibration, IOWAGA WW3 model datas used to drive the model
boundary conditionsand statistical comparisons showed that it matched the mean
conditions at the Killard Point site with very good accurdcyisual inspection and
extreme wave analysi©ioweverrevealed that the IOWAGA data resulted in under

prediction of wave heights during large storm events.
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HGURE76: UNDER PREDICTION l&\to CONDITION DURINGGRM EVENTS USINGWAGA
WW3INPUT

MeteoGroup data was obtained due to concerns with the IOWAGA data regarding
the prediction of extreme wave events. Calibration tests at-Blakre run again with
MeteoGroup data input, which was archivatil hourly intervals. It was found that
the MeteoGpup data gave approximately equal statistical fit to the buoy dataset,
while better representing the storm conditions. The correlation of mean wave period
was greatly improved in comparison to thénBurly IOWAGA datadditionally this
changdully satisy the requirements of the IETS which stipulate that the minimum
time interval for the numerical model output cannot be less tlhat of the data

used for the numerical boundary input.
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HGURE77: Hs CoMPARISON MIKE21MODELHINDCAST USINBIETEGROUP DATA AT
DEPLOYMENT LOCATIDN

ComparingFigure 76 and Figure 77, it is evident that the hindcast model using
MeteoGroup input performs better for the prediction of storm eventst exhibiting

the same level of undeprediction as the IOWAGA data.

5.3.3.2.2 Final Model Calibration

The calibration of the model at the 3 deployment locations is displayed below. Figure
78, Figure79 and Figure80 show the model’s accuracy in estimation of dt the
Killard Point site, matching the mean conditions very closely, whitleresimating

wave heights during large storm events. No time lag was observed in the model
across all deployments, but a visible time lag is introduced in Deployment Location 2
and 3 below, caused by missing buoy data. This time lag was corrected during
database creation for the statistical comparison of wave parameters. The difference
in the sample time between recorded and modelled data generally does not present
any issues, though the modelled data is “smoothed” to a greater degree. In
synchronising the two datasets, the Hampel filter is appi@ethe input vector, x, to

detect and remove outliers. For each sample of x, the function computes the median

187



of a window composed of the sample and its six surrounding samples, three per side.
It also estimates thetandard deviation of each sample about its window median
using the median absolute deviation. If a sample differs from the median by more

than three standard deviations, it is replaced with the median.

FHGURE78: Hs CALIBRATIOMT DEPLOYMENIOCATIONL

Hs correlation between buoy and model is excelleRigure78), with both ambient

and storm conditions represented by the model. Under prediction of large storm
events is evident at a number of points, which can be attributed in part to the longer
avergging period of the input model data (lotrr) vs the buoy (haffiourly). H
prediction at deploymenibcation 1 accurately mirrors that recorded by the buoy for
the same period. The model shows no visible timelag, minimal bias, and very good
correlation oveall. There is a notable rounding of storm events, with the model
showing a tendencto “smooth,” and underpredict storm events, and rapid changes
in K in general. This results in a maximum underprediction of approximatelyslm H
(discounting outliers) dumg deployment 1. The impact of this is likely limited to
extreme analysis, and the calibration proves that the input data and modelling setup

are more than adequate to produce output data to a high standard.
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HGUREZ9: Hs CALIBRATION ATDEPLOYMENITOCATION?

AGUREBO: Hs CALIBRATION ADEPLOYMENIIOCATIONS

The Hcalibration results for deployment Locations 2 & 3 mirror those of deployment
location 1, exhibiting the same high accuracy in both mageittd phase. There is,
however, a notable time lag introduced towards the end of October 2012 and
January 2014ue to missing buoy data for these periodsis is visible iRigure79

and Figure80, but is corrected by synchronising the model and buoy datasets prior

to the statistical analysis performed; the results of which are presented in %éble

[The model represents the mean wave direction well, capturing both magnitude and

temporal variations with some skill. There is, however, a constant bias of

approximately negative-30 degrees when compared to the recorded déta. ﬂ Commented [ALL]:
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FHGURE31: MEANWAVEDIRECTIONCALIBRATION ADEPLOYMENIOCATIONL

HGUREB2: MEANWAVEDIRECTIONCALIBRATION ADEPLOYMENIOCATION?

190



FGURE3: MEANWAVEDIRECTIOICALIBRATION ADEPLOYMENIOCATIONB

The overall granularity of the model is far lower than the buoy data,béiin far
fewer mean wave directions, likely due to the longer averaging periods of both the
input wind data for the model, and the 1 hour temporal resolution of the model

output vs. the 30 minute resolution of the Waverider buoy output.

Peak Period is ve well represented by the MIKE21 model, showing excellent
correlation, lack of apparent timkag, and magnitude which is very well represented.

It does exhibit some smoothing when compared to the buoy data; similar to the
behaviour of mean wave direction displayed in the section above. Further, the model
has a eéndency to under predict the extremes of Peak Period. This is particularly
visible inFigure 84 and Figure 85 below. This under prediction, combined with
underprediction in the values ofsHoes present difficulty in the analysis of extreme
wave events, and particulaaution should be exercised tihe interpretation of the
results, as they may suggest lower values of extreme wave height than are likely to

occur.
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HGUREB4: Tr CALIBRATION ADEPLOYMENIOCATIONL

HGUREB5: Tr CALIBRATION ADEPLOYMENIIOCATION2
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FHGURES6: Tr CALBRATION ADEPLOYMENIOCATIONB
The Peak Period parameter changed rapidly throughout the duration of the
Deployment Location 3 deploymenthe model coped admirably, exhibiting the

same low bias and RMSE errors as for Deployment Location 1 & 2.
Calibration results for deployment locations3iwere as follows:

TABLE4Q: STATISTICAL ANALYSISMIKE2IMODEL USINM ETEGROUP INPUTAGAINST
BUOY DEPLOYMENT DATA

Location
DL1 DL2 DL3

Parameter| Metric
Hs Bias(m) | 0.1466 | 0.0369 | 0.2789
RMSEm) | 0.6575 | 0.4925| 0.9687
Rcorr 0.9185 | 0.9057 | 0.9057
To Bias(s) | -0.0762| -0.4128| -0.1103
RMSHs) | 0.7739 | 0.7143 | 0.6824
Rcorr | 0.9185| 0.9057 | 0.9057

The model produces results which compare favourably with the data obtained from
the buoy deployments, having very low bias and RMSE, with an Rcorr value of above

0.9, indicative of good model fit.

The IEC standards stipulate thsatistical analysis results be presented in terms of
percentage. These are presented in Tadéelow, with the addition of Jand Power

calibration results.
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TABLE41: STATISTICAL ANALYSIS MKE 21 SWMODEL USINMETEGROUP INPUT
AGAINST BUOY DEPLCENT DATAPOSTCALIBRATION

Location
DL1 DL2 DL3

Parameter | Metric
Bias (%) 10.84 | 15.48 | 13.33
Hs RMSE (%)| 14.19 | 19.76 | 18.59
Rcorr 0.92 0.91 0.95
Bias (%) | 8.09 | 13.38 | 8.66
Tp RMSE (%)| 10.90 | 18.03 | 12.23
Rcorr 0.74 0.73 0.79
Bias (%) 6.20 9.71 6.83
Te RMSE (%)| 7.96 | 12.85 | 8.81
Rcorr 0.86 0.82 0.87
Bias (%) 22.68 | 10.30 | 26.38
Power (J) | RMSE (%)| 34.36 | 13.26 | 56.57
Rcorr 0.91 0.90 0.93

Table 41 displays the statistical analysis results for the three model extraction
locations analysed alongside concurrent buoy data. Correlation Coefficient results
are excellent for K Power, and & while inherent difficulties with the correlation of
“peak” parameters produced by disparate sources reducing the correlation
coefficient to 0.74 0.79 for . R Correlation values in excess of 0.9 fartd Power

are indicative of good model performamcwhile a bias of 16 15% for His very

good, despite falling marginally outside the requirements of theTEC

Overall, the calibration results reveal model performance that is in line with the

current stateof-the-art.

5.3.3.3 Model Output

Afirst of kind Giss 1 model assessment was perforraedording to the IETS using
parametric wave data inputs {Hp, Peak Direction) and ageneration spectral wave
model. 24 years of high quality hindcast data was produced, with output at multiple

validation points indicative of likely locations of WEC deployment. Attempts were
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made to follow the guidelines for a Class 3 model assessmentdiegdo the IEC
TSwhere possible, but a number of relaxations were made according to Annex A of
the standards, which specify that model components found not to have greater than
a 5% threshold difference can be omitted. This included the omission of a fully
spectral formulation input approach, as the memory and computational

requirements were deemed excessive.

After repeated A/B testing on a validation dataset, the ultimate parameters chosen
were the best attainable in terms of balance of cost, practicadidherence to time
constraints, and accuracy. The chosen parameters ensured that the model benefitted
from drastically improved computation times, while maintaining a desirable level of
accuracyThe methodology for selecting parameters in this work inform future
commercial projects seeking to follow the HES.The model output has been
validated against ksitu buoy measurements at three separate locations for a total
duration of approximately one year. The accuracy of the results compare favorably
to state-of-the-art nearshore hindcast models for Irelagnd.g. (Gallagheret al,

2013)

This hindcast data has been analyzed to determine summary statistics of key wave
parameters according to the proposed I&&ndards. This includes an assessment of
the monthly and annual variation of the key parameters, FHand wave power,
giving a greater understanding of the characteristics of this energetic site. The
analysis of wave power variability is of particular value to a site developer, informing
them of both the magnitude and expected variability of the resource. The stringent
requirements for validation accuracy were difficult to attain, and do not mirror what
is currently achievable by state#-the-art models. The accuracy of the wave model
produced in this work is in the region of 105% bias and 1520% RMS#6r H;, and
10-26% bias and 1356% RMSE for wave power (Table 7). Despite displaying very
encouraging statistical metrics and correlation with the buoy data at concurrent
deployments, this falls outside the standards defined for even a Class 1
(Reconmissance)}- assessment. These standards, while admirable, are particularly
onerous, and are unlikely to be met by most existing models with the majority of

available data sources. Only after calibration can results reach below a 10% bias or
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RMSE error. Irhts case, the validity of MCP and calibration methods used become
increasingly important, and thus are found to be too lightly covered by theT§C

standards. This Class 1 analysis has served its purpose in highlighting

Some general statistics derived findhe resource characterisation apesented(in

part) below. This is not intended to be an exhaustive report of the analysis, but to
present a summarnyof the results derived from performing an analysis to IEC
standards and to give a basis for a filisaissionof the site characteristicsThe
results derived from the characterisation of the resource based on the 24 years of

hindcast data produced through the modelling exercise are shuosiow (Table42).

TABLE4A2: SUMMARYSTATISTICS FGRNDCASTDATASET

Hindcast Model Paramete| Hs (m) | T1 (S) | Te(s) | Wave Power (kW/m)

Std Dev 149 | 1.63 | 1.87 71.08
Median 219 | 1.64 | 8.83 20.47
Mean 255 | 7.59 | 8.94 45.52

10th Percentile 1.05 | 7.47 | 6.71 3.80

90th Percentile 458 | 5.65 |11.41 113.79

Maximum Value 14.04 | 9.79 | 16.45 1,536.75

Minimum Value 0.11 | 14.76| 2.78 0.00

With a mean Hs value of 2.55m and a maximum of 14.04m, the Killard Point site is
clearly energetic, and thus represents a promising location for the deployment of
WECs. A mean wave power value of 45kW/m at the nearshore location is in line with
the values expected at a West Coast Site in approximately 20 meter degpth, and
represents a suitable resource for the deployment of the typical nearshore wave
energy converter. The standard deviation of the Wave Power is very large, and the
maximum value of wave power recorded is in excess of 30 times the mean wave
power value. Taking this alongside theéQ@ercentile value of wave power highlights

the sporadic nature of high energy generation periods in Wave Energy, with colossal
chunks of energy present during storm conditions, and far reduced wave power
during more benign conditions. To further this analysis prior to final design of the site

for the deployment of WECSs, it would be extremely prudent to examine the

196



extractable wave power for a given device, with the presumption that a typical device

would not be operable in such extreme conditions.

The following Sectios.4 will characterise the Wave Resource available using the
results of the modelling in greateletail.

Wave Resource Characterisation
This section focusses on the important characteristics of the Killard Point site in
relation to commonly occurring conditions, extreme values, seasonal and annual
variability, and a multitude of factors which are commonly used in the determination
of energy production potential and accessibility for operations and maintendiee.
general nature of the wave energy resource is characterized, allowing the
identification of energyrich seastates, and the methodologiesdised in Chapter 3
and 4 are implemented here. This resource assessnietthe first to be conducted
at a “Class 1" IE62600101 standard, and elements of a “Class 2" or “Class 3"

assessment have also been assessed and integrated where possible.

The metocean analysis includes Scatter Plots, Variability of Wave Heightrod P
parameters, Power Production, Directional Wave Rose analysis, Weather window
analysis and an Offshore/Nearshore directional dependence analged the

analysis has been performed for the gamut of conditions defined in F&fuvelow.
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HGURE37: HERARCHY OF CONDNSASSESSED FOR EAICALYSIS ARILLARCPOINTSTE

Each assessment contained within the Metocean assessment was anfilyseeth

of the conditions as indicated in the Tree Hierarchy Diagfigu(e66). The volume

of analysis produced does not lend itself to reproduction here, but further detail and
additional results will be provided in the appendix documents. Particular cases of

interest and broad trends rendered using the resulting analysis will be presented.

Magnitude and Variability of Wave Resource at Killard Point
The variationn resource on a monthly, seasonal and annual basis is an important

consideration in the planning and development of a WEC development, as it has wide
ranging influence on the energy output, which has a direct impact on the economic
viability of any propose project. Predicting, or at minimum accurately characterising
the level of variability that can be expected at a site, is crucial in reducing the
uncertainty associated with the project, and will allow for more detailed and

comprehensive financial modelling for the developers.
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The long term hindcast produced by the model for the Killard Point Dataset is used
here to assess the variability of the average climate statistics for monthly and yearly
time periods.Adding to the analysis of site conditions perfad using buoy data in
Section5.2.2.3 the increased duration of the hindcast model dataset produced
allowed for a larger focus on seasonal and irgenual variaibns, and a full
breakdown of each is provide@he results for both the inteannual and monthly
variability are presented, with these statistics reflective of the variation in conditions
that can be expected at the site over both short and longer 8t#es; examining
wave height and period variation, most commonly and least frequently occurring
conditions, and offering an assessment of the distribution of these parameters over
the 24 year period, allowing an overview of the impact that changing weather
conditions will have upon accessibility. This is crucial to provide information for
installation and maintenance, for O&M and to serve as a guide for the average annual

energy production at the site.

Given the current awareness and increasing discussi@iaifal Warming, it would

be remiss not to mention here that there was no significant trend with regards to
positive or negative movement of any parameter over iraenual timescales, and

any such movement would be outeighed by the significant yearly variation which
exists; however, climate change has the ability to be particularly influential over a
longer time scale, and it is certainly conceivable that it's influence would be felt over
the lifetime of a wave farm, which would typically be expected to b&Q%years.
Apart from changes in the overall magnitude of parameters, it has been suggested
that climate change may elicit an increase in the occurrence of instances of both calm
and extreme sestates (Reee et al, 2011) effectively increasing difficulty in

operating a WEC farm.

The summary statistics of the main wave parameters for the hindcast dataset are
shown below. The output parameter validation required include¥Vave Period,

which was not available from the MIKE 21 SW model. This parameter was generated
using a number of Measure Correlate Predict (MCP) methods, including a simple
linear relationship based on the Bretschneider spectrum, and a machine learning

modd whose creation is detailed @hapter3 and in(Barker and Murphy, 2016The
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diagram below summarises the approach which was used to generate: thavé

period.

Necessity for Machine Learning correction

*Model does not correctly represent Wave Period Conditions.
«This affects device power production estimates.

Model and Buoy Data differences characterised

*Wave Period from Numerical data ~15% greater on average. Relationship is
dependant on wave period and wave height as well as the site characteristics.

Model Setup Approach

*Model generated; taking Wave Height and Period from both Numerical and
Recorded datasets.

* Primary parameters which are predictive of buoy datg@riod are identified.

Machine learning Model

« Initial model trialled using weighted kNN model weighted by inverse distance-toid &ross
validation training approach.

* Holdout and testing split of dataset performed multiple times, minimizing error of predictio
for training set.

Build and apply Model

« Use the model parameters with the lowest prediction error based on repeated testing.
Incorporate OLS prediction, Lasso, Ridge models if error determined to be lower than kN
« Create final model and estimate recorded wave period for entire dataset.

Estimate Energy production using new dataset

« Using new dataset, compare energy production for estimate of recorded data and recordg
data.

* Assess model performance.

HGUREB8: MACHINE.EARNINGVIODELDEVELOPMENT OVERVIEW

Torand E period have been calibrated and corrected against the buoy data to reduce
the high bias and Root Mean Square Error (RMSE) values, whikes khot been
altered, and §is left unaltered due to the inherent variability associated with the

prediction of “peak” parameters.
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5.4.1.1 Annual Variability

FHGURE39: ANNUALMEANHsANDVARIABILITY AKILLARCPOINT

The annual meand{shown inFigure89) exhibits significant inteannual variability.

The overall average value of 2.55m is indicative of energetic conditions at the site,
while the minimum value of 2.04m occurring in 2010 and maximum of 2.88m
occurring in 1994 respectively bound a particularly variable resource. There is an
overall trend towards decreasing,Hbut the magnitude of this change is small and it
cannot be considered dggificant linear trend (p = 0.536, p > 0.95). The maximum
Hs noted in the hindcast was 14.04m.
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AGUREYD: ANNUALMEAN Hs AND VARIABILITYNEARSHORE ANDFFSHOREAT KILLARD
POINT

Figure89 displays the annual variability of thenbfparameter over the period 1991
2014, separated into the nearshore and offshore sites. The average nearshdse H
2.13m, and the yearly standadgviation is 0.21m. The average offshor 4 2.74m
and the yearly standard deviation is 0.23m. The average ifl the nearshore
environment visibly mirrors the 4d offshore, albeit at a magnitude approximately

22% lower.
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FGURE91: ANNUALTo1 VARIABILITY AKILLARCPOINT SITES

Figure91 displays the annual variability of the spectral wave periad, The average
nearshoreTo: is 8.64s, and the yearly standard deviation is 0.237s. The avegaige T
the offshore environment is 8.78s, with a yearly standard deviation of 0.228s.
offshore site exhibits minorly less variability in wave period condition than the

nearshore s&.
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FHGURE92: ANNUALTe VARIABILITY AKILLARCPOINT SITES

Figure92 displays the annual variability of the spectral wave perigdTTe average
nearshore Tis 10.41s, and the yearly standard deviation is 0.285s. The aveyage T
the offshore environment is 10.58s, with a yearly standard deviation of 0.275s. The
offshore site again exhibits minorly less variability in waeeod condition than the

nearshore site.

HGURE3: ANNUAL MEANe WAVE PERIOD
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Annual variation of the mean energy perjol, (Figure93) is more tightly bounded
than other parameters, with less than 1s between the minimum and maximum

annual values, at 8.51s and 9.40s respectively.

Taking the wave parameters as a whole, thaver period and kb values exhibit
similar variability and tend to be correlated throughout the 24 year timespan. The
more energetic years exhibit both highemdand T©y/Tp values, while the less

energetic years see a corresponding decrease in all thresnpeters.

FGURE4: ANNUAL MEAN OMNDIRECTIONAL WAVE PERV

The annual average wave power, as characterised at the nearshore location, is
45kW/m. A maximum value of approximately 6W/km is seen to occur twice; in 1994

and 20H4, consistent with the occurrence of the maximum values of annualised H
The minimum value, occurring in 2010, is just 26 kW/m, less than half that of the
maximum value. This level of variability is sure to have an impact on the overall

operation of a wag energy project at Killard Point.

Table43 and Table44 below provide the tabulated Mean and Standard Deviation of
the annual average 41To1 and Tp values at the nearshore and offshore locations

respectively.
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TABLE43: ANNUAL VARIABILITY BMARY STATISTICS FOIENEARSHORE SITE KTLARD
PoINT

Parameter Hs Tox Tp
Mean 2.13m| 8.64s| 10.41s
Standard Deviation of annualerage| 0.215 | 0.237| 0.285

TABLE44: ANNUAL VARIABILITY IBMARY STATISTICS FOREOFFSHORE SITE KILLARD
PoOINT

Parameter Hs To1 To
Mean 2.75m| 8.79s| 10.59s
Standard Deviation of annual averal 0.229 | 0.229| 0.275

5.4.1.2 Monthly Variability

Equally important to characterise is the variation in Wave Parameters over monthly
timescale, with these values determining the yearly energy production profile at the
site. Figure95, Figure96, Figure9d7 represent the Monthly Average values afidiTo1

and T, parameters respectively, across the 24 year hindcast model dataset.

A clear seasonal variability is present in the data in which a number of trends exist.
All parameters are at their lowest during the summer months, Magust. Wave
height and both wave period parameters increase during the winter months, with
the highest values recorded during December, January and February. The average
significant wave height during Decemkegbruary is almost double that of June
August, at both the nearshore and offshore sites. The monthly standard deviations
are much greater than on an annual basis, indicative of the level of seasonal variation

present.
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FGURESS5: MONTHLYwo VARIABILITY AKILLAROPOINTSTE

The relative deviation between the monthly values afolind the average annual
value is far larger than that seen on an inggmual basis. Interestingly, where the
annual values at the nearshore and offshotestended to mirror each other, with

a relatively uniform difference of ~22% throughout, the difference between
nearshore and offshoreddon a monthly timescale can be seen to grow in winter
where there is a predominance of storm conditions, and reddeeng the more
benign summer months. It is likely that sheltering effects of the nearshore
environment, and the wave breaking that is experienced in the nearshore
environment, tend to have more influence at larger wave heights. The maximum
value, average over 24 years, occurs in January. This significant wave height of 4

meters is over double that of the minimum monthly value of 1.48m occurring in June.

207



HGUREY6: MONTHLYT01 VARIABILITY AKILLARCPOINTSTE

HGURE7: MONTHLYT, VARIABILITY AKILLARCPOINTSTE
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The monthly standard deviations are much greater than on an annual basis,
indicative of the level of seasonal variation present, present a clear case for the
need for developers to consider not just their roadmap for energy production over
the project lifecycle, but the level of variation that will be experience due to seasonal
factors, and how this may impact energy supply, scheduling of maintenance, and

various economic factors related to the sale of energy.

TABLEAS: MONTHLY VARIABILITYMMARY STATISTICSRFOHENEARSHORE SITEKILLARD
PoINT

Parameter Hs To1 Tp
Mean 2.13m 8.65s 10.42s
Standard Deviatior| 0.731 1.1405 1.374

TABLE4A6: MONTHLY VARIABILITYNMBMARY STATISTICSRFOHE OFFSHORE SITHIALARD
PoINT

Parameter Hs Tox Tp
Mean 2.75m 8.79s 10.59s
Standard Deviatior| 0.809 1.161 1.4

The impact of the variability of these parameters on power production is illustrated
in Section 5.4.2
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5.4.1.3 Scatter Plots

Bivariate scatter plots of important summary statistics have been produced. These
are a representation of the occurrence of various stgte combinations of Wave
Height and Period and provide a useful method of ascertaining an overall
understanding of the wave climate and the energy resource at the area of interest.
The scatter plots are produced according to the suggested conventions of the

Equimar Protocols (EquiMar, 2010b)

x Each bin displays the cumulative occurrences of theT/Too/Tp pair. The
total number of data points have been provided for normalized scatter plots
(e.g. scatter plots displaying percentage ocence).

X Hmobins are defined in intervals of 0.5m over the range 0-Baximum hkho
value in the dataset.

X To/To2/Tp Bins are defined in intervals of 0.5s over the range 0.5s to
Maximum Period Value in the dataset.

x In addition, Scatter plots are produceak fHno bins in intervals of 0.5m over
the range 0.25maximum Hho value to satisfy the convention used by the
Power Matrix, as these values are used to determine characteristic device

performance at the Killard Point site.
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FGUREI8: Huo— To2 SCATTERPLOT OF OCCENRFE PERCENTAGE BOREAR HINDCAST

The scatter plotKigure98) shows the percentage occurrence of wave conditions at
0.5m x 1s defined bins ofslAnd T. The most commonly occurring wave conditions
are clustered around 1 3m Hand 7 -10s E, with evidence of the highly energetic

nature of the site found in the number of occurrences of waves in excess of 10m.

211



FGURES9: Hyo - Te PERCENTAGBCCURRENCEATTERLOT FOR014USING OUTPUT OF
MIKE21 MODELLED DAT(8760MEASUREMETY

Figure99displays the metocean conditions during 2014 as produced by the Mike 21
model. The percentage occurrence is shown, with the colour scale indicatiisgahe

states which occur most frequently; allowing the typical sea states to be identified.

HGURELOQG: PERCENTAGBCCURRENGEEATTERLOT FOR AVERABECEMBER CONDITIONS
USING OUTPUT O#IKE21 DATA(744MEASUREMENTS

Figure 10@lisplays the percentage occurrence for December at the nearshore Killard

Point site. There is an obvious upward shift in the positions of the most commonly
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occurring seastates, correspondent with the seasonal variation seen in the wave

conditions. A number of events withmbigreater than 10m are identifiable.

5.4.1.4 Histogram Plots
To represent the distribution of Wave Parameters over the durabibthe modelled
data, histogram plots have been produced which characterise distribution dfithe

and Tiparameters over the course of the 24 year hindcast.

HGURELOL HISTOGRAM OFlyvo DISTRIBUTION FONEARSHORE MODR# YEARHINDCAST

FHGURELO2 HISTOGRAM OFlyo DISTRIBUTION FEBEFSHOREODEL24 YEAR HINDCAST
A change in the distribution ofidis seen between nearshore and offshore modelled

data, with a reduction in the occurrence of waweights between £2m Hno, and an
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increase in the occurrence of wave heights in all bins greater than 2m. The effect of
this can be seen in the weather window calculations which follow in Sebtib6.

The most commonly occurring waves at the nearshore site are in the raigg 1

and this increases to-2m at the Offshore site, which here represent approximately

31% of the Kooccurrence.

The greater duration of reeds within the modelled data results in an increased
spread of Wave Period versus that of the limited buoy data recordings. However, the
most commonly occurring period remains&conds in both the Buoy and Modelled
data, and appears to be the dominant condition at the site. The nearshore site sees

an average ok of 8.64sacross the 24 years of hindcast data.

HGURELO3: To1 HISTOGRAM OF NEARSRE MODELLED DATA
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FGURELO4: To1 HISTOGRAM OBFFSHORE MODELLED ®AT
The distribution of g1 at the offshore site is relatively unchanged in comparison to
the nearshore data, with marginally reduced occurrence of conditions below 7

seconds, and marginally increased occurrence above this threshold.

5.4.1.5 Spatial Variability

The spatial variability is sessed using the modelled wave data at the Killard Point
site, with this including an analysis of the variation in wave direction as waves travel
from the offshore to the nearshore site. The distance between the sites is minimal
but the water depth drops from greater than 50 meters to below 20 meters at the
nearshore site, and this, coupled with the directional sheltering off waves from the
south-west, causes a noticeable directional shift as the waves travel towards the
shore. The conditions are analysesl iithey were occurring simultaneously at the
nearshore and offshore sites, which, given the low variability of conditions on a (less
than) hourly scale, is a reasonable assumption.

54.1.5.1 Wave Rose

Wave Roses have been produced to show the monthly and yeangga directional

distribution of wave height and wave period against wave direction. Wave Period,
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Peak Wave period and Wave height have been analysed at 12 datireetional

separations, resulting in 30 total directional segments.

In Figurel05to Figurel10below, the most commonly occurring directions and the
distribution of the Significant Wave Height and Mean Period parameters within each
direction are shown. The length of each bar represents the percentage Gtaes
within each directional divisionyhile the coloured bars represent the distribution of

intensity of the parameters within this directional sector.

FHGURELOS WAVE ROSE d#vo
An overall analysis of the entire dataset shows that the predominant wave direction

isfrom the west, with the largest waves also originating from this segment. A slight
disposition towards the 28%lirectional segment (west northrest) owes itself to the
local topography, with waves from the predominant sowthst direction being

blocked ly land and effectively “turned” before reaching the nearshore site.

Taking a representative year, 2014, in Figd@6 and Figure 107 below, the
difference in distribution of Significant Wave Height according to Mean and Peak

Direction is analysed.
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FGUREL06: WAVE HEIGHTDISTRIBUTION ACRO3@ (MEAN) DIRECIONAL SECTORS FOR
METEGROUP BOUNDARY INPUT WAVE DAT20(M.

FHGUREL107: WAVE HEIGHT DISTRIBUTION Au3530 (PEAR DIRECTIONAL SECTORR
METE@GROUP BOUNDARY INPUT WAVE DAT201M.
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The peak direction plot shows a reduction in wave occurrence from more southerly

directions.

FHGURE108 SGNIFICANTWAVE HEIGHTOFFSHORELEF) AND NEARSHORERGHT) AT
KILLARCPOINT IN2012

Figure108 demonstrates the change in directional distribution and wave intensity
between the offshore site and the nearshore site. Moving from the offshore to the
nearshore site, waves are effectively “turned” as they feel the seabed, anceasla r
there is an increase in the occurrence of waves from more northerly directions at the
nearshore site. Coupled with the sheltering of the nearshore site from the south-
west, there is also a reduction in the magnitude and occurrence of waves from the

South, while the overall magnitudes of Significant Wave Height are also lowered.

FHGURELO9: MEANWAVEPERIODOFFSHOREEF) AND NEARSHORERGH1T) AT KILLARD
POINT IN2012

Figurel09shows the same analysis for the Mean Wave period. The reduction in this
parameter is not so severe, but there is a noticeable narrowing of the directional

sectors, with an increase in the occurrence of west totmaresterly wave
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conditions, and a decrease in the occurrence of conditions at the extrema of the

experienced directions.

Peak Wave direction was found to be approximately 10 degmne@m® northerly in
the resulting modelled data than the records in the judor deployment locations 1
and 2. Analysing the boundary data provided by MeteoGroup revealed that this
deviation is more than likely owing to the seasonal distribution of the buoy data,
being predominantly during winter months, during which there isirerease of
storms predominating from northerly directions. This can be seen when the

aggregate June and November months are compared below:

HGUREL10: SGNIFICANWAVEHEIGHTDISTRIBUTION AILLAROPOINT FORBUMMER AND
WINTER JUNE(LEF), NOVEMBERRGH0)

There is a significant difference in the distribution and intensitysiammer and
winter months, as evidence here. The predominant direction, and the direction of
the largest storms is shifted northwards for during winter months, while the

occurrence of more extreme storm conditions grows.

Of note was that the Peak Direction parameter output was found to be unreliable
from MIKE21 solver, with a number of “gaps” occurring between certain segments.
This was an unavoithée issue, and it is recommended that the mean directional

output of the Mike 21 model be used if ultimate precision in wave direction is

required as it does not exhibit these gaps in the data.
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5.4.1.5.2 Directional Dependence

A directional analysis has been unddwta to study the effects of the wave direction

on the propagation of waves to the shore. This analysis shows that incident waves
coming directly from 270 degrees (West) are the largest, and proportionally see the
least reduction when propagating from theffgshore to nearshore environment.
However, due to the larger waves which typically originate from these directions, the
largest absolute losses in wave height are registered between offshore and

nearshore conditions.

[Figurelll and Figure112 below show a plot of the relative change in significant

wave height from the offshore to meshore site location for each wave direction Commented [LK12]:  Need todescribe what we are seeing in
the diagrams more. Graphs are also unclear due to text size and

Each dot represents the reduction in significant wave height)(for a given Sea GElloTiTg S [EiiEn @if STl i Gt 97 [t

state (Hho and incident Direction at the offshore site). The coloration of the dots
represents the frequency of occurrence of a given sea state and associated significant
wave height reduction, with lighter areas (enclosed) representing the most

commonly occurring states.

HGUREL11: ABSOLUTE CHANGEORFSHORE THEARSHORME\0 ACROSS ALL DIREQISO
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FHGUREL12 RELATIVE CHANGE@¥FSHORE TREARSHORIE0 ACROSS ALL DIREQUSO

The change in wave height based on the direction of incident wave was analysed,
with the finding that the 270G 325 degree prevailing wave directisaw the least
proportional reduction between the nearshore and offshore sites. The site is
unsheltered from these directions and this direct path along the prevailing wave
direction offers the shortest shallowater path for wave to traverse. Waves at 180

250 degrees experience the largest relative reduction in wave height.

Therewave front aligns itself to the shordue to refraction of the waves in the
nearshore environment. The standard deviation of mean direction was seen to
reduce from 21.92 degrees to 13.Gfegrees from the offshore to nearshore
environment, with the average mean wave direction increasing frofid.45 to

296.07degrees; the waves in effect “turning” to align themselves with the shore.

Power Production
Power production is a primary factor in the WestWave Project. This analysis uses the

resource scatter plot occurrence information; along with thever matrix for the a
bottom-mounted, hingediap typedevice to assess the monthiverage and yearly
power production using the Mike21 model information from the 24 year hindéast.
correction of the energy period output of the model was necessary to achieve the
level of power production accuracy outlined in the{E€and a detailed treatment

of this process is presented in Chapter 3
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5.4.2.1 WavePeriods

First, a brief note is required on the method used to determine the Energy pedod, T
used to generate estimates of power production. In order to obtain an estimate of T
correspondent to the Mike 21 model data, it was necessary to determine the
relationship between dTo1. As an initial approach, this was determined using a
derivation based on the Bretschneider spectrum, using the method of spectral
moments (Section3.3.6.2.3. An alternative method, determining the arithmetic
ratio between B and & from the history of spectral parameters in the buoy data
obtained during 3 separate deployments at Killard Point, was found to agree closely
with the value obtained through the deation. This average WPR was used as a
linear multiplier to produce an estimate of ffom the T1record in the output of the
Mike21 dataset.

5.4.2.2 AvailableWaveResource

HGUREL13 MONTHLY VARIATION OF WAVE POWHERIARRIPOINT

The annual mean omudirectional wave powerKigure94) follows the trend of &
showing considerable inteannual variation. Figure 113 builds upon this by
examining the monthly mean, variation, 95% confidence intervals, and outliers of
available wave power. This reveals that the magnitude, bud #ie variability, of
wave power during winter months is much greater than that of summer months. The
minimumaggregatemonthly value of 4kW/m during the 24year dataset occurs in
June, with a very similar mean occurring in July. It is in July howbaéthe overall

variation of the available wave power is lowest. February shows the largest variability
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in available wave power, with 95% Confidence Intervals at 45 kW/m and 115 kW/m
respectively. This is valuable information in informing the level of variability that can

be expected from the available wave power at the Killard Point site.

5.4.2.3 Nearshore PowerrBductionSudy using a hingetlap WEC
The figures below represent the monthly and annual power production estimates

usinga hinged flap, bottormounted WECat the nearshore Killard Point site.

This has been computed using the occurrence statistics for each month, and each
year of the hindcast dataset; combined with a provided preliminary power matrix for
a preproduction device. For this analysis, given the sensitivity of device power
productionto the energy period parameter discussed in Chafethe Machine
Learning method developed in Chapteh&s been applied in-8tep fashion to the
determination of Energy period. First, correcting the existiggp€riod by training

the machine learning model using the concurrent buoy data recordings, then using
the correctal dataset alongside concurrent buoy datarieasurements to enable

the mapping and generation ofe Th the hindcast dataset. As demonstrated in
Chapter 3, this mehod shows great accuracy improvements over traditional

methods of WPR determination and Wave Parameter conversion.

The average Annual Power ProductiorBB8VIWh, with a standard deviation of
96MWh The minimum calculated value of S8Wh occurred in 201@ue to benign
average conditions £.64m Average &HThe maximum calculated valuelif13MWh

occurred in 1992, where the averagewhs2.37m.
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HGUREL14: THEORETICAIONTHLYPOWERPRODUCTION AKILLARCPOINTSTEFORWEC
DEVICE

Commented [A13]:  Need to change y axis label without mess
up the aspect ratio

|
|
U

HGUREL15 THEORETICANNUALPOWERPRODUCTION AKILLARDPOINTSTEFORWEC
DEVICE

The average Monthly Power Production is 72.86MWitih a standard deviation of
24.71MWh The minimum estimated value of 39.67 MWh occurs in the month of
June, which also carries the lowest averagg &f 1.35m The maximum estimated

value of 106.34MW!Ioccurs in November.
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Extreme Analysis
Extreme analysis has been conducted at the Killard point using industry standard

curve fitting methods acr@sa number of directional sectors to determine the design

conditions for device design and site assessment.

An examination is made using the buoy data, which, though limited in time, contains
a number of events that could be defined as “extreme eventsé [@hgest recorded

Hmo event, occurring during buoy deployment 3 on the"2gf January 2014, is
15.88m Figurell6).

A more detailed extreme wave prediction has been made using the 24 years of
modelled hindcast data, with the Extreme Wave height at return periods 0L
years extrapolated based on the hindcast data. This has been performed for both the
nearshore and offshore sites. ThéRlue of the best fitting ereme curves used to

derive estimates of the extremendare provided in Figur&21

HGUREL16: LARGEST STORM EVEETBRDED DURING BUOPIIEYMENTS AT DEPLOYMENT

LOCATION - JANUARY2014 Commented [A14]:

section

Increase font size for all images in this

l
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FHGUREL17:HINDCASMMODEL CONDITIONBFSHORE DURING LABGRECORDED WAVE AT
BUOY—JANUARY2014

HGUREL18 HINDCAST™ODEL CONDITIONNEARSHOREURING LARGEST RECEIRWAVE
AT BUOY¥ JANUARY2014
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FGUREL19: LARGESNEARSHORE STORM EVEBNA4 YEAR HINDCASDCCURRING DURING
FEBRUART1991.

HGUREL20: LARGESOFFSHORE STORM EVEN24 YEARHINDCAST OCCURRING DURING
FEBRUART991
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FGUREL21: EXTREMBNVAVECQURVE FITTINBZ VALUES FORSHERTIPPETT ANWEIBULL
CURVESNEARSHORE MODELLEORAISINGNuax=30.FT1 CURVE SELECTED BSTBFIT

5.4.3.1 Nearshore

Thenearshore site experiences large extreme waves, but sees a reduction in the
largest extreme waves due to decreased water depth and proximity to the shore
versus the offshore location.

TABLEA7: EXTREMBNVAVE HEIGHIEXTREMEHW0 (M)) NEARSHORE ARETURNPERIODY -
100YEARS FOR BEZFITTING CURVES USIKILLARDPOINT HINDCAST MODEL DATA

Curve Return 1 5 10 20 50 100 R
Choice Period | Year | Year| Year | Year | Year | Year

FT1 8.82 | 9.96 | 10.33| 10.70| 11.17 | 11.53| 0.978
Weibull .75 8.94 | 9.76 | 10.23| 10.74| 11.48| 12.07 | 0.902
Weibull 1 8.85 | 9.89 | 10.34| 10.78| 11.38| 11.82| 0.953

Water depths at the nearshore have a nominal value of 16.6m compared to datum.
Values in model simulation range from 184m depth, giving sufficient space for

Iargeextreme waves to occur.

5.4.3.2 Offshore

It appears that the extreme event in January 2014 during buoy deployment 3
represents a greater than 1 in 3@ar return period event as predicted by extreme
modelling of the offshore site, taking the Weibull-eurve estnate of the extreme
wave height. Additionally, the magnitude of storm events in the model is less than

concurrent events in the buoy data, thus it may be prudent to take the extreme
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predictions using model data as a lower bound estimate of the extremeitomsl
at the site.
TABLEA8: EXTREMBNVAVE HEIGHTEXTREMEHW0 (M)) OFFSHORE ARETURNPERIODSL-

100 YEARS FOR BESTFITTING CURVES USIKILLARDPOINT HINDCAST MODEL DATA
WEIBULLL CURVE SELECTED BSTBFIT

Curve Return 1 5 10 20 50 100 R
Choice Period | Year | Year | Year | Year | Year | Year
FF1 9.86 | 11.76| 12.57 | 13.38| 14.46| 15.27| 0.981
Weibull .75 10.27| 13.51| 15.02| 16.60| 18.76 | 20.47 | 0.975
Weibull 1 10.26| 12.72| 13.78| 14.84| 16.25| 17.31| 0.997

5.4.3.3 Directional Extreme Wave analysis
5.4.3.3.1 Nearshore

TABLE4A9: EXTREMBNVAVE HEIGH{EXTREMEHy0 (M)) AT RETURNPERIODSL-100 YEARS
FOR BES3 FITTING CURVES USIKILLARCPOINTNEARSHORE HINDCASTINEQ DATA270
DEGREBS

Return 1 5 10 20 50 100 R

Curve Choicg Period | Year | Year | Year | Year | Year | Year

FF1 357 | 359 | 411 | 440 | 473 | 497 | 0.916
Weibull .75 3.53 | 380 | 3.99 | 427 | 471 | 5.09 | 0.905
Weibull 1 3.00 | 3.72 | 403 | 433 | 474 | 5.05 | 0.922

TABLES0: EXTREMBNVAVE HEIGH{EXTREMEHW0 (M)) AT RETURNPERIODSL-100 YEARS
FOR BES3 FITTING CURVES USIKILLARDPOINTNEARSHORE HINDCASTDNMEQ DATA300
DEGREBS

Curve Return 1 5 10 20 50 100 R
Choice Period | Year| Year | Year | Year | Year | Year

FF1 9.87 | 9.89 | 10.35| 10.59| 10.88| 11.09| 0.929
Weibull .75 9.87 | 10.09 | 10.25| 10.48 | 10.84 | 11.15| 0.862
Weibull 1 9.42 | 10.02| 10.27| 10.53| 10.87| 11.13| 0.899

5.4.3.3.2 Offshore
Directional extreme wave analysis has been conducted across 12 directional

segments 30°incrementy. Extreme waves were found to come almost exclusively
from the 255 -315 degree segments, with very few waves of notable magnitude

coming from outside these directions.
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TABLES51: EXTREMBNAVE HEIGH{EXTREMEHW0 (M)) AT RETURNPERIODSL-100 YEARS
FOR BES3 FITTING GRVES USINKILLARDPOINTOFFSHORE HINDCAST NEQIDATA240
DEGREES

Curve Choice Return 1 5 10 20 50 100 R
Period | Year | Year | Year | Year | Year | Year
FF1 6.96 | 6.99 | 7.82 | 8.27 | 8.78 | 9.15 | 0.957
Weibull .75 6.86 | 7.30 | 7.62 | 8.07 | 8.80 | 9.42 | 0.994
Weibull 1 6.04 | 718 | 7.68 | 8.17 | 8.82 | 9.32 | 0.985

TABLES2: EXTREMBNVAVE HEIGH{EXTREMEHv0 (M)) AT RETURNPERIODSL-100 YEARS
FOR BES3 FITTING CURVES USIKILLARDPOINTOFFSHORE HINDCAST NEQIDATA270
DEGREBS

Return 1 5 10 20 50 100 R

Curve Choice Period | Year | Year | Year | Year | Year | Year

=] 11.20| 11.27| 12.98| 13.91| 14.98| 15.75| 0.950
Weibull .75 11.17| 12.02| 12.61| 13.47| 14.84| 16.01| 0.896
Weibull 1 9.49 | 11.74| 12.71| 13.68| 14.96| 15.93| 0.926

TABLES3: EXTREMBNVAVEHEIGHT(EXTREMEHW0 (M)) AT RETURNPERIODSL-100 YEARS
FOR BES3 FITTING CURVES USIKILLARDPOINTOFFSHORE HINDCAST NEQIDATA300
DEGREBS

Curve Return 1 5 10 20 50 100 R
Choice Period | Year | Year | Year | Year | Year | Year
FE1 10.53| 10.56| 11.38| 11.83| 12.35| 12.72| 0.934
Weibull .75 10.41| 10.86| 11.18| 11.64| 12.38| 13.01| 0.984
Weibull 1 9.58 | 10.74| 11.24| 11.74| 12.40| 12.90| 0.973

5.4.3.4 HmnaAnalysis usingaltulated Al (lhx : Hratio)
The method developed in Section 4.821sed here to derive the expected extreme

values of Raxat the Killard Point site.

The .RAW data files from the Killard point buoy deployment are imported ard pre
processed. A timseriesanalysis is then run to determine the &hd Hhaxvalues for
each .RAW file which corresponds to a 30 minute duration recording. The Anomaly

Index, or ratio of Hax: H, is determined for the mean condition and for each cell of
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an occurrence matrix for all the conditions during the November recordings. This

ratio is used to determine the likely extremeddat the Killard Point site.

FGUREL22 REGRESSIOMODEL OANOMALYINDEX V$ds. DETERMINEEQUATION
PARAMETERS OUTPUT

A 6-parameter function, with values shown in Figl22, above was found to provide

the best estimate of uxfor a given Klat the Killard Point site.

HGURE123: ANOMALY INDEX VSHs DURINGNOVEMBER2011 KILLARDPOINT Buoy
DEPLOYMENT
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Figure 123 displays the Anomaly Index value vs.fét the period Novembeto
January at the Killard Point site. Values are clustered aroundl.&,4vith outliers as
high as 2.3, though the presence of outliers diminishes with increasing waveheight,

and the values tend to the median value of 1.55.

Based on the Al determined, the lower bound for the extremeuxttan be
determined to bel.366H, and the upper bound 1.709HThis gives 2@ear return
Hmaxvalues of 10.78*[1.364.709] at the nearshore site and 14.84*[1.36609] at

the offshore site.
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5.4.3.4.1 Nearshore

TABLES4: LOWERBOUND ESTIMATIEwax (M) AT KILLARCPOINTNEARSHORE SITE

. Return 10 20 50 100

Curve Choice Period 1 Year) 5 Year Year | Year | Year Year
=] 12.05| 13.60 | 14.12 | 14.61 | 15.26 | 15.75
Weibull .75 12.21| 13.34 | 13.98 | 14.68 | 15.68 | 16.49
Weibull 1 12.09 | 13.51 | 14.12 | 14.73| 15.54 | 16.15

TABLESS: UPPERBOUND ESTIMATIEyAax (M) ATKILLARCPOINTNEARSHORE SITE

. Return 10 20 50 100

Curve Choice Period 1 Year) 5 Year Year | Year | Year Year
FE1 15.07 | 17.02 | 17.66 | 18.28 | 19.09 | 19.70
Weibull .75 15.28 | 16.69 | 17.48 | 18.36 | 19.62 | 20.63
Weibull 1 15.13 | 16.90 | 17.67 | 18.43 | 19.44| 20.20

TABLESG: BEST ESTIMAHax (M) ATKILLARCPOINTNEARSHORE SITE

. Return 10 20 50 100

Curve Choicg Period 1 Year) 5 Year Year | Year | Year Year
FE1 13.57 | 15.31| 15.89 | 16.45| 17.18| 17.73
Weibull .75 13.75| 15.02 | 15.74 | 16.52 | 17.65| 18.57
Weibull 1 13.61| 15.21| 1590 | 16.59| 17.49 | 18.18

TABLES7: SUMMARISEDHwax (M) RESULTS FOR NEARSHOBEPUT OF HINDCAST MODEL

. Return 10 20 50 100
Site Period 1 Year) 5 Year Year | Year | Year Year
Lower Bound 12.09 | 13.51 | 14.12 | 14.73 | 15.54 | 16.15
Best Estimate 13.61 | 15.21 | 15.90 | 16.59 | 17.49 | 18.18
Upper Bound 15.13 | 16.90 | 17.67 | 18.43 | 19.44 | 20.20

Using the Anomaly Index figures derivtbdough the linear regression analysissaki
values at return periods of-100 years are derived for the Killard Point Nearshore

location and shown above in Taliid, Table55and Table56 above.

At a 20year return period, the expectedns based on the statistical analysis is
16.59m, with a range in the 95% confidence interval of [14.833m]. The Haxat

the nearshore site is expected to fall towards the lower end of this range, given that
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the upper khax conditions predicted would be pBically limited in maximum

waveheight at the nearshore site.

5.4.3.4.2 Offshore

TABLES8: LOWERBOUND ESTIMATHuax (M) ATKILLARCPOINTOFFSHORE SITE

. Return 10 20 50 100

Curve Choice Period 1 Year| 5 Year Year | Year | Year | Year
FF1 13.46 | 16.06 | 17.17 | 18.28 | 19.75 | 20.86
Weibull .75 14.03 | 18.45| 20.52 | 22.67 | 25.63 | 27.96
Weibull 1 14.02 | 17.38 | 18.83 | 20.28 | 22.19 | 23.64

TABLES9: UPPERBOUND ESTIMATIEHMAX (M) AT KILLARCPOINTOFFSHORE SITE

. Return 10 20 50 100

Curve Choice Period 1Year| 5 Year Year | Year | Year | Year
FE1 16.84 | 20.09 | 21.48 | 22.87 | 24.71 | 26.10
Weibull .75 17.55 | 23.09 | 25.67 | 28.36 | 32.07 | 34.98
Weibull 1 1754 | 21.75| 23.56 | 25.37 | 27.76 | 29.58

TABLEGO: BEST ESTIMATIMAX (M) ATKILLARDPOINTOFFSHORE SITE

. Return 10 20 50 100

Curve Choice Period 1 Year| 5 Year Year | Year | Year | Year
FF1 15.16 | 18.08 | 19.33 | 20.59 | 22.24 | 23.49
Weibull .75 15.80 | 20.78 | 23.10 | 25.52 | 28.86 | 31.48
Weibull 1 15.78 | 19.57 | 21.20 | 22.83 | 24.99 | 26.62

TABLEG1: SUMMARISEHMAX RESULTS FABFFSHORBUTPUT OHINDCAST™MODEL

. Return 10 20 50 100

Site Period 1 Year) 5 Year Year | Year | Year | Year
Lower Bound 14.02 | 17.38 | 18.83 | 20.28 | 22.19 | 23.64
Best Estimate 15.78 | 19.57 | 21.20 | 22.83 | 24.99 | 26.62
Upper Bound 1754 | 21.75| 2356 | 25.37 | 27.76 | 29.58

Using the Anomaly Index figures derived through the linear regression analysis, Hmax
values at return periods of-100 years are derived for the Killard Point Offshore

location and shown above in Talie, Table60and Table61.
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At a 2Qyear return period, the expected Hmax is 22.83m, with a range in the 95%

confidence interval of [20.285.37m].

5.4.3.5 Extreme wave summary

TABLEG2: BEST FIT EXTREME WAVE RESSHEITFCTED FOR NEARSHAND OFFSHOREESIT

. Return 10 20 50 100

Site Period 1 Year) 5 Year Year | Year | Year | Year R
Nearshore 8.82 | 9.96 | 10.33| 10.70 | 11.17| 11.53| 0.978
Offshore 10.26 | 12.72 | 13.78 | 14.84 | 16.25| 17.31| 0.997

Peak values above the selected extreme threshold are detailed for each direction, as
well as the associated extreme prediction for return periods-4DQ years. These

results are included in the appendix documents.

Given the directionally confined nature of the incidentwea at the site, the
directional analysis is of limited utility. In addition, it results in a lower prediction of
extreme wave height. Thus, it is advised that the overall, dioectional analysis
results be used. The largest extreme waves come from #tedzgree directional

segment offshore, and the 300 degree segment at the nearshore site.

The Expected Offshore Extreme wave at a 20 Year Return Period of 14.84m is an
extremely energetic wave condition, and will need to be considered in by device
manufactrers in the design process. Preventative measures will need to be taken to
ensure that premature wear or destruction of the device does not occur. The
predicted extreme wave at the nearshore site of 10.7m is less likely to trouble a

submerged device.

Spedtral Analysis
Analysis was carried out to determine the level of variation in spectral shape for

various seastates at the Killard Point site. This analysis was completed using the
Recorded Waverider RAW data from 2€A@BL5. The process for which is oudlim
Figurel24below.
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FRGUREL24: ANALYSIS OF TIMESERIATA FROMVAVERIDER BUOYS KILLARDPOINT TO
PRODUCEBPECTRABHAPE INFORMATION

These spectra represent the distribution of energy for an individual timeseries record
which corresponds to a given setate. Some of the most commonly occurring of

these are shown in Figue5. The average of the spectral energy for each profile is
displayed in blue, while the Bretschneider shape for the summary parameters
associated with this spectrum (determined via spectral analysis of newly formed
average spectieenergy profile) are displayed in red. While these can be seen to be

broadly similar, it is evident that the actual energy profile differs from that suggested
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by the Bretschneider spectrum, containing more energy at the peak frequency, and

with the peak fequency shifted left, toward lower frequency (higher period) waves.

FHGUREL25: INDIVIDUAL(GREY, AVERAGHBLUE AND BRETSCHNEIDEREPRESENTATION
(RED) FOR4 OF THE MOST COMMONOCCURRING SEAATES AKILLAROPOINT

The spetral fit has been determined using théiRetric as follows:
A0kl F 5i55EBYS s 4B F 5555418%
X ey 6 ~ e 6
§Ac g0kl F 5i55LBY Aduma( B F BuA4{(B%

4=

(5.1

Where 5, gad B is the spectral ordinate for the recorded spectrum

and

S0z af B is the spectral ordinate for the BretschneidgreStrum.
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To improve the utility of the calculation tiie R metric, its calculatiorwas limited

to consider onlythe spectral ordinate values in excess of 10% of the peak energy of
the spectrum.This offered increased flexibility as it removed the need to determine
an appropriate frequency range, and ensured that the long tail which did not contain
a large amount oénergy relative to the peak did not unduly influence the estimate
of fit. Thispresents a significant advancement in flexibility and utility over the

method of defining a limited frequency range, which is typically used.

For brevity,the R values aregiven in a tabulated form rather than displaying the

computed spectral plots for each setate. This is outlined irfFigurel26 below.

FGUREL26: RZ CORRELATION BETWEHBEFAULTBBRETSCHNEIDERECTRUM AND AVERAGE
SPECTRUM FOR EACK-SEATE AKILLAROPOINT DURINBUOYDEPLOYMENL

This mehod of binning the correlation coefficient for the average real spectrum with
Bretschneider Spectrum represents a novel way of assessing the degree to which the
spectral energy profile at the site matches witstandard assumptiocommonly

used in indusly. This has significant implications as it represents a simple way of
validatingif the assumption of a Bretschneider Spectrinwids for the variety of
conditions experienced at the sjtallowing the dependability of its use for energy

production predictbn to be assessed.

It was found that improved correlation in wave spectral energy could be achieved by
iteratively altering the parameters of the Bretschneidgre&rum, discussed in

Section6.5.1.1, and this work is further detailed at a later stage.
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This analysis indicates the need to consider the spectral profile of this site as distinct
from the Bretschneider Spectrum, with particular impact likely to occur on the
assumed WPR. The existence of multidal spectral is evident here, and this has the
potential for very large impact on device power production. This will be addressed in
Chapter6.

Wave Period Ratio
Given the variation in spectral shape at the Killard Point site from the standard

theoretical shapesliscovered in Sectiob.4.4, the Wave Period Ratios at the site
were examined, using the measured spectral data, to determine if significant
variance existed across sea state conditions and between the recorded dagae Wh
the work in Chaptei3 dealsmainly with the conversion and correction of Wave
Parameters between recorded and modelled data, this section intends to
characterse the primary WPR relationship of interest at the Killard Point site, that of

Te/To1, andto compare this to the ratio derived from the Bretschneider Spectrum.

The standard industry practice of assuming a constant relationship between Wave
Periods(via the use of standardised spectrhgs been shown to be questionable
(Robertsoret al, 2016) and has further been shown to introduce some significant
variations in the energy production that is estimated when using this constant factor
conversion. The work below recaps the derivatiothef Te/Toz relationship based on

an assumed Bretschneider spectrum, followed by a determination of the average

Te/To1 WPR fronrecordeddata at Killard Point.

5.4.5.1 Te/Toiderivation

The WPR betweeneTand b1 was derived for the Bretschneider Spectrum by

JvSE} p JvP Jved vE8U r 8} E % E « v3§ 3desiledperdf}veZ]% 3A v §Z
parameter and the period parametecontained withinthe deployment records

(Equation(3.15)), rewriting the equation in terms of spectral moments (Equation

(3.16)) and expressing the spectral moments in terms of common parameters to

allow the terms to be equated and expressed as a constant ratio (Equ&tBn

(3.20)).

Resulting in a derived ratio :of
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Te=1.1107T (5.2)

5.4.5.2 TeTorempirical estimate

HGUREL27: Te/To1 WAVEPERIODRATIOS BINNED BY WANEIGHT AND PERIOD
The average WPR fog/To1 is 1.149, higher than thesuggested Bretschneider WPR
of Te = 1.1107To1. The BretschneideBoectrum assumption offers clear benefits in
terms of expediency, and in formulating Wavar&meter Relationships during
periods when detailed data is not availablhis work makes clear, however, that
there is potential for the spectral shapes at sitestiba West Coast of Ireland to be
significantly different than that suggested by the Bretschneider Spectrum, and thus
it is important to be cognisant of the impact this can have on the analysis resulting
from the characterisation of the site.

Weather Window
A weather window can be defined as a successive period of time in which the
parameter in question (typically-td) does not exceed a defined threshold. They are
used to determine the best time for installation and O&M activities. A full weather
window andysis of Significant Wave Height has been conducted using the 24 years
of hindcast data. This has been computed to inform decisions for events ranging from

minor repairs to device installation or overhaul.
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Weather windows have been computed fomdvalues from 0.8m in 0.5m
increments, 31 Wave period for values not exceeding 6, 7, 8, 9, 10, 11, 12 seconds;
and for durations of 36, 12,18, 24, 36,48 and 72hours. Furthermore, a combined
Weather Window analysis has been performed which takes atoount each

combination of Wave Height and Wave Period Threshold ofexaeedance.

Sample weather window plots are provided for nearshore and offshore sites at 1.5m
& 2.0m kho Threshold and 12 & 24 hr duration. It is evident that the 1.5m H
thresholdwhich is commonly used as a safety-offtthreshold for a widevariety of
service vessels is easily exceeded at the west coast Killard Point Site. Availability of
weather windows at this threshold falls belowe@uring NovembeFebruary, rising

to appro¥mately 35% during summer months.

If this threshold is raised to 2mwblby the provision of a service vessel and crew that
can operate in rougher conditions, this availability analysis becomes less onerous,
with over55% availability over a 2dour period during MayAugust, and greater than

70% in the nearshore location.

672 combinations of Wave Height & Wave Period Threshold and duration are
examined in the combined analysis, with 96 conditions and 56 conditions for Wave
Height alone and Wave Period alomespectively. This will enable full knowledge of

the availability of the site during all satates in which work could be undertaken.

For comparison purposes, and to highlight the difference in conditions, the nearshore

and offshore values are providedgether in the following plots.
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HGUREL28 NEARSHORE ANDFFSHORPERSISTENCE ANALYSI4 AM Hyo THRESHOLD
FORL2HOUR WINDOW

HGUREL29: NEARSHORE ANDFFSHORPERSISTENCE ANALYSI4 AM Hyo THRESHOLD
FOR24 HOUR WINDOW
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HGUREL30: NEARSHORE ANDFFSHOREPERSISTENCE ANALYSI2M Hyo THRESHOLD FOR
12 HOUR WINDOW

HGUREL31: NEARSHORE ANDFFSHOREPERSISTENCE ANALYSI8M Hyo THRESHOLD FOR
24 HOUR WINDOW
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The difference in nearshore and offshore availability is approximateB026 during

summer months, dropping to ~50% during winter months.

Average availability of a #our window for the Nearshore site during summer
monthsis approximately 5%5% at a 1.5m kb threshold, and 785% at the 2.0m
Hmo Threshold. For a 2our window, this decreases to 8D% at a 1.5m b
threshold, and 780% at the 2.0m threshold.

Notably, the requirement of a 2hour weather window is not appreciably more
onerous than a 12 hour weather window; however, the requirement of a 1.5 H
threshold in place of a 2.0m threshold dramatically decreases the probability of

attaining a weather window; approximately kg the probability of occurrence.

Forecasting Prediction Accuracy
Forecasting is an integral part of site assessment and characterisation in the

development of sites for Marine Renewable Energy. The ability to predict future
wave conditions forms part of a systemide analysis of the impacf the conditions

at a site on the economic outcomes of the project.

Forecasting wave conditions contributes to the determination of design decisions on
planned developments and to assessing Operations & Maintenance strategy and the
impact of unplanned ngairs. In operation, forecasting is critical for projects
considering energy (electricity) production scheduling and prediction of contribution

to the energy grid/market.

This Section develops new methods that can provide more detailed, accurate,
information for site assessment, and help to assess suitability of the available

prediction models for informing design decisions and energy production.
The work:

x Develops a methodology for assessing forecast performance.

X Analyses accuracy of the Marine Institute forecast model for Irish wave sites.
x ldentifies trends in model performance and behaviour.

x Analyses and quantifies the impact of forecast model on power production

accuracy.
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Thecorrelationbetween data from the SWAN predictive numerical model provided
by Marine Institute Ireland and the conditions which then occur at the wave buoys is
examined. The study will compare the ability of the model to forecast the conditions
at different time periods, ranging from-@ days forwardProvided the prediction
accurag proves to be good over this range, this would be instrumental in planning
and scheduling for a wide variety of activities and outcomes both pre and post-

deployment.

The Killard Point site provides a test case for analysing the impact of the forecast

accuacy on the economic outcomes of Marine Renewable Energy projects.

5.4.7.1 Forecast Model Background

The numerical wave modeBWAN, simulates surface gravity waves for a domain
covering Irish waters at a resolution of 0.025 degrees (approximately 1.5kne).

model usedNationalCenters for Environmental PredictidNQEPGlobal Forecasting
System(GF$ (NOAA, 2017pr wind forcing andhe Fleet Numerical Meteorology

and Oceanography CentdfNMOGC(The Fleet Numerical and Oceanography Centre,
2017) Wave Watch 3ata for the wave boundaries. A daily 6 day forecast is
generated for parameters such as significant wave height, mean wave period and
mean wave direction(Marine Institute, 2016) This data has been acquired via the
THREDDS server, where it is supplied in Net CDF file format. This forecast covers a

rolling duration of 36 days.

5.4.7.2 Forecast Model Behaviour

An explanation for the Forecast Model Behaviour has been provided following
consultation with the Marine Institute, who provided detailed information on the
data stored on the THREDDS server.

An explanation of model behaviour for data stored on THREDDS server (from email

correspondence with Kieran Lyons oéivhe Institute):

The wave forecast is set up to run add8/ simulation from rest every day. It is broken
up into a 7day hindcast and-@ay forecast. It takes a number of days for the wave
field to fully develop in the model domain, but it has done so by “day 7”. Thus, th

data is saved from each “day 7” and this corresponds to the day prior to the current
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day. In this fashion, a hindcast dataset of wave data is built up. Each ddgls 6

forecast is published and therth¢ following day, trashed.

This explanation was Bessary to accurately determine the structure of the data and

to ensure that the correct time period was being considered for the analysis.

5.4.7.3 Forecast Model Methodology

Displaying and using this data requires accessing and downloading this data at daily
intervals to create a composite dataset which expresses the forecastbatldys
forward. The data has been extracted by the author to pteit-format containing

the date and parameters of interest, using a MATLAB script which has been created
to allow extration of data per site by longitude and latitude coordinates. A
customised timeseries synchronisation method was required to keep track of the
day on which the forecast data was obtained, and the temporal distance from the
date of extraction to the timestamp of the extracted data was used to determine the
number of days “forward” the predicted data applied to. A major downside to this
approach is that the duration of data available at a given point is limited, and a full
realisation of forecast data requires continuous collection, processing, storage and

analysis of data over a long period of time.

Fortunately, the Marine Institute have additionally made available a large dataset of
1- 6 day forecasts which have been archived at the locations of the Maratiéute

Buoys for use in this project. This has enabled a full view of the behaviour of the
prediction model over a longer duration. This dataset covers the perie@L?D15

to 31-07-2016, at 20 locations, including the-Buoys (Weather Buoys) and amioer

of wave buoys including those at Belmullet, Galway Bay, Achill, Cork SmartBuoy and
Killard Point. Four Sites were assessed; including Belmullet Berth A and Berth B,

Galway Bay, and Westwave MK3. The location of these sites are as follows:

246



TABLEG3: FORECAST MODEL ANABYISOCATIONS

Location Coordinates
Belmullet Berth A Lon:-10.27 Lat: 54.28
Belmullet Berth B Lon:-10.14 Lat:54.23

Galway Bay Lon:-9.27 Lat: 53.3°
Westwave MK3 (Killard Point) Lon:-9.7C Lat: 52.B°

These locations are highlighted Figure5. The predictions were compared at61
days out, with assessment based dit®relation, RMSE, Mean Error, Mean Average
Eror, Maximum error and Scatter Index metrics. The Marine Institute advised that
the forecasting skill of the model performed very well up to a period of 24 hours,
reasonably well from 286 hours, and began to deteriorate rapidly thereafter, owing
predomhnantly to weakness in the ability of the wind forecast model to provide an
accurate prediction. As part of this work, the aim was to test this assertion, and to

display the impact on wave energy production of the inaccuracy in the wave forecast.

The assessent was performed using data obtained on the 28/07/2016. For the
prediction data, this covered a span 0£@26-2016—02-08-2016, while the buoy data
covered the period 2896-2016—28/07/2016. Analysis dd longer duration dataset
took place on the interal 01-01-2015—-31-7-2016.

5.4.7.4 Forecast Model Performance Assessment

The performance of the Model for each site, for bothotnd T parameters, is
considered below. Using the &rrelation, RMSE, Mean Error, Mean Average Error,
Maximum error and Scatter liet metrics; the accuracy and suitability of the forecast

data is assessed.

5.4.7.4.1 Belmullet Berth A

An example of the timeseries comparison data for the Berth A site is provided in
Figure132 below. Each plot in descending order represents an incremental step
forward in days of prediction, with the first plot being forecast data for 1 day ahead,
and the final plot forecast data for 6 days ahead. Corrected buoy data is shown i

blue, while the forecast data is shown in red. Forecast errors are most noticeable
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around Q1 2016, with increasingly large storms predicted by the forecast model

which deviate further and further from the actual conditions.

FHGUREL32 BELMULLEBERTHA SGNIFICANT WAVE HEIGCOMPARISODAY1-6)

Tabulated results below provide an overview of additional error metrics.

TABLEG4: BELMULLEBERTHA FORECASACCURACANALYSI$Hw0)

Statistic 1Day | 2Days | 3Days| 4 Days| 5Days| 6 Days
Mean Average Error | 0.3838 | 0.4032 | 0.4727 | 0.5496 | 0.6303 | 0.7651
Mean Square Error | 0.2999 | 0.3273 | 0.4535 | 0.6388 | 0.8385 | 1.2014

Max Error 7.1739 | 7.1005 | 7.8268 | 8.1101 | 8.9519 | 9.6174
Mean Error -0.0116| -0.0657 | -0.1092 | -0.1349| -0.1180 | -0.0687
R correlation 0.9626 | 0.9594 | 0.9439 | 0.9204 | 0.8944 | 0.8450
RMSE 0.5476| 0.5721 | 0.6734 | 0.7992 | 0.9157 | 1.0961
Scatter Index 0.1575| 0.1647 | 0.1942 | 0.2306 | 0.2641 | 0.3163

Examining the Mean Square Error fofoldt the Belmullet Berth A site, it appears to

be quite accurate up to 3 days forward, where the prediction accuracy begins to
deteriorate rapidly. This is in line with the assertions of the Marine Institute. The R
correlation value of 0.9626 to 0.9439ft-3 days out, respectively, is indicative of a
very good fit between the forecast and buoy data; with little titag. Beyond this,

the accuracy diimproves, but the Mean Average Error at even 6 days forward of
0.7651 would still give rise to generally applicable and usable results in certain

scenarios. The Mean Error shows that there is very little bias associated with the
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forecast prediction data, although this site does carry a negative bias which increases
to a maximum 0f0.1349 at 4 days forwardh& overall average of parameters is

extremely similar between forecast and buoy data overall.

TABLESS: BELMULLEBERTHA FORECASACCURACRNALYSI$T,)

Statistic 1Day | 2Days| 3Days| 4 Days| 5Days| 6 Days
Mean Average Error | 0.6152 | 0.6069 | 0.6255 | 0.6999 | 0.7648 | 0.8629
Mean Square Error | 0.6528 | 0.6611 | 0.6918 | 0.8481 | 1.0121 | 1.2969

Max Error 6.7361 | 6.6683 | 6.8502 | 7.0625 | 7.9707 | 8.4132
Mean Error 0.4303 | 0.3830 | 0.2990 | 0.2632 | 0.2858 | 0.3522
Rcorrelation 0.9042 | 0.8968 | 0.8821 | 0.8486 | 0.8128 | 0.7599
RMSE 0.8080 | 0.8131 | 0.8318 | 0.9209 | 1.0060 | 1.1388
Scatter Index 0.1132 | 0.1139 | 0.1166 | 0.1291 | 0.1410 | 0.1596

The Forecast accuracy of d Belmullet Berth A shows similar accuracy. The R
correlation is reduced for;Th comparison to ko. The scatter index, indicative of the
RMSE relative to the mean value, is also lower, which is indicative of good accuracy,
despite a minor increase ihé¢ time-scale based deviation which causes the reduced

R correlation. The Mean Average and Mean Square Error begin to increase rapidly
after Day 3, while R correlation coefficient diminishes significantly on Day 6 and RMSE
sees the largest increase betweéorecast distance days between day$.5The

Mean Error shows the presence of a positive bias in the predicted dataset of

approximately 0.35 seconds.
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5.4.7.4.2 Belmullet Berth B

FHGUREL33 BELMULLEBERTHB Hs COMPARISOKDAY1 - 6)
TABLEG6: BELMULLEBERTHB FORECASACCURACANALY SI$Hu0)

Statistic 1Day | 2Days| 3 Days| 4 Days| 5Days| 6 Days
Mean Average Error | 0.3538 | 0.3628 | 0.4140 | 0.4828 | 0.5524 | 0.6779
Mean Square Error 0.2470| 0.2576 | 0.3485| 0.4954 | 0.6266 | 0.9421

Max Error 7.7076 | 8.7002 | 9.4088 | 9.1451 | 8.5777 | 10.568
Mean Error 0.0557 | 0.0001 | -0.0385| -0.0542 | -0.0413 | -0.0076
R correlation 0.9642 | 0.9618 | 0.9481 | 0.9256 | 0.9057 | 0.8565
RMSE 0.4970| 0.5075 | 0.5904 | 0.7039 | 0.7916 | 0.9706
Scatter Index 0.1614 | 0.1649 | 0.1921 | 0.2291 | 0.2576 | 0.3160

At the Berth B site the results mirror those of the Berth A;sitéh very little

appreciable difference overaRMSE and Mean Square Error are reduced marginally,

but the Scatter Index result displays that this is in line with the change in the Mean

Wave Height.
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TABLEG7: BELMULLEBERTHB FORECASMCCURACKNALYSIET,)

Statistic 1Day | 2Days| 3 Days| 4 Days| 5Days| 6 Days
Mean Average Error | 0.6898 | 0.6708 | 0.6902 | 0.7650 | 0.8118 | 0.9098
Mean Square Error | 0.7776 | 0.7759 | 0.8266 | 0.9890 | 1.1235 | 1.3986

Max Error 5.9453 | 5.8780 | 5.9400 | 6.4142 | 6.6822 | 6.9832
Mean Error 0.5326 | 0.4770 | 0.3899 | 0.3459 | 0.3750 | 0.4515
R correlation 0.9013 | 0.8945 | 0.8747 | 0.8393 | 0.8068 | 0.7566
RMSE 0.8818 | 0.8808 | 0.9092 | 0.9945 | 1.0600 | 1.1826
Scatter Index 0.1254 | 0.1253 | 0.1293 | 0.1415 | 0.1508 | 0.1683

Taking the forecast accuracy of &t the Belmullet Berth B site, the MI forecast
behaviour is again similar to Berth A. Mean average and Mean Square Error begin to
increase rapidly after Day 3. R correlation coefficient diminishes significantly on Day
6 and RMSE sees the largest increase between forecast distance days at this point.
Similar to the Berth A site, there is a positive bias in the predicted data &irtfie

Berth B site.

5.4.7.4.3 Galway Bay % Scale Test Site

TABLEG8: GALWAYBAY FORECASACCURACHNALY SI$Hwv0)

Statistic 1 Day 2Days | 3Days | 4Days | 5Days | 6 Days
MeanAverage Error | 0.1755 | 0.1813 | 0.2005 | 0.2316 | 0.2641 | 0.3045
Mean Square Error | 0.0583 | 0.0638 | 0.0824 | 0.1167 | 0.1534 | 0.1952

Max Error 2.0673 | 1.8346 | 2.4461 | 2.9424 | 2.8330 | 2.8526
Mean Error 0.1010 | 0.0898 | 0.0837 | 0.0836 | 0.0912 | 0.1025
R correlation 0.9327 | 0.9194 | 0.8885 | 0.8327 | 0.7758 | 0.7108
RMSE 0.2414 | 0.2526 | 0.2871 | 0.3417 | 0.3917 | 0.4418
Scatter Index 0.2870 | 0.3010 | 0.3425 | 0.4075 | 0.4671 | 0.5269

Galway Bay has the most benign conditions of the sites studied, being a sheltered
site that is generally considered to be reflective of a ¥ scalesitestAs a result of

this, the overall error metrics look favourable for Mean Average, Mean Square, and
Maximum Error. However, the relative metrics which are reflective of the error in
relation to the conditions at the site such as Scatter Index and R Correlation suggest
that the performance of the forecast model is certainly not as effective for the
Galway Bay site. A Scatter Index of 0.287, rising to 0.5269 by Day 6 is a relatively poor
result; and while the R correlation value of 0.9327 predicting 1 day forward is
reasonable, this drops to 0.7108 at 6 days forward. The Mean Error displays a

relatively constant positive bias of 0.1 m Hs.
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TABLEGO: GALWAYBAY FORECASACCURACRNALYSI$T,)

Statistic 1 Day 2Days | 3Days | 4Days | 5Days | 6 Days
Mean Average Error| 0.7616 | 0.7680 | 0.7858 | 0.8497 | 0.8842 | 0.9604
Mean Square Error | 1.0183 | 1.0735 1.1126 1.3023 1.4531 1.6099

Max Error 18.7619| 18.4375| 18.6261 | 18.6882 | 18.7817 | 18.6405
Mean Error 0.4703 | 0.4735 | 0.4130 | 0.3870 | 0.4270 | 0.4673
R correlation 0.6685 | 0.6449 | 0.6203 | 0.5432 | 0.4916 | 0.4263
RMSE 1.0091 | 1.0361 | 1.0548 | 1.1412 | 1.2054 | 1.2688
Scatter Index 0.2698 | 0.2771 | 0.2822 | 0.3053 | 0.3224 | 0.3393

At the Galway Bay site, the Marine Institute Forecast data again provides the worst

accuracy of the sites studied, with low Mean Square Error and Maximum Error due

to the low wave conditions present at the site; but higtatter index and low R

correlation metrics. The best R correlation value of 0.6685 is reflective of poor fit

between the forecast and buoy data, and is suggestive of a-ltigpéssue. The, T

parameter appears to be more sensitive to this thas.H

5.4.7.4.4 Westwave MKat Killard Point

FAGUREL34: KILLAROPOINTFORECASACCURACRSSESSMENDAY1 - 6)
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TABLE7O: WESTWAVEKILLARCPOINT) MK3 BUOYFORECASACCURACANALYSI$Hu0)

Statistic 1 Day 2Days | 3Days | 4Days | 5Days | 6 Days
Mean Average Error| 0.3091 | 0.3022 | 0.3246 | 0.3505 | 0.4243 | 0.4920
Mean Square Error | 0.2039 | 0.1863 | 0.2178 | 0.2514 | 0.3641 | 0.4995

Max Error 3.4255 | 3.1889 | 3.2341 | 3.5400 | 3.9481 | 4.0574
Mean Error 0.2221 | 0.1778 | 0.1859 | 0.1527 | 0.1808 | 0.1855
Rcorrelation 0.9544 | 0.9522 | 0.9446 | 0.9276 | 0.8933 | 0.8449
RMSE 0.4515 | 0.4316 | 0.4667 | 0.5014 | 0.6034 | 0.7067

Scatter Index 0.2199 | 0.2102 | 0.2273 | 0.2442 | 0.2939 | 0.3443
The Forecast Accuracy at the Killard Point site is very much in line with that at

BelmulletBerths A & B. The most appreciable difference is that the Bias at the Killard
Point site is the largest of all sites studied, while the scatter index is also larger than
at the Belmullet Berth A or B sites. The Maximum Error is far lower than these at the

Killard Point site.

TABLE7 1: WESTWAVEKILLARCPOINT) MK3 BUOYFORECASACCURACANALYSI$TY)

Statistic 1Day | 2Days | 3Days | 4Days | 5Days | 6 Days
Mean Average Error| 0.7285 | 0.7397 | 0.7859 | 0.8413 | 0.8597 | 0.9724
Mean Square Error | 1.0273 | 1.0598 | 1.1859 | 1.2937 | 1.3273 | 1.7021

Max Error 6.5235 | 6.4978 | 6.5178 | 6.5307 | 6.5046 | 6.4336
Mean Error 0.5554 | 0.5300 | 0.4687 | 0.3905 | 0.4400 | 0.4858
R correlation 0.8728 | 0.8667 | 0.8459 | 0.8335 | 0.8168 | 0.7424

RMSE 1.0136 | 1.0295 | 1.0890 | 1.1374 | 1.1521 | 1.3047

Scatter Index 0.1692 | 0.1719 | 0.1818 | 0.1899 | 0.1924 | 0.2179
The Taccuracy at the WestWave site is very consistent across the forecast duration

of drops off noticeably at Day 5, with Mean Average Error, Mean Square Error and
RMSE increasing rapidly, and R correlation decreasing to 0.8449 by Day 6.
Interestingly, Day 2 forecast accuracy is marginally better than Day 1 for Mean

Average Error, Mean Square Error, Max Error and RMSE.

5.4.7.5 Individual Error Statistic Commison
To achieve a better understanding of the forecast error at each site, individual error

metrics have been outlined for each of the four sites.
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HGUREL35. SCATTERNDEXFORECASACCURACZOMPARISON

FHGUREL36: MAXERROR FORECAST ACGDRBOMPARISON

HGUREL37: MEANAVERAGHERROR FORECAST ACGURBOMPARISON
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HGUREL38. MEANERROR FORECAST ACAIYRBOMPARISON

AGUREL39 MEANSQUAREERROR FORECAST ACT@RBOMPARISON

FAGUREL40. R? CORRELATION FORECASTURACY COMPARISON

255



HGUREL41: RMSE-ORECAST ACCURAOMEARISON

FHGUREL42 MAXIMUM ERRORFORECASACCURACZOMPARISONT)

FRGUREL43 MEANAVERAGERRORFORECASACCURACZOMPARISONT,)
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FGUREL44: MEANERRORFORECASACCURACZOMPARISONT)

FGUREL45. MEANSQUAREERRORFORECASACCURACZOMPARISONT,)

FIGUREL46. R2 CORRELATIORORECASACCURACZOMPARISONT,)
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HGUREL47: RMSH-ORECASACCURACZOMPARISONT,)

FHGUREL48 SCATTERNDEXFORECASACCURACZOMPARISONTS)

5.4.7.6 Power Production Comparison

Estimated power production was compared for both the buoy and prediction data
over the forecast duration 16 days to examine the accuracy of thedoast data in

prediction of energy production.

Buoy and prediction data was synchronised to ensure that there was noldigne
present in the comparison. As further quality control and-precessing, NaN and
zero values were removed to ensure that poweoghiction was done only where
both datasets were sufficiently populated. In certain instances, this resulted in
severely reduced number of data points present. This is particularly evident for both
the Galway Bay and WestWave MK3 results, whose buoy ddtanaay missing or

corrupt values. This unfortunately prohibited a full analysis of variability (seasonal
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and interannual). This lack of data also results in fluctuating energy production for
the prediction data, given that the analysis is tied to datanbgdresent for each

period of analysis for both buoy and prediction datasets.

FGUREL49: MEANENERGYPRODUCTIORBUOYVS. PREDICTION ABELMULLEBERTHA

The prediction data at Belmullet Berth A results in consistently highevePo
Production estimates than those produced with the available buoy data. A power
production bias of approximately 5% exists at one day out, which rises to 8.3% by
Day 6. Given that there is a negative bias in the mearalde it stands to reason

that the power production error occurs during large oyeedictions by the forecast
model, which carry an outsized contribution to energy production given the square

relationship of wave power with
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FHGUREL50: MEANENERGYRODUCTN BUOYVS, PREDICTION ABELMULLEBERTHB
Power production accuracy using the forecast model at Berth B is superior to that at

Berth A, with a starting error of just 1% at 1 Day out, which increases to a maximum

of 5% by Day 5.

FGUREL51: MEANENERGYRODUCTIOBUOYVS. PREDICTION ABALWAYBAY
Power prediction accuracy using forecast data at the Galway Bay site is particularly
poor, with a 5.7% over prediction of energy production at 1 Day forward, which then

oscillates wildlyover the remaining forecast durations; reaching a maximum under-
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prediction against the buoy data of 30%. Given the poor R correlation of the T
parameter at Galway Bay, coupled with the large relative errorssint ldoes not
appear feasible to achieveraliable energy production forecast using the Marine

Institute data for Galway Bay.

HGUREL52 MEANENERGYRODUCTIOBUOYVS. PREDICTION AKILLARCPOINT

The prediction data at Killard Point results in a large urediction of energy
production, at approximately 15% for all durations. The positive Bias in Hs and Te for
the Prediction data does not appear to result in an ewpexdiction in power

production, as might be expected.
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Modelling & Characterisation Summary

Outcomes of Numerical Modelling
A Class humericalmodel assessment was performed according to theTHGr the

Killard Point Site, using parametric wave data inputs TPeak Directionand a 3
generation spectral wave modeThis model has been tuned to provide the best
combination of accuracy and efficiency, and 24 years of high quality hindcast data
has beenproduced, with output at multiple validation points indicative of likely
locations of WEC deploymenfThe results of the calibration across three
deployments show that the model very accurately represents the conditions
recorded by the buoy; thus validating the input data and modelling methodology
used.

Outcomes of Characterisan
A comprehensive metocean assessment has been performed which covers
accessibility, extremes, directionality, monthly and annual variation of conditions,
and power production. This hindcast data has been analyzed to determine summary
statistics of key wave parameters according to the HES This includes an
assessment of the monthly and annual variation of the key parameterse nd
wave power, giving a greater understanding of the characteristics of this energetic
site. The ultimate energy produan of wave farms is dependent upon, and highly
sensitive to the estimates of wave conditions at deployment sites, and as a result,
the analysis of wave power variabilitpnducted in this Chaptes of very real value
to potential developers and project owners. TH&PR adjustmentmethods
developed in Chapter &re used to provide more accurate estimates of Wave Period

Parameters, and thus improve the resultantiesites of energy production.
The Marine Institute Forecast model

It is important to remember that the industry is still at a nascent stage, with many
resource assessments so far proven (by failures of a number of deployed devices
encountering “unexpected, conditions) not to cover the wide range of design

conditions required for the deployment of MRE projects.

The modelling and analysis in this project will directly feed the commercial model for

the deployment of WECs at Killard Point. Given the current reticence in lending for
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Marine Renewable Energy (MRE) projects, it is absolutely vital that the modelling
reaults are as accurate and dependable as possible, and this is a good first step
towards an analytical quantification of resource that is appropriate for MRE

development.

As part of a systemvide analysis of the impact of theetoceanconditionsat site on

the economic outcomes of theIRE projectsforecast model data was analysed to
determine its suitability for informing design decisions on the planned deployment,
Operations & Maintenance, emergency repair, and energy scheduling and prediction
strategy. Tt8 Marine Institute model was found to be useful for forecastingurhdl

T, conditions up to three days forward, particularly at the more energetic and less

sheltered sites studied.

Killard Point Site Specific Details
The Killard Point Site was found to be representative of the energetic wave climate

on the West Coast of Irelandhen analysing wave height distributionhet
nearshore and offshore sites feature a difference in magnituden@fwhich could
appreciably alter the availability of both sites, andke operations and maintenance
activity challengingespecially when the additional travel distance to the offshore
site is considered. Meannd conditions at the Offshore and Nearshore sites are
2.75m and 2.56m respectively. Thé<bore site features aaverage 4. period of
8.79s, while this is 8.71s at thdearshore site. While there was a difference in
magnitude of the parameters, the variability in conditions was not significantly

different at both sites.

The Weather Window analysis conducted showailability during summer months

for a 2m kho threshold is relatively good, with a probability of weather window
occurrence of in excess of 60%, whereas winter conditions will prove difficult for
accessibility for crews with access limits of 1.5m threshmidviding 3635%

availability during summer months, and onk16% during winter months.

The distribution of the wave parameters during the buoy deployments is heavily
influenced by the seasonality of the conditions at the site, with the deployments
coveting mainly winter and spring months. This creates difficulty in validating the

accuracy of availability using the buoy data, so it is strongly recommended that a
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future deployment take place during summer months to better characterise the site

for these canditions.

The prevailing wave direction is between 2790 degrees, with these waves
experiencing small reduction as they enter the nearshore, shallow water

environment.

December, January and February feature the most onerous conditions, including the
highest average ko and o1 values. An extreme wave of 15.88m was measured on

the 27" of January 2014 during buoy deployment 3. The corresponding condition at
this time in the modelled data is approximately 14.71m. The model tends to
underpredict storm eventsand thus the estimated extreme wave heights at the
nearshore site of 15.45m (20 Year RP), 17.45m (50 Year RP) and 19.02m (100 Year

RP) should be utilised with caution.

Power production at the site is a key concern for commercial interests. The mean
annud wave power at the nearshore site was found to be approximately 45 kW/m,
which is in line with other nearshore sites in 20m water depth on the West Coast of

Ireland.

Power Production analysis at the nearshore site shows the annual power production
estimated using a single WHBRvice is 1034MWh, with an annual standard deviation
of 88MWh.

An analysis of the variation in power over a monthly tistale shows that there is
significant seasonal variability in the power production, and this is a potential issue
which will require careful consideration in terms of demand scheduling andftagh

forecasting for the project.

Overall the Killard Point site has been shown to carry sufficient wave energy resource
to justify the deployment of Wave Energy Convertedespite a potentially

challenging operating environment.
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IECT SMethodology Summary

Practicalities of ImplementingCTS
The modelling of the test site was conducted to Class 1 “Feasibility” standards as per

the IECTS Attempts were made to follow the uwjdelines for a Class 3 model
assessment where possible, but a number of relaxations were made according to
“Annex A of the standards, which specify that model components found not to have
greater than a 5% threshold difference can be omitted. This included the omission of
a fully spectral formulation input approach, as the memory and computational

requirements were demed excessive.

A chief obstacle which presented itself was the difficulty in acquiring an extended
buoy data record, which are commonly affected by loss or damage of deployed
buoys, or simply cost and time implications involved in running an extensive
measurement campaigriThe acquisition of model data preserytst another barrier

in achieving the standards outlined byethECTS.Existing large scale wave models
which cover large areas such as WW3, SWAN and W2C have been shown to be
inaccurate in their efmation of extreme wave conditions, and to have a number of
commonly occurring accuracy issues which affect their utility for conducting accurate
metocean analysi{Mackay, Bahaj and Challenor, 201G3)ackay, Bahaj and
Challenor, 2010bjAmbihl, Kofoed and Sgrensen, 2014)

This makes achieving the stringent requirements for validation accofaaymercal
modelling activities outlined by the IERS difficult to attain;and the standards
requirements were found not to mirror what is currently achievable by state of the
art models(Section5.3.3.3. The accuracy of the wave model produced in this work
is in the region of 18 15% bias and 1520% RMSE forsHand 10-26% bias and 13
—56% RMSE for wave power, the primary accuracy requirements outlined by the IEC
standards Table41). Despite displaying very encouraging statistical metrics and
correlation with the buoy data at concurrent degiments, this falls outside the
standards defined for even a Class 1 (Reconnaissaiasspssment. These
standards, while presenting admirable targets, are particularly onerous, and are
unlikely to be met by most existing models with the majority of avéglatata

sources. Only after calibration can results reach below a 10% bias or RMSE error. In
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this case, the validity of MCP and calibration methods used become increasingly

important, and these were found to be too lightly covered by the TSC

The input data used in this study was the best available model for the extraction
locations which represented the boundary conditions of the Mike 21 SW model, yet
the accuracy of the final model output was still found to be lacking, owing
predominantly to inaccuracies in the input conditions used. With the modelling
efforts in this study, a number of input boundary conditions were trialed, including
the freelyavailable IOWAGA WWS3 derived data, before determining the most
accurate source, which was the MeteoGroup Metocean PRO model. The MIKE 21
model was found to be sensitive to this input wave data above all other factors.
Having found that the model output is highly sensitive to the input wave data at the
boundaries, the accuracy of this model data becomes paramdtimvever, a limited
number of sources for this data exist, and fewer still which contain accurate hourly

data for periods of 10 years or more.

Obtaining an accurate and well documented bathymetry study also proved
problematic. No centralised repositoryists to make this data easily obtainable in a
convenient data format for wave modelling. Curiously, many of these studies also
lack basic yet critical information such as the datum and projection Udgd.issue

is likely to be particular to the accuracy of the available bathymetry information, and

the degree to which an existing site has been characterized.

In terms of the numerical modelling, a thorough investigation of the inclusion and
exclusion of a number of required parameters was made. A number of “Section A”
omissions were required in the modelling process that greatly improved computation
time and did not significantly impact the results produced. Most notably, utilizing a
very fine mesh, with the 50m spatial resolution, specified in thel&6r a Class 3
assessment, proved computationally costly to the extent that it was simply not
feasible for the timeline involved in a commercial project. Investigating the ability to
shorten the computation time, a model run which utilized a 315m mesh siaated

less than 1% difference in uncertainty at the locations studied. This relaxation in the
mesh size additionally resulted in increased computation speed by a factor of ~36x.

Thus, the refined mesh has the drawback of significantly increasing commahti
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time without appreciably improving accuracy. Memory limitations on the
workstation prevented the running of a fully spectral formulation, despite a

drastically reduced spatial domain to accommodate the increased complexity.

Suggestions for alterations IECTS
While it is important to remember that an accurate wave modelling and analysis

routine will shape the design decisions and commercial outcomes of MRE projects, it
cannot be avoided that the IECS imposed for validation of wave models are
excesiely stringent, given the current state of the art modelling techniques. These
standards should be reformed so that they are both reflective of realistic
expectations that can be placed on such modelling exercises, and better outline the

procedures which will give accurate and dependable results.

The requirement®f the IECTSwere found to be inconsistent in a number of areas.
The requirement for measurement instrument bias in determining, fbr example,

was required to be less than 0.3m; yet the biaguirement for validating the model

is typically lower than this except for extremely energetic seas. It is unclear how the
stringent standards for model calibration are to be achieved if the same rigor is not
present in the input wave data. Acquisition af the required data from disparate
sources, ensuring its integrity, and integrating it within a consistent project proved

an onerous task.

IEGTS provides a rather exhaustive list of analyses to be performed without a clear
and concise methodology for achieving the output. Additionally, Weather windows,
which are a useful and commonplace tool for informing deployment schedules and
Operations & Maintenance actions, are a surprising omission from th& $EC
Treatment of extreme wave estimation is almesitirely absent in the IETS. Given

that this is one of the areas most susceptible to error in analysis and that the impact
on the survival of wave energy devices is potentially a crucial issue, this is something
that should be addressed in further detail future iterations of the standards.
Ultimately it is up to each project developer to define their acceptable level of risk,
but a standardized methodology for doing so would be extremely beneficial for the

industry as a whole.
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There lies an opportunity to reform the IEC standards in line with the findings of this
and other case studies. The standards should include a worked case study using the
principles outlined, with specific instruction for each step, and highlight how best to
obtain the specific accuracy requirements outlined. To extend the benefit of the
standards, a concise approach to detailing estimation of energy production using
device power matrix data could be added, further enhancing their weale

applicability.

In sectior6.5, a methodology for addressing spectral shape deviatiountiged, and
this process would greatly benefit the Sy its inclugon, given the level of impact
that spectral shape deviation can have on power production as well as a multitude

of other factors.

Accompanying these standards with an open source wave data analysis tool would
be an ideal step in promoting the applicati@i these standards, and in vastly

improving the state of ocean wave data analysis for MRE projects.

It would behoove all in the industry to ensure that rigorous standards which result in
real and tangible improvements to project outcomes are developedraaithitained

to ensure the healthy and sustainable growth of this industry. Performing a study to
IEGTS standards for a Class 1 assessment has been useful in highlighting information

gaps which will be necessary to conduct further site analysis.
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Conclugns
A firstof-kind numerical modelling and wave resource characterization study has

been performed according to the IEC 6260k standards for Wave Energy Resource
Assessment and Characterization, using Ireland’s first commercial wave energy farm
projed as a test case for exploring the validity, cost and the practicality of
implementing the IEQS. This work represents an important development for the
future of Marine Resource assessment, and will serve to inform future use of, and

improvements to, the IECTS.

This Chapter implemented novel methods and improved tools for resource
characterisation, developed in Chapt&snd 4, with a focus on improving energy
production prediction via improxWave Period Parameter estimatianthis was
achieved through the development of both a Machine Learning based methodology
which improved the accuracy ot @nergy period prediction, and a characterization

of the WPR through binning of values of these ratios across the most commonly
occurring conditions at the site. The Extreme Wave determination methodology
developed in Chapte4 was used to obtain estimates of Extreme Wave conditions
for wave height and period parameters at the Killard Point site, and to validate the
utility of this approach in providing estimates which give increased information for

the development of Marine Renewable Energy Projects.

These new methods have enabled an accurate characterization of the Killard Point
site, generating a 24 year hindcast, numerical wawsadet; and demonstrable
improvements to energy production estimateShe work in Section5.3.3.2 has
shown how the model output has been validated againsiin-buoy measurements

at three separate locations for a total duration of approximately one year, and the
accuracy of the results compare favorably to state of the art nearshore hindcast

modelsfor Ireland.

A methodology has been egteloped for assessingumerical model forecast
performancefor Irish Wave Energy siteSection5.4.7 analyses Marine Institie
Forecast model datadentifyingtrends in model behaviour and performancéhe
impact of forecast model performance on power production accuracy has been

analysed and quantifiedhis result indicates that the Marine Institute Forecast could
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prove valable in informing future design decisions for MRE projects, informing them

of both the magnitude and expected variability of the resource.

Finally, a detailed characterisation of the test site, with a view toward Marine
Renewable Energy project development; and potential opportunities for further
work to improve upon best practice in terms of validity, cost and the practicality of
implementing the IEQS have been discussed in Section &l 5.6. These
improvements and novel applications aem instrumental development for the

future of Marine Resource assessment.
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Impact of $ectralShape on BviceEnergyProduction

Introduction
Following the work done in Chapterthe need for analysis of the impact of spettra

shape is apparenSections.4.2.1- 5.4.2.3utilised improved metods of determining
the Wave Energy Periods, To generate better estimates of wave power, andEC
power production, andmplementation of these methods showed that tleeis a
significant benefitto be hadin terms of theaccuracy of energy predictiofhe
analysis of Spectral Shape at the test site, in Section Sidlayed the variation
that can occur in the spectral shape across differentsate conditios, while
Section5.4.5 examined WPRs at the site using measured and computed spectral
wave data to determine if significant variance in WPR existed acrostaea-Given
the impact that WPRand Wave Period Parameters have on energy production, this

Chapter will:

x BExamine the impact of Spectral Shape on WEC power production

0 Showing that the distribution of energy across the frequency domain
can vary significantly from the standard theoretical assumptions

o Demonstrate how this can adversely impact energy production
estimates.

0 Select the sestates that are most commonly occurring and
contribute most to energy production at the test site (Killard Point)
and perform a theoretical assessment of the impact on energy
production estimation of using the Bretschneider Spectrum in place
of the actual spectrum via a Numerical model.

x Test the impact of this variation in a reabrld environment, using custom
designed prototypescale WECS in a fully equipped testing facility.

x Develop and investigate a methodology for estimating optimal energy
production for both testing and deployment.

0 Examining the variation in wave parameters and, specifically, the
WPRs that occur across a range of conditions at the Killard Point test
site, and how these may differ from the standard assumptions which

are widely used.
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The binning of WPRs performed in Chafers a valuable approach that can show
us the variation of the WPR across states, but we now seek to determine how we
can best analyse the impact of this variation on the power produced by real WECs in

a tank testing environment.

The work that follows will explain and quantify the impact the spectral shape can
have on energy production versus the use of a theoretical spectrum, first in a
theoretical approach, then by empirical testing of Oscillating Water Column (OWC)
devices using real timselies conditions from the Killard Point site, and comparing

these to Bretschneider estimates with equivalent summary statistics.

Looking towards the commercial application of Marine Renewable Energy devices,
this work will provide an illustrative example lobw the characteristics of sites on
the West Coast of Ireland can vary from theoretical assumptions. It will demonstrate
the value of improved spectral fitting, novel methods of resource binning and
characterisation, and display a testing framework thavdd be used for future
device testing to greatly enhance the accuracy of the energy estimates being
produced.

Background
For manyyears it has been consideréte standardof the Marine Renewable Energy
industry to characterise sea states using a few &gtic parameters such as
Significant Wave Height {Hand Mean UgcrossingPeriod (F), Mean Energy Period
(Te) or Peak Wave PeriodpfT with histograms and scatter tables of &hd E to

represent the distribution of seatates at a site.

Many authors have suggested thas &hd T, used in both occurrence matrices and
power matrices for devices, are insufficidotfully predict device outpufKerbiriou

et al, 2007; Robertson et al2016) It has been proposed that other parameters,
such as spectral bandwidth, mean direction coincident with peak frequency and
direction should also be included alongside the power matrix. (Kerkgtial, 2007)
examined utilizing a 2D spectrapresentation of the seatate againsthe standard
5-parameter assumptions that dmt separate windseas and sweleas, finding that

the descripton of seastates with a single set of parameters can lead to very large

errors in the computation of available power. (Saulné¢ral, 2011)found, using
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linear and nodAinear systems to simulate the response of converters with realistic
power takeoff devices, that converters are not overly sensitive to wave
directionality; but the addition of the bandwidth characteristic is an appropriate
compliment to the set of overall parameters describing the skdie for the purpose

of estimating wave energy production. (Robertseinal., 2016)found that using a
partitioned spectral method to characterise the wave climate provided a higher
fidelity and more accurate assessment of Wave Energy Converter (WEC) power
production. This gives rise to the need to conduct a full spectral analysis of conditions

at the site to ensure that the estimate of power production frogaHd Eisreliable.

Current Methods
To date by far the most common method for determinitige energy production of

a device in a given sesate is the use of an occurrence matrix which defines the
occurrence of conditions in “bins” ofslkdnd E, paired with a device power matrix,
smilarly defined by Hand & To then generate representative sstates for
numerical and physical testing of wave energy devices, random waves would be
simulated based on a phase estimating/resolving model. These generate random
waves based on some sw@ard spectral density formula such as the Pierson
Moskowitz or JONSWAP spectrum (for faiyweloped and growing winseas
respectively). The waves are generated in the time domain and run in numerical
models or wave tanks for the purposes of model testifilge power value obtained

at the scaleekize, from a test of 1 to 3 hours of stationary wave conditions, is then

used to build a device power matrix, characterised bgrid E.

It is easy to see why this method has been chodeprovides an easyay to
describe and characterisedevice’senergy production in the conditions it will be
operating in. Unfortunately, such approaches negteetfact that WECare heavily
sensitive to the overall distribution of energy in the entire stae. Gven that these
device power matrices are often produced withe assumption of a standard
theoretical energy spectrum, such as the Bretschneifgctrum, any deviation
from this assumed spectrum can and does result in large shifts in the power

produced.
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Due to the widespread adoption of this approach, current methods of predicting
device energy production can be highly inaccurate, and there can be significant
variations in the energy production for a givepafd E. Ths leads to two primary
issues in the practi¢@application of wave energy, the first of which is tha results
achieved during tank testing and during srsalble testing are providing inaccurate
results. This tends to become particularly apparent as projects move from tightly
controlled environmets, where the assumption of a theoretical energy distribution
may seem valid and present a beneficial simplification, to larger scale;\oaten

test sites, where thesimplification is not applicable, andsults are often not
replicable. The second is&u caused by the adoption of this empirical spectra
approachfollows fromthe first; device developers and financiadckersdo not have

the required level of detail to putfaith in the testing procedureand thus have
confidence in the ultimate projecbutcomes Ths causessignificantuncertainty
surrounding project viability, which inevitably resultssiow development of the
technology through the TRLwhich is an unfortunate issue for both developers and

financers

While the recent IECTS standards exist for outlining best policy in the
characterisation of wave energy resourtiee focus ortesting and estimating energy
production haghusfar seen insufficient guidance and input. Onétef most glaring
omissiors is the lack of consideratiogivento the variation in energy distribution
across seatates that carry similar summary parameteleither has the industry
pushed for enhanced understanding of the true energy content of astsa.
Section6.5 will discuss how the reservations in doing so need not persist, and will
suggest intermediary solutions to allow the spectral shape distribution to be

considered without being improbably restrictive or requiring exhaustive testing.

TheoreticaExamination

Assessing Variation in Spectral Energy
As discussed in the previous section, variation in spectral shape can have significant

ramifications for the characterisation, planning and design of wave energy
developments. In this section, the variation in spectral energy that can occur for sea
states with outwardly similar summary parameters will be demonstrated, and the

impact this can haven energy production characterised. This work will highlight the
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need for a deeper examination of the entire energy profile of a sea, and support a
move towards reduced reliance on the empirical spectra which are commonplace in

the industry

To illustrate the variation in spectral ghathat occursin realworld conditions, an
analysis of the spectral shapes present in the recordings at the Killard Point site in
Co. Clare has been performerhis forms a theoretical study that demonstrates the
energy production impact ofising an empirical spectrum. It will also serve to
establish the motivation behind the remlorld tank testing trials which are
performed in Sectio%.4.

Processig Data Records for Spectral Analysis
As part of the broader metocean analysis of the site undertak&@hapters, spectral
analysis was undertaken on the RAW diaten the Killard Point buoy deployments.
This was done twalidate the output of spectral history parametets validate the
selection of the Bretschneidé&pectrum to represent the conditions at the site and,
failing this, to determine a suitable op&tean spectrum to represent the conditions
at the site. Anally, in conjunction with the work undertaken @hapter3, it was
necessaryto determine and assess a nmetdology for accurate estimation and

conversion of Wave Parameters crud¢@further analysiof site characteristics.

In this process, the timeeries data was analysddr each individual timeseries
record to produce a full spectral record. These tisegies records were produced
every 30 minutes by the Waverider Buoys at the Killard Point & described in
Sectior?.1.1.1.3. The spectral moments and wavarpmeters were generated using
the RAW data of theséme-series records, with kb, To1, Toz, Tpo, Te, Energy and
Frequency output for each record. To provide meaningful information on the
influence of the seatate and prevailing weather conditions on thpectral shape,
the Hno and T2(as well as ok, Te, Tp) records arethen used to bin thee spectra in
0.5m wave height and 1 second period incremefigurel53below examines the
process of converting the timgeries data to a spectra and generating an equivalent

BretschneideSectrum for comparison.
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HGURE153: METHOD FOR PROCESSINKESERIES FILES $PECTRABINNING AND
GENERATINBQUIVALENBRETSCHNEIDER FOR E8RISON

Thisapproachallows for an examination of the individual variation and the average
trends within each seatate, and presents the chance to retain superior detail than
an approach where sestates are simply charaatised by a number ocdummary

parametes.

Theresuling spectral records in each bin are plottedth the average spectral shape
for that bin overlaid. The Savitzi3olay filter(Savitzky and Golay, 1964pmmonly
used in the field of Digital Signal Processing (Schafer, 2@lapplied to the result

of the average spectrum. This is a type of filtesigned for performing noise
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reduction onsignalwith a largefrequency spanfilters such as thesperform better

than standard averagingnite Impulse Respong€ IR filters, which tend to remove

a significant portion of the signal’s high frequency content along with the noise.
SavitzkyGolay filters are preferential, sintkey minimi® the leastsquares error in
fitting a polynomial to frames of noisy data. With a comparatively low number of
spectral records, this helps in determining what the average spectral shape will look

like over a longer duratigrwith less influence from individual outliers.

The summary parameters are also averatgegive a characteristic average summary
parameter for eachbin. Using this characteristic average summary parameter, a
Bretschneiderectrum is generatedThe correlation between the average wave
spectrum for eaclvin and the BretshneiderSoectrum is determinedThis allowshe
theoretical spectrum to be assessed for its suitability to represent the real conditions

at the site.

The correlation between the BretschneidepeBtrum and recorded spectravas
compared for each bin in which thereaw sufficieh data. Given the data capture
constraints and the limited number of data points captured overall, this was deemed
to bethree or more spectral records. Figulé4 shovs an example of this spectral
plot for an Hhobetween2.5and3m and a b2 between7.5and8.5s. The averagenl

in this bin is2.787m and the averageolis 7.877s. These values were used to
generate the idealised Bretschneidgye8trum, and this spectrum was compared to
the values of the averaged spectra to validate the assumption that this spectr

accurately represents conditions for that ss@te.
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FHGUREL54: AVERAGESPECTRA FROM TIAMEERIES RECOR(@BEUB WITH BRETSCHNEIDER
(RED SPECTRA GENERATHDM AVERAGH!o AND PERIOD RECORDS OVEBRLALL
SPECTRAL RECORDSHEAIR! TIMESERIES FILE ARE DEED IN GREY

Figurel54shaws each of the spectra for the timeseries record corresponding to the
bin which encompasses sstates with summary parameters in the range 23mn
Hmoand 7.5 8.5s 2. The deviation in spectral shape shown in the individual spectral
records (grey) fothese short duration recordings is immediately apparent, with a
large variety in shape, peakettss, maximum amplitude of spectral energy, and the
presence of severahulti-modal spectra which contain multiple, distinct, energy
peaks. Looking at the avege spectral shape (blue -Recorded data, red —
Bretschneiderectrum) there is a difference in peaketess, with the recorded
data having a higher spectral amplitude at its peak frequency, while the
BretschneiderSectrum carries more energy in the hegghfrequency tail of the
spectrum between 0.0 and 0.15Hz. Clearly, then, it is not always the case that the
Bretschneider Sectrum will provide an appropriate match for the prevailing
conditions at a site on the Wegbast of Ireland, and there is the famtial for
significant variation in the energy production estimeafeom both spectra. This will

be outlined in a theoretical approach in the following Section thBowed by an
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examination of this variation in practice in small scale tank testing in Section 6.4
onwards.

Selection of Se&tatesfor Assessment
The procesfor the selection and testing of sestates is an important component of
determining the impact of spectral shape variation. Thesestate records were
retrieved from the recorded data at the Killard Point site, and were selected based
on the relative ocurrence of these conditions, such that the analysis is truly
reflective of the most commonly occurring conditioriEhese were additionally

weighted to reflect the contribution to energy production at the site.

Occurrence and Power Production scatter dégs were generated based on the
buoy data records available at Killard Point, which provided approximately 75%

coverage of annual conditions.

Spectral analysis of buoy data
« Spectral analysis of tirsgeries data from buoy performed to determine spectral wave parameters includ
H,

LT T

« Distribution of spectral energy visualised

Selection of Sea State for study

» SeaState represented by £, and plotted at 0.5m kland 1s Thins as per IEC standards.
« Most important sea states identified based on occurrence and relative energy contribution.

Identification of representative timseries

» Wave Spectral Density plotted for each tiseries record
» Timeseries which produces the closest to the "average” spectrum for this bin identified, andéines data
alongside k T,recorded.

Generate equivalent Bretschneider spectrum

« Bretschneider Spectrum generated and compared to the spectral shape of the¢ines record.
« Timeseries representation of the Bretschneider Spectrum generated using the Njord wave synthesis
software.

Test Bretschneider and Tinseries in tank

* Model testing performed to determine the difference in power production between Bretschneider and t|
distribution at Killard Point.

Estimate Energy production using new dataset

« Energy production for Bretschneider and Real Spectrum compared using pressure sensor and elevatig
records from tank testing.

HGUREL55 COMPARISON PROCESRRECORDED VS THED®EL SPECTRAL SHRREA
The higarchy of testing is structured around the comparison of tisegies wave

recordings with the equivalent ¢Hp) Bretschneider wave conditions.

x The timeseries values are obtained from buoy data records at Killard Point.
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x Spectral analysis is then perfortheand the resultant kand T are then used
to separate the records according to pdetermined bin sizes of 0.5ms Bind
1s T —following IEC standards for the production of occurrence matrices.

X The spectral records are then averaged to achieve a reptatve spectral
shape for each bin.

x The Bretschneider Spectrum corresponding to the tsedes is then
produced according to the form of the equatiors24)- (6.27) with Hno and
To2 according to the equivalent summary parameters produced by the
spectral analysis run on the tirgeries. The Bretschneider Spectrum and real
spectrum are then overlaid to wially examine the difference in spectral

energy distribution.

A visual for this process is displayeérigurel53, which highlights the data flow from

buoy, to spectral analysis, to the creation of the equivalent Bretschneider Spectrum.

An example of the conditions at Deployment Location 1 at the Killard Point can be

seen inFigure198

FHGUREL56: PERCENTAGRCCURRENCEATTERLOT FORIvo/ To2 ATKILLARCPOINTDL1
The prevailing climate during Deployment 1, which covered the period 19/11/2011 —
13/01/2012 with 2647 records, is shownkigurel56. Metocean conditions during

this period are visibly energetic, as heavy storms were experienced during this
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period. A number a sestates with an o greater than 6m are encountered and
typically have an accompanying period in the rangl8; while a number of outlier
storm events are evident in the upper right quadrant of FiglE8 The most
commonly occurring sestate, with an occurrence percentage of 9.1%, is a
significant wave height between 4.5 and 5.0m and a Wave Period between 7.5 and

8.0s.

The distribution of Kois shown for Deployment Location 1. The energetinditions

are evident, given that the most commonly occurringy i$ 4m.

HGUREL57: HISTOGRAM OHlyo DISTRIBUTION FOR®Y DATA AT DEPLOYMENT LOCATION
1.

Figure 157 displays the most commonly occurring wave condition at the site. A
testing envelope was then established which bounded the most commonly occurring
seastates. A combined dataset encompassing the recordings from Deployment
Locatons 1 -3 was used to identify the most commonly occurring stdes, and

those which contributed the most wave energy.

Conditions at the Killard point site were examined using both an occurrence matrix
and a power contribution matrix, and the test sgates were determined by
selecting 16 bins, containing defined saates,which represented coverage of 90%

of the events, as well as the most commonly occurring/most energy contributing

conditions.
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Bins were chosen based on:

x Covering a realistic operating area for WEC device.

x Giving a representative envelope of conditions occurring at the site.

x Power/Energy contribution of the bin. I.E. States which carried more energy
were given preference.

To select the bins, H Te & H — T, occurrence matrices were produced. Energy
contribution matrices were also produced based on these occurrence values and

using the formulas:

2K SM= 049 *,,°% 6 (6.1)
2KSM= 042 *,.°% 6 (6.2)

With the central value of &#nd &/T, for each bin multiplied by the number of hours

of occurrence:

2440800CBEF 049 *6:86cd? ENNAI?GNEFE (53

This served as a rough estimate for the power contribution of thestzis.

NB: Three separate buoy deployments were used to obtain the occurrence data for
the site. No coverage was availaflom April to August and thus there is a
predominance of winter conditions. This is weighed out by the fact that the power
contribution of larger sea states is much greater, and thus the impact of the absence
of benign conditions is naturally diminished to an extent, given that we are primarily

interested in conditions with a large energy contribution.
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HGURE158 HsTp OCCURRENAHAATRIX AT KILLARD ROIDEPLOYMENTLOCATIONL-3
(COMBINED

HGURE 159: HsTr POWER CONTRIBUTIONMATRIX AT KILLARD R®I DEPLOYMENT
LOCATIONL-3 (COMBINED

These conditions were scaled to 1:50 scale based on the response of the device to
initial testing. Additionally, a key characteristic of the Killard Point site was the
exisence of bimodal seastates, containing separate and distinct peaks in wave
spectral density across the frequency rande.was important to identify the

frequency of occurrence and impact of these-s¢ates to determine the impact on
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the energy productio of devices that these conditions are likely to have for sites on

the West Coast of Ireland.

HGURELG0: EXAMPLE OF DOUBLE RER SPECTRA KILLARCPOINT

Identification of bimodal seastates took place alongside the binningsefastates

into defined Hand T bins. The criteria for determining doubpeaked spectra have

been outlined by a number of authors, notably (Guedes Soares, 1984)
methodology has been developed by (Barrett, Holmes and Lewis, 208i¢h
provides a simple and robust procedure, and has previously been used in the analysis
of waves from Galway Bay. Following this methodology, a spectral ordinate can be

considered to be a valid seedary peak if:

x The peak is a local maximum.
X It has a magnitude of at least 15% dfp3a9-

x Itis separated from the primary peak by a period of at least 2 seconds.

Similar to the work of (Cahill and Lewis, 2018 methodology has been adapted

to study different degrees of “mulpeakedness”. Thds; the degree of separation
and magnitude of the secondary (or subsequent) peaks in relation to the primary
peak. These adaptations to the methodology included the criteria that the magnitude
of the secondary peak should be a defined percentage (e.g6) feater than the

lowest spectral ordinate separating it from the primary peak. Additionally, the
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separation distance required to classify a ségte as bimodal was varied between

1to 5 seconds.

Using a separation distance of 2 seconds, the following imdtial seastates were

identified from the sesstates selected at Killard Point.

The occurrence of muithodal seastates was found to be only approximately 1.58%
- likely due to the selection of sestates with a minimum &bf 2.8m— with multi-

modalseas far more likely to occur below these conditions.

TABLE 72. IDENTIFICATION OF SEPATE OCCURRENCE AQDANTIFICATION OFHE
DISTRIBUTION OFBODAL SEA STATES

Occurrence (Number of Number of
Hs (M) To(s) : : Multi-Modal
time-series records)

SeaStates
335 11.5125 113 1
3-3.5 12.513.5 84 0
3.54 12.5135 120 7
4-4.5 12.513.5 81 2
455 12.513.5 155 2
5-5.5 12.513.5 117 3
5.56 12.513.5 39 0
4-4.5 13.514.5 51 1
4.55 13.514.5 79 0
5-5.5 13.514.5 55 0
5.56 13.514.5 34 0
6-6.5 13.514.5 40 0
455 14.515.5 20 0
55.5 14.515.5 19 0
5.56 14.515.5 28 1
6-6.5 14.515.5 37 0

The bimodal conditions are predominantly present between 3.8.5m H. The
individual spectral records are selected as representatives of each of the 16 selected
seastates. There is large variation in the shape of spectra within each occurrence
bin. Thus it is necessary to apply some element of control to ensure consgistenc
between bins -allowing for some level of intetemparability. The spectrum which
most closely matches the “average” spectrum produced by all the-iemes records
within a given bin is chosen. This method is chosen overcanstructed timeseries

based on the actual average spectrum for two main reasddlising a real time
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series and Froud&caling removed the need to generate a tiseries by means of
Inverse Fast Fourier Transform which utilises random phase information. This leads
to the secom advantage of using a spectrum matching the average spectral energy
distribution. It is a real sestate condition and the wave amplitudes and periods
mirror those that would be seen in a real sea, thus giving a result that will be more in

line with the eal energy production of a device in such a sese.

This resulted in the selection of 16 individual thseries records by comparison of
the spectral energy distribution to the average spectral energy distribution within the

bin—which can be seen in Figuté1.

HGUREL161: SELECTION OF TIMEERIES RECORD MANTHIAVERAGE SPECTREALERGY
DISTRIBUTION IN CHEDEBIN

While the average spectral energy provides the most useful information for
estimating the relationship of the device energy production between the real sea
state and the theoretical spectral representation, it's also important to look at the
maximum variation from the theoretical result that can happen. For thisumber

of bi-modal/multi-modal spectra with two distinct peaks in spectral energy are
selected. Additionally, an “outlier” spectrum is chosen for each bin studied,

representing the timeseries which showed the greatest deviation from the
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theoretically sggested distribution of spectral energy. This was theorised to provide

the largest change in device energy production over the theoretical assumption.

The data was segregated based on the peak perigdnt while the peak period for
these seestates fellwithin a defined 1 second range, there is significant variation in
Te energy period brought about by the change in distribution of energy. Given that
Teis a key element affecting the energy production for a device with given response
and characteristicghis variation is likely to be noteworthy that seastates with
corresponding energy period may not necessarily be located in the sameatea-
bin.

Theoretical Device Power Study
Thefollowingcomparison which outlines the practical difference trsexhiadeby the
assumption of a Bretschneider (or other theoreticgectrum in place of using the
real recorded spectrum. It will be demonstrated that the specific characteristics of
devices can also have a large impact on the variation caused by thim@Esu
Given that devices often have defined resongeik frequenciest which power
production is optimised, any variation in the spectral shape profile can dramatically

shift the resultant energy production estimatéor a device.

To determine a usefybower production estimate for each spectral shape, it was
elected to utilise a simple theoretical model that iepresentative of a basic
Oscillating Water ColumWEC shape. Aeneric cylinder of radius 0.75m and
submerged depth ®m was modelled in WAMI{Wamit, 2012)a Boundary Element
Method (BEM) solver using linear wave thegryto determine its response
characteristics. Of primary interest was the device’s heave Response Amplitude

Operator RAQ —the primary determinant of extractable energy.

Thiswas determined using the following formula:

A# (B~

B \
( €9 ) (6.4)

§(GF fi( E¥1))6x Kkl + Ifi(E¥1) 0o+ K4NEV1)+ >ATR A(EV1) 0

Where:
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E iterates along the length of the frequency vector

B As theexcitation force -the FroudeKrylov forces of the incoming waves.
| is the mass, and mthe added mass at rotational frequency iz

Gs thehydrostatic stiffness

> A TsRhe external damping

4 Nhe restoring forceomponent

This RAO was then used alongside the spectral shape to determine the energy
production of the device in each scenario. Tpedralenergyprofile wascollected

for recorded and Bretschneidepectra. The power production RAO of the device
was developed using the output of the WAMIT model characteristics, and the heave

power determined by multiplying the Spectral Amplitude by the calcdl&&0 as

follows:

2KSMBE\W 5(EVY1) x 4#LeGEV (6.5)

This resulted in a power figure which allowed for a direct comparison between the
estimated energy production farach spectrum.

In transitioning from the spectral density to the power spectral sign it was

necessary to include thgower per unit crest length developed by a ssate, which

is defined as:
ect
Fi1= # Sé(BB @B (6.7)
=1 @ému (6.8)
éCc® 5
= 15 iiBB @B (6.9)
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The power varies with the square of lind with the inverse of the energy frequency

B= :— Thelatter being affected by the bandwidth of the spectrum. For single
7-

systems, swells carry more power than wisehs of the samesH
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HGUREL62 COMPARISON OHEAVESPECTRAAMPLITUDE FORECORDED SPECTRUMAKS
ASSUMEMBRETSCHNEIDER SPEGTROR A SESTATE WITRARAMETERS.268M Hs AND
6.838sTs.

The impact of the assumed spectral shapeclearly visibleén Figure 162 The
Bretschneider estimate for the parameters afafid T, has a single, defined, spectral

energy peak. In the recorded dathe true spectral energy profile is more diffuse, of
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lower maximum amplitude, and has muligmdefined peaks within the energy profile

In this case, the (normalised) power produced for the Bretschneider Spectrum is
1.6799x16kw, while the power produced for the Recorded spectrum was 1.37x10
kw —a 21.8% overestimation of the power productimtroduced by the use of the

BretschneideSectrum.

The same comparison was next made for some of the most commonly occurring
conditions(as selected in Sectidh3.3) and those which contributed most to energy
production. This analysis is conducted by averaging all of the spectra in each sea-
state, and producing an equivalent average Bretschneider based on the combination
of all Bretschneider Spta with the equivalent averagesummary spectral

parameters.

The top panel ofFigure163 — Figure167 displays all spectra within the bin, the
resultant average spectrum, and the Bretschneider Spectrhe middle panel
shows the numerically derived RAO for the modelled cylin@iae bottom panel
shows the resultant eave Sectral Amplitude, while the annotation on the lower
right summarises thedtal power production and variance for both the actual and

empirical spectra.
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HGUREL63: COMPARISON OBPECTRABHAPE ANENERGYPRODUCTION FCEEASTATES
WITHHs2.5-3M AND T 9.5-10.55
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FGUREL64:COMPARISORFSPECTRAHAPEANDENERGPRODUCTIOROR
SEASTATEWITHHs3.54M ANDTr 10.5-11.5S
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FGUREL65:COMPARISORFSPECTRAHAPEANDENERGPRODUCTIOROR
SEASTATEWITHHs4.5-5M ANDTp 12.513.5S
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HGUREL66:COMPARISON OBPECTRASHAPE ANENERGYPRODUCTION FOBEASTATES
WITHHS5.5-6M ANDTP 12.5-13.55
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HGUREL67: COMPARISON OBPECTRABHAPE ANENERGYRODUCTION FCEEASTATES
WITHHS6.57M ANDTP 12.5-13.55
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This analysis demonstrates the large impact that the change in spectral shape can
have The average spectrum at the Killard Poine s& more peaked than the
Bretschneider Spectrum, exhibiting a more concentrated energy distribution. As a
result, there are significant Heave Spectral Amplitude differences between the two;
with the estimate of total device power varying in excess of 10% for each of the Sea
States selected. For S&ates with lower wave period, the Bretschneider Spectrum
tended to estimate higher energy production, while larger wave periods in the 12.5s
Tprange, which match well with the resonant period of the devicsuted in the

real spectrum at the Killard Point test site producing a greater estimate for Heave

Spectral Amplitude.

Given the frequency with which the Bretschneidg§vectrum is used for such
analyses, and the magnitude of the variation in power has been demonstrated to be
possible, this is a potentially significant issue which must be addressed in the course
of legitimising the development of wave energy. The variationthi@ energy
estimates seen here is by no means the largest deviation seen in the testing data
from Killard Point, furthermorenulti-modal seas can introduce significantly higher
deviations from the expected power production value. Section6.4.5.5 the
difference in power production in a smaltale tank test environment is showime
sameseastates, furthering demonstrating the impact that spectral shape variation

can have.

Small Scale Tank TestafddWC Devices

Tank Testing Necessity & Requiratse
The work done in botiChapter3 and 5, as well as Section 6/8s shown that the

distribution of energy in the frequency domain for a given-sede can vary
significantly from the standard theoretical assumptions. It is propdsetést the
impact of this variation in a reakorld environment, using prototype scale wave
energy device models in a fully equipped testing facility. The purpose of these tests
is to verify the power production difference that exists between recorde@-tseries

data and theoretical spectra.

Theoretical spectra, such as the Bretschneider Spectrum, are commonly used in all

facets of the ORE industryrom device design and testing to energy production and
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wave parameter relationship estimates. Looking/éwds the commercial application
of Marine Renewable Energy devices, it is important to quantify the variation in

energy production that can occur if these theoretical spectra are used.

Having demonstrated the potential impact of spectral shape variation, and the
caveats to the use of standard empirical spectral, the logical progression is to
examine the impact in a reaorld environment which represents an immediately
identifiable and applicable situation for wave energy developers and their associated
contractors. Given the huge deviations in the expected device performance
experienced by developers in moving from numerical modelling to even soeé-
testing, a greater understanding of the method is required. The tank testing that
takes place will detail the identification of setates for study, followed by the
construction of multiple OWC devices to examine the variation between the idealised

(Bretschneider) and realorld energy production of devices in small scale testing.

A primary aim will be to identify pitfalls and areas for improvement that exist with
the current best practices, and work towards forming a cogent methodology for this
stage of testing. This will pull together all of the current best practices and align them
with the improvementgossible by taking a more holistic approach of examining the
entire spectrum of energy in a sa#ate in a tailored, empirical fashion, hence
building on the approach detailed in Section 6.3® provide an enhanced
methodology when greater accuracy is desired; rather than relying on theoretical
methods which may not provide a useful fit for the conditions and device being
tested.This testing should serve as a bdsishow early prototype tank testing could

be conducted in an optimal fashioensuring quick, concise and accurate testing that

translates to real experience.

Tank testing took place at the LIR National Ocean Test Facility, which is part of the
Marine ard Renewable Energy Institute (MaREIl) centre, housed at the Beaufort
building in Cork, Ireland. The testing examined the differences that variations in
spectral shape creates in the resultant energy production, even when the spectral

average parameters su@s Hand &/Tp are identical.

This work documents the methodology of designing devices, identifying appropriate

seastates, and testing the impact of the variation in wave spectral density
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distribution on the energy produced by these devices. It istabged that the simple
design of these devices and the outlined methodology for testing and presentation
of the results, which will be made freely available, can be easily replicated at other
facilities as a means of testing the impact of the variatiospectral shape between
standardised spectra and the candidate sites that are being examined. Further, this
is an exercise in demonstrating the reebrld impact of statistical simplifications on
the developing wave energy industry.

Preliminary Actions
Thebrief for this testing igo examinethe impact of spectral shape on real device
energy production. It isnperative that thechosenwave energylevice design clearly
demonstrate any difference in the distribution of energy, while balanthig with
both the ease and speed of construction. The ide@isreate a device that isheap
and easily replicable such that a number of modeith various alterationganbe

created and tailored to the specific setate conditions which arto be tested.

In addition, to remove a large amount of the variability in testing, the device
movementis constrainedn all 6 degrees of freedom, allowiagimplke examiration
of the heave motion of the water columof the Oscillating Water Columim
determining the device power production, thesnplifying the testing procedure and
concurrently improving the dependability of the results.

Experiment Setup
6.4.3.1 Deep Ocean Basin
The device testing took place in the Deep Water Ocean Basin at the LiR National
Ocean Test Facility (NOTE)custom designed test facility which operates within
the MaREI Centrdt houses Ireland’s only infrastructure for small to medium scale
laboratory testing of ocean and maritime systehe NOTHhouses fourtanks at
various scales and depths for emulation of ocean waves and currents. They are
equipped with measurement capabilities including laser PIV, acoustic probes, above
and subsurface motion and reaime video. There are a variety bench test rigs for
electrical, power take off and mooring system tests along with a microgrid/on grid
infrastructure for test of generation, control, power take off, storage, grid

integration, power quality, subsea transmission and fault synthesis.tarie and
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institution are reputedfor contributions to wave, tidal and offshore wind energy
development including towing, installation, performance and survival testing, work
with floating structures, offshore structures, coastal engineering including

breakwaters and harbours, hydrodynamics, scour, vessels and offshore logistics.

The Deep Ocean basin has a moveable floor plate, allowing water depth to be
adjusted, and making it suitable for circa. 1/15 scale operational conditions &0d 1/
scaleAtlantic survival states. The basin is equipped with 16 hinged féeeelback
paddles, making it capable of peak wave generation conditionseDtm, F=2.7s

and Hnax=1.1m. Itis 35m x 12m x 3m deep, with the hydraulic, movable, fauré

168& Figurel69) allowing depths from 0 to 3m.

HGURELG68: DEEPWATEROCEANBASINOVERVIEW
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HGURELG69: DEEPWATEROCEANBASINSCHEMATIC

6.4.3.2 Device Design

The design of the OWC devices for this testing exercise will be outlined in this Section.
The guiding principles are simplicity, the abildydirectly demonstrate issues caused

by spectral shape variation on device energy production, and replicability of the
device construction and testing procedure. In addition to this testing, this
methodology could be used as a template to examine weadd impact of spectral
shape in tank testing with cheap materials which are available worldwide.

6.4.3.2.1 FabricatedWCDescription

Three devices were constructed for the testing. These were OWC devices consisting
of a long cylindrical pipe, with one open end subgest in water and the other end
open to the atmosphereA closed cap featuring a 16mm orifice allowed for air to exit
the device. The top featured a further 8mm tapping to affix a pressure transducer, to
perform continuous pressure measurements fed back MéoVIEW throughout

testing.
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TheOWCsawere constructed of 160mm diameter Wavin Pipe with a wall thickness of
3.9mm, a tapered end and an end cap. The endcap features a 16mm unchamfered
orifice in a plate of 4.2mm thickness. There is an 8mm pressure waesthpping

which has been offset to the side of the endcap to minimizanftaence on the flow

through the orifice.

FGUREL70: OWCDEVICESOLIDWORKS ASSEMBUXGERAM

The devices were cut to their determined lengths for tlesided frequency response,
and individually tested to determine damping and the orifice values required for
maximum power production. This resulted in the selection of a uniform 16mm orifice
for the three devices, as firoved the best compromistr power production, ease

of testing, and reduction in confounding variables during testing.

The OWC devices were attached to the tank instrumentation bridge by means of steel
angle section fitted to the device at positions corresponding to the top and bottom
flat surfaces of the bridge. The steel angle section rests with one face flat to the

bridge, and is affixed to the device by means of a single M8 bolt.
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HGUREL71: DEVICESATTACHMENT MECHANMIBND INSTRUMENT BRBE

6.4.3.2.2 Selection of Device Scale

The scale of the devices is selected according to a number of constraints. These
chiefly include the minimum and maximum wave conditions which can be reliably
reproduced in the Deep Ocean Basin. Another consideration is to fit the envelope of
seastates chosen to the resonant period of the device, while maintainidgvice

length less of than 1.0m to prevent difficulties with mounting and manoeuvring the
device in the tank. The study would be conducted wighblit the selection criteria

also takes account of the energy production using theegord.

Both occurrenceand power production are considered in selecting the test
conditions for the devices, and this extends to the selection of Wave Period at scale.
Selection of Froude Scale for testing are based on the maximum Wave Period the

devices will respond to.

e.g. he FroudeScaled ratio of glat 1:30 and 1:50 scale are as follows:

. . 5 =
1:30 scale X Tp=0.1826 F (6.10)
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1:50 scale = x Tp= 01414 §
(6.11)

A maximum of a 2.7s,Ts attainablewhen generating the maximum wave height
achievablewith the current Deep Ocean Basin configuration. This is the maximum
non-breaking height, whereupon the amplitude is necessarily lowered after
exceeding this period alue. This means that the upper Wave Periods, which
contributed a large amount to the overall energy contribution of the-stdes, could

not feasibly be tested at 1:30 scale. Taking these factors and constraints into
consideration, a device scale of 1\58s selected. The maximum resonant period of
the devices built is 2.07s, thus the maximum wave condition to test carries a full scale
Wave Period of approximately 11.34 14.64s. Likewise, the minimum period
selectable will be determined by the lowest oemnt period of the devices
constructed. This process ultimately resulted in the selection of a 1:50 scale for

testing, and device submerged lengths of 9 50m, as indicated in Tab¥el.

The device scale selected informs the tank testing duration, which is determined
based on the Froud&caled duration of each buoy data record from the Killard Point

data:

Original buoy record duration = 30 minutes

Froude Scaled recd duration at 1:50 scale %g Zm15s

6.4.3.2.3 Selection of Device Characteristics

The OWC design is tailored to the expectedstades that are to be analysed. Testing

is performed at 1:50 scale with a range of wave conditions varying from72m5H

and 9.5 15.5s J, corresponding to 0.050.14m Hand 1.34 2.19s } at prototype

scale. To determine the device characteristics required to achieve resonance at this
scale, a preliminary theoretical analysis was performed using the Evank, et A
McCormick Equation and Veer et Al. approaches. These have been shown to give
results which are quite similar to a Boundary Element Method approach (Sheng,

Alcorn and Lewis, 2014Jhese approaches are based on the notion of an imaginary
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“piston” or slug of water moving within the OWC and effegtan movement of the

air in the device at the boundary with the water surfaegg(rel72).

HGUREL72 OWCWATER SURFACE PISREPRESENTATION

The formula given by (Evans and Porter, 198Eites the natural period of the device
to the water depth, in the case where the draft, D, is far greater than the diameter,

as follows:

o
1
N
o
olel

(6.12)

Where:

Tois the natural period (in seconds)

D is the Draft to mouth of device (in metres)
g is acceleration due to gravity

(Michael E. McCormick, 198pnsidering the imaginary water piston as an isolated
cylinder, and again assuming that D is far larger than the diameter, gives a

corresponding natural period for heave motion of:

&+ 08484
6= 28— "
c (6.13)

WhereR is the radius of the cylinder.
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(van ‘t Veer and Tholen, 2008ive the natural period of the internal water surface
motion for a large water column or moonpool (the underwater opening in the

vessel):

. &+ 041 x 5KO
G=28 ————
C (6.14)

Where $is the Sectional area of the moonpool/water column.

These approximations for the natural period allowed an estimation of the likely
resonant period ranges which can be captured by a given device diameter and draft,
and thus enabled the selection of a range of device characteristics to examine a broad

range of sea states.

These three approaches are used to determine the resonance period of the OWC
devices based on their chosen design characteristics (D, S) and by varying the
submerged depth to alter the deéces’ resonant period to capture the power

response across a broad range of staies.

The results of these formula for submerged depths ranging from-QLl0m are

tabulated below.

TABLE73: RESONANCE PERIOD @RPIALLSSUBMERGE®WCDEVICE AS A FUNCNIOF
DEVICE DRAFSUBMERGEDEPTH

D (m) Resonancg period.oj(s
Evans et a| McCormick Equatior Veer et Al
1 2.01 2.07 2.17
0.9 1.90 1.97 2.08
0.8 1.79 1.86 1.98
0.7 1.68 1.75 1.87
0.6 1.55 1.63 1.76
0.5 1.42 1.51 1.64
0.4 1.27 1.37 1.52
0.3 1.10 1.21 1.38
0.2 0.90 1.03 1.22
0.1 0.63 0.81 1.04
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Resonance period vs. Submerged length of device
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HGUREL73 RESONANCEERIOD OF DEVICE $8BMERGED DEPTH
The three equations provided relatively consistent results, with a spread of
approximately 10% between the lowest and highest estimates for all but the shortest

submerged depths, where the deviation between formulae increases.

The McCormick Equation was chosen to calculate the natural period of the device,
being the simplest equatn to include the radius of the device and model the internal
water surface, and representing the midpoint of the three equations. It was used to

determine the device lengths for the range of Wave Period occurrences

To verify the results of the numericastimates of resonant period, the device was
physicallytestedin the tank atvarying submerged depth$o do this, the device was
placed in the Deep Ocean Basin as a large uncut length of pipe to facilitate
investigation of a full range of submerged deptimd their effect on device response,
performance, pressure/power productiollongside this testing, other factossich
asthe stability of the instrumentation bridge truss structure to which the devices

would be attachedvere tested.

The submerged deptlvas initially set at 1m, and progressively altered from the

initial value with the aim of discovering which submerged depths were capable of
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eliciting sufficient device performance and optimal response to the proposed testing
seastates. Thus, a series afceptable depths were determined in which the device
performance was sufficient. The final device selection must also be suited to the
scaled operational spread of the test wave conditions. Additionally, the practicalities
of working in the tank must be taken into account, chiefly how the moveable floor in
the Deep Ocean Basin can restrict device length where it reaches its lowest

serviceable level.
The chosen OWIEngths, optimised to the coverage of ssites, are as follows:

TABLE74: CHARACTERISTICS OPSEN DEVICE DESIGNS

ToMcCormick| Pipe Length Pipe Length Below
Device D Draft (m) ] ]
(s) Required (mm)| Taper Requiredmm)
OWC 1 1 2.073 2369 2269
OWC2 0.75 1814 2119 2019
owcC3 05 1512 1869 1769

6.4.3.3 Selection of \&@veProbe Locations

Wave probe locations were placed at evenly spaced intervals of 1.5m across the tank.

A 3m gap was left on the nearside of the tank (bottom of Figa¥ and a 1.5m gap

on the offside of the tank. These wave probe locations corresponded to the intended

location of the OWC devices, and the centre position between the devices.
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HGUREL74: TANK ARRANGEMENT F@RVE CALIBRATION
Figure 175 & Figure 176 display the wave probe arrangement in situ for the

calibration configuration.

HGUREL75 WAVEPROBEARRANGEMENT IN TANK
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HGUREL76. WAVEPROBHNSTALLATION ON INSJIMEENTATION BRIDGE
The probes were calibratedby progressively moving thenby defined 100mm
distances to ensure that the watetevation change wagroportional to the output
voltage of the sensat This provided a reliable and consistent measurement of water

surface elevation during calibration and testing.
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FHGUREL77:WAVEPROBEENSOROLTAGESAFUNCTIORFWATERSURFACE
ELEVATION

For testing, the devices were attached as outlinedrigure178 & Figurel79. This
involved the attachment of OWC devices at the positions of WaveePtp4 and 5.

The instrumentation bridge was moved towards the paddles to place the devices at
the former probe locations (of probes 1, 4 and 5). There was 0.7m between the
device centres and the wave probe locations to the paddle side of the bridge, thus

necessitating a 0.7m movement of the bridge towards paddles.

Probes 2 and 3 (the probes placed between the devices) were moved to the opposite
side of the instrumentation bridge to give confirmation of wave readings at precisely
the same location and toie an indication of the replicability of the wave conditions

between calibration and device testing.

The position of Wave Probe 6 (between Device 3 and wall) was maintained to give a
reference point for determining the existence of a potential wall effedtich would

alter the wave heights in proximity to the tank walls. The readings of Wave Probe 6
will later be compared to those of Wave Probes 1 & 2 to look at any potential wall

effect.

Pressure sensors were then attached to the three OWC devices bysméthe 8mm

pressure tapping. This was connected via a National Instruments EtherCat system to
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the computer in the tank control room which monitored the pressure readings via a

custom configured LabVIEW setup.

HGUREL78 TANKARRANGEMENT FOR TESS

TABLE7S: LABELLING OF DEVJ@RAVE PROBE AND PBEHRE SENSORS

Device Number| Device Draft (m)| Wave Probe Number| Pressure Senso

OWC_1 1 1 2
OWC_2 0.75 5 1
OWC_3 0.5 4 4

Figurel78and Table75give an overview of the arrangement of the devices, probes,
and the pressure sensorstathed to the devices. Pressure sensors 1, 2 and 4 have

been attached from nearside to offside respectively.
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FHGUREL79: WAVE PROBES AND DEESGNSTALLED ¢NSTRUMENTATION BREDG

HGURE180: Tor VIEWOF OWCDEVICE SHOWING PRHRE SENSOR AND ATHRMENT
CONFIGURATION

Figurel80displays the attachment of the OWC device to the instrumentation bridge
by means of thesteel angle section, which overlaps the bridge and is mounted by

four GClamps (two top, two bottom). This mounting mechanism allowed for rapid
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attachment and detachment of the devices, accurate positioning, and secure hold.
(A Hhaxof 1m was trialled to ensure the device did not experience any slip during
testing conditions).

Tank Testing
6.4.4.1 Tank Testing Overview
Tank testing commenced with calibration to ensure the correct wave conditions were
being produced in the tank at the desired location, and to pte\a reference wave
condition at the intended position of the OWC devicés.total 93 testswere
performed, comprisingf 47 calibration runs and 46 device testhiese are itemised

in Table76.

Data capture for tank testing comprised a two computer system located ifDibep
Ocean Basin control cabin. These received the central pressure sensdioasgh

feed from the National Instruments EtherCat device, as well as receiving and
displaying the water surface elevation readings from the wave probes. A core
component in the operation of the Deep Ocean Basin is Edenburgh Designs
wavemaker software suitewhichconsists of two main software applications and a
collection of software tools for diagnostic and configuration purposes. The two main

components are:

* Wave Runtime- this is the runtime software used to operate the wavemaker
hardware. Itprovides the main humamachine interface, allowing the user to
control the power state of the machine, generate or play back waves, capture
operational data from the machine and monitor the state of the machine for
maintenance or troubleshooting. It consists of two programs: the Engine, which
performs the real time data prassing, and the Client, which provides a graphical
front end. The Client can communicate with the Engine via TCP/IP allowing it to be

run remotely over a network if required.

* Wave Synthesiser this is a graphical application for creating wave designiset

run by a wavemaker. Waves are built by adding components, such as sine waves,
spectra or angle spreading functions, to a tree structure. Components can be
specified using mathematical expressions or data input allowing a large amount of

flexibility. The software provides the ability to visualise the wave to aid in the design
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process. Wave files generated by the program are loaded by Wave Runtibee to

played back by thevavemaker(Greig, Jason and Edinburgh Designs, 2012)

HGUREL81: EDINBURGHDESIGNSVAVEGENERATIOSOFTWARKEVERVIEW

HGUREL82: NJORDWAVE SYNTHESISNPUT INTERFACEENERATION OF-BIODALTIME
SERIE®/ITHHs0.1074v AND T 1.44975 (AT SCALE
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HGUREL83: TANK CONTROL INTEREASHOWING TANK CONTROAND ABILITY TO SEIE
GENERATEDMESERIESILES TO BE CREAB¥DNAVEMAKER

The secondary PC ran LabVI@&tional Instruments, 201%yhich took continuous
readings of wave elevatiofrom the six wave probes and thrg@essuresensors

attached to the devices.

Lab View Test logsomprising the wave probmeasurementsind pressure sensor
readings, were stored to filesnamed AB_OXX.txt and stored on the National

Instruments CompactRI@RIQ device.

6.4.4.2 Wave Calibration

Tests001- 041 and 088- 093 (Table76 and Table81) were performed to calibrate
the wave conditions in the tank, ensuring that the required wave conditions were
being properly recreated in the tankandthat the conditions at the six wave probes
are consistent with those of the inptime-seriesfiles. These tests comprised @B
unigue Betschneider derived timeserieswith equivalent H, T, to the time-series

files chosen from the Killard Point data. Additionally, Snbidal sea stateswere
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chosen from the Killard Point tirmeeriesdata, and 5 corresponding Bretschneider

time-seriesfileswith equivalentHs, T,thengenerated to match these.

6.4.4.3 Calibration of device orifice

It was necessary to calibrate the Pressure to Flow relationship of the orifice installed
on the device to achieve an accurate estimate of the power production of thealevic
from the pressure readings recorded during testifitnis process was conducted

usinga custombuilt rig for orifice calibratiorfFigurel84: Rig for Orifice

FGUREL84: RG FORORIFICECALIBRATION

The top cap of the OWC device was attached to a Perspex sheet cut to fit the top
mounting positionto ensure an aitight seal between the device and orificBwo

wave probes were installed in thegting rig, alongside pressure sensors attached t

the pressure tapping of the OWC cap with orifice to be tested.

The wave probes were calibrat@dthe same fashion as describedSection6.4.3.3
With LabVIEWecording pressure and water surface elevation within the device, the
device was slowly raised and lowered by means of a gantry mounted. cFaisewas
followed by rajid oscillations produced through manual perturbation of the device

using a long metal rodhis process gave a tirseriesof pressure and war surface
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elevation readings which could be used to determine the flow rate of air within the

device at a givenrpssure.

Flow Velocity in the chamber wastdemined assuming the air movezbmpletely
and incompressibly with the movement the internal water surface of the device

(as measured by the wave pred).

8= ¢ Wg (6.15)
Where:
V = Flow Velocitgm/s)

H = Water Surface Elevation (m)

T= Time(s)

FHGUREL85: FLowVELOCITY IOWCCHAMBER DURING ORIE CALIBRATION
Thiswas converted tolbw rate by multiplyingby the sectional area of the internal

chamber of the device:

(6.16)
Where:
Q = FlowRate(m?3/s)

H = Height of water surface (m)
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NE Internal radius of device (m)

HGUREL86: PRESSUR¥SH.OW DURING ORIFICA.BRATIONPOSITIVE AND NEGATBREST
FIT SHOWN

The relationship between Flow and Pressure was then determined usitfgoed2r
polynomial fit for both positive and negative flows. The constérelating pressure

and flow was determined to be:
Ko_pos=5.708 x 10
Ko_neg=-8.37 x 10
And devicanstantaneougpower production was determined by:

2K®Ngeude3 x 2 (6.17)

2KSMgeuBp-ax 2% 2 (6.18)

Where:

P = Pressure (Pa)

6.4.43.1 Alternative Method foPower ProductionDetermination

An alternative method was alased to determine the power production of the OWC
device; making the assumption that the water surface elevation within the devices
mirrored the adjacent probe reading of water surface elevatiGiven that the

correlation coefficient between probe 3 and probes 1/4/5 is always more than 0.95,
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a further asumption was made that the water surface elevation recorded by probe
3 was representative of the interval water surface elevation in the thoa&'C

devices.

Device Power was then determined by:

2K SMpeae= 1% 3 (6.19)

Where:
With Q determined as bgqn (6.16).

Analysis of Tank Test Results
6.4.5.1 Observations
The following are some observations following the tank testing performed. These are
wide-ranging observations which will be examined in more detaisubsequent
sections. Tank testing was conducted successfully, with no failures of device
mounting mechanisms, components or measuring equipment. Preliminary analysis
of the wave probe measurements reveals consistent and reasonably accurate output.
Likewise, the pressure sensors functioned correctly across all devices. These are the
key facets of testing which will enable a number of important conclusions to be
drawn regarding the power production of the device, its influencing factors, and, as
is the oerarching goal; to determine the impact the variation in spectral shape from

the commonly used empirical spectra can have on the resultant power production.

There are some findings which necessitated further analysis to determine the
accuracy and validity of the testing carried out. Chiefly, there were some notable
differences between the requested tinseries and the timeeries produced by the
tank. While the reproduction of simple Bretschneider -sé@es was good
throughout testing, there were issuestiithe generation of real sesatates, which

were exacerbated in the generation ofibiodal seastates.

The test conditions are listed below in Tahié to Table 81 and are primarily
characterised by Hand T. These timeseries are selected based on matching the

average spectral shape within a giveq H bin. The timeseries are then scaled to
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match the 1:50 scale of the device by altering both the timestep and elevation record

according to Froude Scaling similarity.

TABLE76: LIST OFOWCBRETSCHNEIDER CALIBRN TESTS

LabVIEWTeg sea Scale | Scale
Wave File Name | State| Hs To
Number Hs To
No.
001 Bret_01 1 2.81 10.00 | 0.056 | 1.41
002 Bret_02 2 2.84 10.53 | 0.057 1.49
003 Bret_03 3 2.82 12.12 | 0.056 1.71
004 Bret_04 4 2.96 12.70 | 0.059 1.80
005 Bret_05 5 3.50 10.67 | 0.070 | 1.51
006 Bret_06 6 3.97 12.31 | 0.079 1.74
007 Bret_07 7 3.84 13.33 | 0.077 1.89
008 Bret_08 8 3.54 14.29 | 0.071 2.02
009 Bret_09 9 4.66 13.33 | 0.093 | 1.89
010 Bret_10 10 4.87 14.29 | 0.097 2.02
011 Bret_10 (repeat) 10 487 | 14.29 | 0.097 | 2.02
012 Bret_11 11 4.83 14.82 | 0.097 2.10
013 Bret_12 12 4.73 16.00 | 0.095 2.26
014 Bret_13 13 5.58 12.50 | 0.112 1.77
015 Bret_14 14 5.97 14.29 | 0.119 2.02
016 Bret_15 15 5.76 15.09 | 0.115 2.13
017 Bret_16 16 6.88 13.12 | 0.138 1.85
018 Bret_17 17 6.77 13.56 | 0.135 1.92
019 Bret_18 18 6.75 1455 | 0.135 2.06
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TABLE/7: LSTOF OWCTIMESERIES CALIBRATIESTS

LabVIEWTest Sea Scale | Scale
Wave File Name | State| Hs To
Number Hs Tp
No.
020 TSeriesBuoy_01 1 2.81 | 10.00 | 0.056 | 1.41
021 TSeriesBuoy_02 2 2.84 | 10.53 | 0.057 | 1.49
022 TSeriesBuoy_03 3 2.82 | 12.12 | 0.056 | 1.71
023 TSeriesBuoy_04 4 2.96 12.70 | 0.059 1.80
024 TSeriesBuoy_05 5 3.50 | 10.67 | 0.070 | 1.51
025 TSeriesBuoy_06 6 3.97 | 12.31 | 0.079 | 1.74
026 TSeriesBuoy_07 7 3.84 13.33 | 0.077 1.89
027 TSeriesBuoy_08 8 354 | 1429 | 0.071 | 2.02
028 TSeriesBuoy_09 9 466 | 13.33 | 0.093 | 1.89
029 TSeriesBuoy_10 | 10 487 | 14.29 | 0.097 | 2.02
030 TSeriesBuoy_11 11 4.83 | 14.82 | 0.097 | 2.10
XX-file not created | 12 473 | 16.00 | 0.095 | 2.26
031 TSeriesBuoy_12 13 5,58 | 12,50 | 0.112 | 1.77
032 TSeriesBuoy_13 | 14 5.97 | 14.29 | 0.119 | 2.02
033 TSeriesBuoy_14 15 5.76 15.09 | 0.115 2.13
034 TSeriesBuoy 15 | 16 6.88 | 13.12 | 0.138 | 1.85
035 TSeriesBuoy_16 17 6.77 | 13.56 | 0.135 | 1.92
036 TSeriesBuoy 17 | 18 6.75 | 1455 | 0.135 | 2.06
037 TseriesBiModal_1| B_1 | 3.70 | 1250 | 0.074 | 1.77
038 TseriesBiModal_2 | B_2 | 3.68 | 13.11 | 0.074 | 1.85
039 TseriesBiModal_3| B_3 | 4.33 | 12.70 | 0.087 | 1.80
040 TseriesBiModal_4 | B_4 5.03 12.90 | 0.101 1.82
041 TseriesBiModal 5| B 5 | 544 | 13.33 | 0.109 | 1.89
End of
calibration - - - - -
runs
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TABLE78: LIST OFOWCBRETSCHNEIDERSTS

LabVIEWTest Sea Scale | Scale
Wave File Name | State| Hs To
Number Hs Tp
No.
042 Bret_01 1 2.81 10.00 | 0.056 1.41
043 Bret_02 2 2.84 10.53 | 0.057 1.49
044 Bret_03 3 2.82 12.12 | 0.056 1.71
045 Bret_04 4 2.96 12.70 | 0.059 1.80
046 Bret_05 5 3.50 10.67 | 0.070 151
047 Bret_06 6 3.97 12.31 | 0.079 1.74
048 Bret_07 7 3.84 13.33 | 0.077 1.89
049 Bret_08 8 3.54 14.29 | 0.071 2.02
050 Bret_09 9 4.66 13.33 | 0.093 1.89
051 Bret_10 10 4.87 14.29 | 0.097 2.02
052 Bret_11 11 4.83 14.82 | 0.097 2.10
053 Bret_12 12 4.73 16.00 | 0.095 | 2.26
054 Bret_13 13 5.58 12.50 | 0.112 1.77
055 Bret_14 14 5.97 14.29 | 0.119 | 2.02
056 Bret_15 15 5.76 15.09 | 0.115 2.13
057 Bret_16 16 6.88 13.12 | 0.138 1.85
058 Bret_17 17 6.77 13.56 | 0.135 1.92
059 Bret_18 18 6.75 14.55 | 0.135 2.06
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TABLE79: LIST OFOWCTIMESERIESESTS

LabVIEWTest Sea Scale | Scale
Wave File Name | State| Hs To
Number Hs To
No.

060 TSeriesBuoy_01 1 2.81 | 10.00 | 0.056 | 1.41
061 TSeriesBuoy_02 2 2.84 | 10.53 | 0.057 | 1.49
062 TSeriesBuoy_03 3 2.82 | 12.12 | 0.056 | 1.71
063 TSeriesBuoy_04 4 2.96 12.70 | 0.059 1.80
064 TSeriesBuoy_05 5 3.50 | 10.67 | 0.070 | 1.51
065 TSeriesBuoy_06 6 3.97 12.31 | 0.079 1.74
066 TSeriesBuoy_07 7 3.84 13.33 | 0.077 1.89
067 TSeriesBuoy_08 8 354 | 1429 | 0.071 | 2.02
068 TSeriesBuoy_09 9 4.66 | 13.33 | 0.093 | 1.89
069 TSeriesBuoy_10 | 10 4.87 | 1429 | 0.097 | 2.02
070 11 4.83 14.82 | 0.097 2.10

- 12 473 | 16.00 | 0.095 | 2.26
071 13 5.58 12.50 | 0.112 1.77
072 TSeriesBuoy_13 | 14 5.97 | 1429 | 0.119 | 2.02
073 TSeriesBuoy_14 15 5.76 15.09 | 0.115 2.13
074 TSeriesBuoy_15 | 16 6.88 | 13.12 | 0.138 | 1.85
075 TSeriesBuoy_16 | 17 6.77 | 13.56 | 0.135 | 1.92
076 TSeriesBuoy 17 | 18 6.75 | 14.55 | 0.135 | 2.06
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TABLESO: LIST OFOWCBIMODALTESTS

LabVIEWTest Sea Scale | Scale
Wave File Name | State| Hs To
Number Hs Tp
No.
077 TseriesBiModal 1| B_1 | 3.70 | 12,50 | 0.074 | 1.77
078 TseriesBiModal_2 | B_2 | 3.68 | 13.11 | 0.074 | 1.85
079 TseriesBiModal_3 | B_3 | 4.33 | 12.70 | 0.087 | 1.80
080 TseriesBiModal_4 | B_4 5.03 12.90 | 0.101 1.82
081 TseriesBiModal_5| B_5 | 544 | 13.33 | 0.109 | 1.89
082 TseriesBuoy_Skippe 12 473 | 16.00 | 0.095 | 2.26
083 BretBiModal_1 B_1 3.70 12.50 | 0.074 1.77
084 BretBiModal_2 B_2 3.68 | 13.11 | 0.074 | 1.85
085 BretBiModal_3 B_3 4.33 12.70 | 0.087 1.80
086 BretBiModal_4 B_4 5.03 12.90 | 0.101 1.82
087 BretBiModal_5 B_5 5.44 13.33 | 0.109 1.89

TABLES1: LIST oFOWCADDITIONAICALIBRATIONESTS

Sea
LabVIEWT est . Scale | Scale
Wave File Name | State| Hs To
Number Hs Tp
No.
088 TseriesBuoy_Skippe 12 473 | 16.00 | 0.095 | 2.26
089 BretBiModal_1 B 1| 3.70 | 1250 | 0.074 | 177
090 BretBiModal_2 B 2 3.68 13.11 | 0.074 1.85
091 BretBiModal_3 B3| 433 | 12.70 | 0.087 | 1.80
092 BretBiModal_4 B 4| 503 | 12.90 | 0.101 | 1.82
093 BretBiModal_5 B 5 5.44 13.33 | 0.109 1.89

6.4.5.2 Plots and summaries
6.4.5.2.1 Information on €stData
TheLabVIEWdata obtained from the tank testing was in .csv format and featured

the 6 waveprobe water surface elevation readings and 3 pressure sensor readings.
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The data was sampled at a frequency of 32Hz, resulting in 11072pdatts
recorded over the sampling duration. This corresponded to approximately 5 minutes
46 seconds of recording; witihrepeat time of 4 minutes 15 seconds determined in
the wave generation softwareEquivalent to he scale duration of the timseries

data from the Killard Point Buoy Recordings), after which the program would repeat

the time-seriesdata.

FHGUREL87: SAMPLE RECORDED DATA FRARVIEWFOR TESD01
The requested data file, generated by the Njord Wave Synthesis program consisted
of 2304 data pointsampled at approximately 9Hz (due to the scaling of the waves

to 1:50 scale).
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HGUREL88. REQUESTED TIMEERIES VS PROBE REGB FOR TESA2.

A sample of the probe readings and the requested tsrees is shown iRigurel88.

The transition period between the start of the test and tirae at which the waves
reach the probes can be seen in the lower left of this image. There was a delay of
approximately 10 15 seconds between the start of the test and the waves reaching

the probes, dependant on the wave period of the sea state being tested. There is a
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time-lag evident in the figure on the lower righiyhich was corrected for in
subsequent stages of the analysis.

6.4.5.2.2 Data Processing Steps

The LabVIEWdata files from the tank testing were first imported from the .csv
format, creating a Matlab organisational structure that allowed each probe and
pressure sensor value to be easily obtained for each Tdst.timeseries data from

the tank was then deneaned as a first step toward paring it for comparison with

the requested timeseries data. This was accomplished by subtracting the overall
mean ofthe time-series from each entry as in the equation below:

¢

te= T (TuFD (6.20)
Uab

The datawasthen ready for visual inspection and analysis. The 6 wave probes were
plotted against the requested timseries for each of the 93 tests that were run,
encompassing the Bretsohider, Recorded Killard Poiritrte-series and Biodal

sea stats.

To enable proper comparison of the recorded and requested data, it was necessary
to transform the data to a uniform timescale. This was accomplished using a linear
interpolation routine in MATLAB The Requested timseries data, which was
sampled at a lower frequency, was-spampled to match the LabVIEkcordings

taken.

Given that there existed a transitional period during which the waves had not yet
reached the wave probes/devices, it was necessary to applyne window with
lower and upper bounds tenablestudy of the useful area of testing in which the

tank had established stablgavegenerationfor the area of interest

The timeseries were aligned using the MATLABddelay” function, which finds the
correlation and the lag between two tirrgeliesusing the crossorrelation between
the two signals. The normalized crassrelation is then calculated, arttis allows
for the removal of the time lag thas inherent between the requested and recorded

values.
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Thisprocessemoved the phase delayhich is visible in th€igurel88 As is evident

in the wave probe signal, the waves are repeated after the 4 minute and 15 second
input time-series. For the determination of power from the tirseries, a composite
dataset wa constructed from the portion of the test beginning after the waves had
reached the probes, and the equivalent repeated portion after the 4 minutes and 15

seconds

Plottingthe data alongside the deviation values between the requested and recorded
datareveals thatafter correction is performetb remove the phased delay and the
transitional phase for each sedate, the signals requested and recorded areyver

similar. This can be seenkigurel89below.
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HGUREL89: DATA FROMIESTO01 SHOWING PROBE REMGS AND REQUESTED FBHRIES
AFTER THE TIMEERIESAVE BEEN ALIGNED

6.4.5.3 StatisticalAnalysis of Reproduction Error

Reproduction of the waves was a key element of this study. Prior to performing any
detailed statistical analysiit was necessary tensure that the conditions which
were requested were properly reproduced by the tamke first step in analysing this

wasto visualise the probe readings alongside the requested-teres
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HAHGURE190: REQUESTED AND RECORDBMESERIESMEASUREMENTS FAESTO001 /
BRETSCHNEIDBREASTATEL

This allowed for a visualisation of the reproduction o¢ tivaves, as well as the
associated deviatioffirom the requested condition. Visible in Figut80 are the
readings for Test 001. There are some noticeable spikeseirddlviation of the
recordings from the requested timseries, whichiend to occur during larger, rapid,
changes in wave amplitude. The average deviation is in the regior ef 80mm
(model scale)with an overall bias of 5.9mm, indicating that the caiodis produced

in the tank areconsistentlylower thanthe requested conditions.

A detailed statistical analysis of the waves requested and recorded at the probes was
performed to determine the precisioof the tank transfer functionn reproducing
the required sesstate, and to determine the level of consistenagnd thus
interoperability between tests with equivalent conditions. A tabulatethtstical
error summary across all probbstween requested and recordedi&hd T, was then

generated as detailed below.

6.4.5.3.1 Significant Waveleight(Hs) Comparison

Tabulated results of$#&nd T vs requested kand T for each probe are shown below:
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TABLES2: REQUESTEHS VS RECORDEBIS- BRETSCHNEIDER WAVES

Wave Probe 1 2 3 4 5 6
SeaState Number | HsRequested (m) Hs Recorded (m)
1 2.78 2.60 2.58 250 246 244 242
2 2.82 2.63 259 254 248 249 245
3 2.81 2.62 260 255 247 252 249
4 2.95 275 272 2.67 258 265 2.64
5 3.48 3.26 3.25 3.16 3.07 3.06 3.04
6 3.95 3.74 3.69 3.62 351 3.54 351
7 3.83 3.61 3.55 3.51 3.39 346 343
8 3.54 332 3.28 325 316 3.22 321
9 4.64 440 434 429 415 419 4.18
10 4.86 4.61 457 450 439 444 443
11 4.82 453 447 443 435 443 4.47
12 4.72 4.45 439 435 4.28 437 4.43
13 5.56 529 522 511 495 497 5.04
14 5.95 566 5.61 552 538 545 551
15 5.75 549 543 534 524 533 5.37
16 6.86 6.47 6.44 632 6.13 6.18 6.25
17 6.75 6.43 6.37 6.24 6.07 6.14 6.17
18 6.74 6.47 6.39 6.29 6.10 6.18 6.23
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TABLE33: PERCENTAGE DEVIATION FROM REQUESTBRETSCHNEIDER WAVES

Wave Probe 1 2 3 4 5 6
SeaState Hs Requested
Number (m) % Deviation HRecordedrom Requested
1 2.78 5.05% 6.01% 8.79% 10.17% 11.08% 11.57%
2 2.82 5.24% 6.40% 8.26% 10.28% 10.16% 11.58%,
3 2.81 5.43% 6.16% 7.95% 10.89% 9.14% 10.00%
4 2.95 5.18% 6.36% 7.99% 11.01% 8.93% 9.15%
5 3.48 4.67% 5.13% 7.55% 10.15% 10.44% 11.16%
6 3.95 3.88% 5.19% 6.90% 9.81% 9.02% 9.96%
7 3.83 4.21% 5.71% 6.78% 9.87% 8.35% 8.88%
8 3.54 4.62% 5.71% 6.54% 9.57% 7.75% 8.01%
9 4.64 3.71% 4.94% 6.13% 9.16% 8.29% 8.67%
10 4.86 3.74% 4.71% 6.11% 8.60% 7.46% 7.78%
11 4.82 4.64% 5.85% 6.73% 8.49% 6.93% 5.94%
12 472 4.44% 5.68% 6.40% 8.17% 6.20% 4.99%
13 5.56 3.19% 4.64% 6.62% 9.45% 9.19% 7.83%
14 5.95 3.59% 4.60% 5.99% 8.48% 7.37% 6.26%
15 5.75 3.33% 4.32% 5.76% 7.82% 6.17% 5.43%
16 6.86 4.14% 4.81% 6.65% 9.45% 8.67% 7.56%
17 6.75 3.36% 4.37% 6.29% 8.88% 7.85% 7.32%
18 6.74 2.77% 4.02% 5.55% 8.37% 7.25% 6.42%
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TABLES4: REQUESTEHS VS RECORDEBIs— TIME-SERIES WAVES

Wave Probe 1 2 3 4 5 6
SeaState Number| HsRequested (m) Hs Recorded (m)
1 2.78 259 254 246 243 246 243
2 2.82 249 249 243 238 241 237
3 2.81 269 266 259 256 261 2.56
4 2.95 278 272 2.65 263 2.65 2.62
5 3.48 3.26 3.25 3.15 3.11 3.12 3.10
6 3.95 3.76 3.76 3.71 3.60 3.64 3.64
7 3.83 3.55 3.46 344 3.32 3.40 3.36
8 3.54 3.33 3.29 325 316 3.23 3.19
9 4.64 438 4.24 420 4.02 4.13 4.05
10 4.86 473 471 465 4.47 455 451
11 4.82 480 4.66 460 4.47 453 455
12 4.72 450 439 435 435 437 4.52
13 5.56 512 5.03 5.01 480 484 4.85
14 5.95 583 5.69 567 549 562 5.56
15 5.75 5.74 565 558 5.46 551 553
16 6.86 6.47 6.44 6.32 6.13 6.18 6.25
17 6.75 6.43 6.37 6.24 6.07 6.14 6.17
18 6.74 6.47 6.39 6.29 6.10 6.18 6.23
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TABLES5; PERCENTAGE DEVIATION FROM REQUESTEDME-SERIE®/AVES

Wave Probe 1 2 3 4 5 6
Hs
SeaState
Number Requested % Deviation IRecordedrom Requested
(m)
1 2.78 7.58% 9.29% 12.45% 13.21% 12.29% 13.50%
2 2.82 12.30% 12.32% 14.30% 16.29% 15.03% 16.31%
3 2.81 461% 5.74% 8.43% 9.49% 7.48% 9.33%
4 2.95 6.20% 8.18% 10.59% 11.16% 10.46% 11.51%
5 3.48 6.87% 7.12% 9.92% 11.19% 10.95% 11.48%
6 3.95 513% 5.14% 6.42% 9.36% 8.34% 8.18%
7 3.83 7.54% 9.87% 10.35% 13.54% 11.58% 12.62%
8 3.54 6.01% 7.29% 8.19% 10.84% 8.80% 9.92%
9 4.64 6.04% 8.87% 9.74% 13.63% 11.37% 13.08%
10 4.86 2.84% 3.38% 4.65% 8.21% 6.66% 7.35%
11 4.82 0.56% 3.35% 4.75% 7.32% 6.10% 5.75%
12 4.72 495% 7.14% 7.98% 8.08% 7.57% 4.40%
13 5.56 8.13% 9.74% 10.14% 13.91% 13.16% 12.97%
14 5.95 2.36% 4.73% 491% 7.96% 5.91% 6.88%
15 5.75 0.36% 1.92% 3.16% 5.20% 4.39% 3.95%
16 6.86 8.47% 10.07% 10.75% 13.47% 12.31% 11.06%
17 6.75 3.96% 6.40% 7.47% 9.96% 7.55% 7.20%
18 6.74 9.04% 11.19% 11.44% 13.82% 11.74% 10.72%

Timeseries input waves display a greater disparity in the requested vs. recorded
value than for the Bretschneider wave conditions, echoing the results of the RMSE,

Bias andxatter Index error metrics.

From the above tables, it is evident that wave hegghute under produced in the tank
—with 5-10% deviation from the requesteds Heing common across all sstates.
There is a noticeable difference in theddross the wave probes, with a definite trend

of decreasing Hn moving from probe 16.

With reference to the locations of the wave probes, best sedfigure 175, this data
is suggestive of a “wall effect,” whereby the heights of the waves are diminished in

proximity to the tank wall.
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Fortunately, the probes which show the least deviation from the requested condition
are probes 1, 2 and 3; which are the centnest probes placed at the locations of

the OWC devices.
Examining the replication ofodal seastates, it is again evident that the tank has

difficulty in correctly emulating these conditionsith the primary effect here being

a dramatic lowering of the th the recorded timeseries.

6.4.5.3.2 Period (f) Comparison
TABLEB6: REQUESTED: VS RECORDED - BRETSCHNEIDER WAVES

Wave Probe 1 2 3 4 5 6
SeaState Number| T, Requested (S T, Recorded (s
1 9.43 943 943 943 984 9.84 984
2 10.29 9.84 9.84 10.29 10.29 10.29 10.29
3 11.91 11.91 11.31 1191 11.91 1191 1191
4 12.57 11.91 11.91 12,57 11.91 1257 12.57
5 10.29 9.84 10.29 10.29 10.29 10.29 10.29
6 11.91 11.91 11.91 1191 1191 1191 11.91
7 12.57 12.57 1257 12.57 12.57 1257 12.57
8 13.31 13.31 13.31 13.31 13.31 13.31 14.14
9 12.57 12,57 12.57 1257 12.57 12.57 12.57
10 13.31 13.31 13.31 13.31 13.31 13.31 14.14
11 14.14 14.14 14.14 14.14 14.14 14.14 14.14
12 15.08 15.08 15.08 15.08 15.08 15.08 15.08
13 11.91 11.91 1191 1191 1191 1191 1191
14 13.31 13.31 13.31 13.31 13.31 13.31 14.14
15 14.14 1414 14.14 14.14 14.14 1414 1414
16 12.57 12,57 12.57 12.57 12.57 12.57 12.57
17 13.31 13.31 1257 13.31 13.31 13.31 13.31
18 14.14 13.31 14.14 1331 14.14 14.14 14.14
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TABLE37: PERCENTAGE DEVIATION FROM REQUESTBRETSCHNEIDER WAVES

Wave Probe 1 2 3 4 5 6
SeaState Tp Requested
Number ) % Deviation §Recordedrom Requested
1 9.43 0.00% 0.00% 0.00% 4.35% 4.35% 4.35%
2 10.29 4.35% 4.35% 0.00% 0.00% 0.00% 0.00%
3 11.91 0.00% 5.00% 0.00% 0.00% 0.00% 0.00%
4 12.57 5.26% 5.26% 0.00% 5.26% 0.00% 0.00%
5 10.29 4.35% 0.00% 0.00% 0.00% 0.00% 0.00%
6 11.91 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
7 12.57 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
8 13.31 0.00% 0.00% 0.00% 0.00% 0.00% 6.25%
9 12.57 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
10 13.31 0.00% 0.00% 0.00% 0.00% 0.00% 6.25%
11 14.14 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
12 15.08 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
13 11.91 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
14 13.31 0.00% 0.00% 0.00% 0.00% 0.00% 6.25%
15 14.14 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
16 12.57 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
17 13.31 0.00% 5.56% 0.00% 0.00% 0.00% 0.00%
18 14.14 5.88% 0.00% 5.88% 0.00% 0.00% 0.00%
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TABLESS: REQUESTED: VS RECORDED, — TIME-SERIES WAVES

Wave Probe 1 2 3 4 5 6
SeaState Number| Tp Requested (S T, Recorded (s
1 10.00 10.77 10.77 10.77 10.77 11.31 10.77
2 10.53 10.77 10.77 10.77 10.77 10.77 10.77
3 12.12 11.31 11.31 11.31 11.31 11.91 11.31
4 12.70 11.91 11.91 11.91 11.91 11.91 11.91
5 10.67 10.77 10.77 11.31 11.31 11.31 11.31
6 12.31 12.57 11.91 1257 12.57 12.57 1257
7 13.33 12.57 12.57 1257 12.57 12.57 12.57
8 14.29 12.57 12.57 1257 12.57 12.57 12.57
9 13.33 12.57 11.91 12,57 11.91 1257 1257
10 14.29 14.14 14.14 14.14 14.14 14.14 14.14
11 14.81 14.14 14.14 14.14 14.14 14.14 14.14
12 16.00 15.08 15.08 15.08 15.08 15.08 15.08
13 12.50 11.91 1191 11.91 1191 11.91 11.91
14 14.29 13.31 13.31 13.31 13.31 13.31 13.31
15 15.09 14.14 14.14 14.14 14.14 14.14 14.14
16 13.11 12.57 12.57 1257 12.57 12.57 12.57
17 13.56 13.31 13.31 13.31 13.31 13.31 13.31
18 14.55 13.31 13.31 13.31 13.31 13.31 13.31
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TABLES9: PERCENTAGE DEVIATION FROM REQUESFHAIME-SERIE®/AVES

Wave Probe 1 2 3 4 5 6
To
SeaState
Number Requested % Deviation § Recordedrom Requested
(s)
1 10.00 7.75% 7.75% 7.75% 7.75% 13.14% 7.75%
2 10.53 2.36% 2.36% 2.36% 2.36% 2.36% 2.36%
3 12.12 6.66% 6.66% 6.66% 6.66% 1.75% 6.66%
4 12.70 6.22% 6.22% 6.22% 6.22% 6.22% 6.22%
5 10.67 1.02% 1.02% 6.07% 6.07% 6.07% 6.07%
6 12.31 2.14% 3.24% 2.14% 2.14% 2.14% 2.14%
7 13.33 572% 5.72% 5.72% 5.72% 5.72% 5.72%
8 14.29 12.00% 12.00% 12.00% 12.00% 12.00% 12.00%
9 13.33 5.72% 10.68% 5.72% 10.68% 5.72% 5.72%
10 14.29 1.01% 1.01% 1.01% 1.01% 1.01% 1.01%
11 14.81 454% 4.54% 454% 4.54% 4.54% 4.54%
12 16.00 5.72% 5.72% 5.72% 5.72% 5.72% 5.72%
13 12.50 4.73% 4.73% 4.73% 4.73% 4.73% 4.73%
14 14.29 6.83% 6.83% 6.83% 6.83% 6.83% 6.83%
15 15.09 6.31% 6.31% 6.31% 6.31% 6.31% 6.31%
16 13.11 4.15% 4.15% 4.15% 4.15% 4.15% 4.15%
17 13.56 1.84% 1.84% 1.84% 184% 1.84% 1.84%
18 14.55 8.49% 8.49% 8.49% 8.49% 8.49% 8.49%

Timeseries input waves display a greater disparity in the requested vs. recorded
value than for the Bretschneider wave conditions, echoing the results of the H
analysis. For Bretschneider sstates, the error in Jis typically 0%, with a small
number of results showing a disparity between requested and recorged Up to
6%, these being predominantly at loweyvalues.
6.4.5.3.3 RMSE Error
The Root Mean Square Error (RMB&)ween requested and recorded tinseries
was determined for each probe, during each state, as follows:

a

|
4/5'= ©f S(TyF ° (6.21)
U]
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TABLESO: RMSEHs REQUESTED VBECORDEDBRETSCHNEIDERA STATES

SeaStateNumber| Metric: Root Mean Square Err¢gmm)
Wave Probe 1 2 3 4 5 6
1 753 | 712 | 7.29 | 740 | 7.79 | 7.57
2 6.35| 6.77 | 6.34 | 643 | 7.25 | 6.64
3 427 | 484 | 433 | 443 | 526 | 4.74
4 3.76 | 420 | 3.71 | 4.04 | 465 | 4.82
5 8.11| 760 | 800 | 795 | 835 | 8.18
6 730 | 7.67 | 8.26 | 8.15 | 8.58 | 8.74
7 6.18 | 6.68 | 6.06 | 6.26 | 6.61 | 6.67
8 435 | 490 | 425 | 458 | 520 | 5.44
9 8.08 | 8.61 | 9.21 | 9.33 | 9.54 | 9.50
10 7.84 | 847 | 7.77 | 8.08 | 9.23 | 8.40
11 8.70 | 9.42 | 8.60 | 9.40 | 9.08 | 8.98
12 6.48 | 7.34 | 6.48 | 6.96 | 7.59 | 6.78
13 13.24| 13.82| 13.19| 13.39| 13.52| 13.47
14 10.96| 10.55| 10.92| 11.36| 11.20| 11.21
15 8.76 | 9.45 | 852 | 887 | 8.37 | 8.49
16 17.09| 18.30| 17.73| 17.70| 17.39| 17.44
17 16.49| 17.35| 16.87| 17.28| 17.00| 17.04
18 13.36| 14.15| 13.56 | 14.43| 13.92| 13.95

The RMSE values for requested vs. recorded data across all Bretschneider
representationof the seastates are low, andrereflective of accurate reproduction

of the wave conditionsThe RMSE values tend to increase with increasing wave
height, while sesstates with larger gvaluestend to have lower RMSE values. RMSE
values are consistent across the 6 wave probes, indicating a high degree of

consistency irthe accuracy of wave reproduction across the spatial domain.
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TABLE9L: RMSEREQUESTED MSECORDEDREAL WAVES

SeaState Number| Metric: Root Mean Square Err¢gmm)
Wave Probe 1 2 3 4 5 6
1 9.61 9.39 923 999 10.28 9.43
2 756 797 7.72 721 774 7.44
3 8.02 8.31 813 7.74 895 8.00
4 768 7.66 7.65 741 851 7.76
5 894 892 874 857 995 959
6 10.68 10.23 10.32 10.57 11.17 10.48
7 786 824 798 874 9.01 8.10
8 9.16 9.02 898 934 933 853
9 12.69 12.72 12.39 13.20 13.55 12.65
10 13.68 14.23 13.52 13.66 13.60 13.54
11 10.37 10.83 10.28 10.35 10.49 10.17
12 9.72 8.54 9.27 1045 8.60 9.38
13 14.19 14.96 14.72 14.34 14.52 14.50
14 16.63 17.43 17.43 17.60 17.41 16.71
15 14.62 15.40 14.67 14.96 14.59 14.86
16 20.21 20.83 20.87 20.93 20.13 20.43
17 19.87 20.80 20.34 20.69 20.12 20.83
18 20.72 21.77 21.09 21.38 20.73 20.80

The RMSE values when reproducing real #smgesdata were higherbutremained
indicative of reasonable accuracy. Again, the RMSE valuess focrelsedwith
increasing wave amplitudes and showed a slight decrease for larger valugs of T
6.4.5.3.4 R Correlation Error
Next, the R correlation (R Corr) between requested and recordeddarieswas
determined for each probe, during each ss&tate, as follows:

_ JATW(AT(AY

4T VXA F(ATSYAAD) F(ADS (6.22)

With x being the recorded data point and y the requested data.

This measures the strength and direction of the linear relationship between the two
variables, with a value of 1 representing a perfect positive fit, and a value of 0

representing no correlation.
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TABLE92: R? CORRELATION COEFENTI FOR REQUESTED RECORDED TIMEERIES
BRETSCHNEIDER SEPATES

SeaState Number Metric: RCorrelation
Wave Probe 1 2 3 4 5 6
1 0.85 0.86 0.85 0.85 0.83 0.84
2 0.89 0.88 0.89 0.89 0.86 0.88
3 0.95 094 095 0.95 0.93 094
4 0.97 096 0.97 0.96 0.95 0.95
5 0.89 090 0.89 0.89 0.88 0.88
6 0.93 0.92 091 0.91 0.90 0.90
7 095 094 095 0.95 0.94 0.94
8 0.97 0.96 0.97 0.97 0.96 0.95
9 0.94 093 092 092 091 091
10 095 0.94 095 0.94 0.93 0.94
11 0.89 0.87 0.88 0.88 0.88 0.88
12 0.96 0.95 096 0.95 0.95 0.96
13 0.89 0.87 0.88 0.88 0.88 0.88
14 0.93 0.94 093 0.92 0.93 0.93
15 0.95 094 095 0.95 0.96 0.96
16 0.87 0.85 0.86 0.86 0.86 0.86
17 0.88 0.86 0.87 0.86 0.87 0.87
18 0.92 091 092 090 091 0.91

The tank is capable of accurately producing the required wave conditions when
generating Bretschneider waves. THe®&Telation tends to increase with increasing
Tp, while the values tend to be very consistetoss wavgrobes—indicative of the

high degree of correlation in the measurements taken across yavies This can

also be seen in the RMSE results given in Tahle
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TABLE93: R> CORRELATION COERENT FOR REQUESTEDRECORDED THBERIES REAL
WAVES

SeaState Number Metric: RCorrelation
Wave Probe 1 2 3 4 5 6
1 0.74 0.75 0.75 0.71 0.69 0.74
2 0.84 082 0.83 0.85 0.83 0.84
3 0.82 081 0.82 0.83 0.78 0.82
4 0.86 0.86 0.86 0.87 0.83 0.85
5 0.86 0.86 0.86 0.87 0.82 0.84
6 0.85 0.86 0.86 0.85 0.83 0.85
7 0.91 090 0.91 0.88 0.88 0.90
8 0.86 0.86 0.86 0.85 0.85 0.88
9 0.85 0.84 0.85 0.83 0.82 0.84
10 0.84 0.83 0.84 0.84 0.84 0.84
11 0.90 0.89 0.90 0.90 0.90 0.90
12 0.92 093 092 0.90 0.93 0.92
13 0.86 0.84 0.85 0.85 0.85 0.85
14 0.85 0.83 0.83 0.82 0.83 0.84
15 0.87 0.86 0.87 0.86 0.87 0.86
16 0.81 0.80 0.80 0.79 0.81 0.80
17 0.83 0.81 0.81 0.80 0.82 0.80
18 0.81 0.78 0.79 0.79 0.80 0.80
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6.4.5.3.5 BiasError

TABLE94: HsBIASREQUESTED VBRECORDEB BRETSCHNEIDERASTATES

SeaState Number| Metric: Bias (mm)
Wave Probe 1 2 3 4 5 6
1 590 560 575 579 6.12 598
2 490 534 496 498 565 521
3 335 3.87 343 348 418 3.73
4 297 332 292 320 370 383
5 6.33 587 6.21 6.16 643 6.32
6 561 6.02 651 635 6.69 6.89
7 488 530 473 492 512 5.19
8 350 390 337 363 416 433
9 6.26 6.71 7.17 733 7.44 7.42
10 6.17 6.62 6.04 6.28 7.33 6.57
11 6.93 757 6.88 750 7.22 7.16
12 516 5.75 5.07 549 6.07 5.36
13 10.31 10.85 10.19 10.39 10.47 10.41
14 865 8.14 855 885 877 872
15 691 741 6.67 691 6.51 6.69
16 13.39 14.36 13.80 13.75 13.58 13.59
17 13.05 13.69 13.19 13.62 13.40 13.46
18 10.58 11.22 10.66 11.32 10.95 10.91
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TABLE9S:HsBIAS REQUESTED. RECORDED TIME-SERIESEASTATES

SeaState Number| Metric: Bias (mm)
Wave Probe 1 2 3 4 5 6
1 756 743 729 791 816 743
2 590 6.20 598 563 595 578
3 6.34 6.59 642 6.15 7.12 6.31
4 598 6.01 6.00 576 6.71 6.09
5 705 7.05 6.94 6.72 794 7.60
6 850 8.10 820 841 8.89 8.29
7 6.19 6.56 6.30 6.92 7.15 6.39
8 720 7.07 7.04 738 7.38 6.68
9 10.08 10.10 9.84 10.54 10.84 10.12
10 10.88 11.30 10.71 10.76 10.79 10.76
11 8.17 8.61 8.12 815 8.27 8.10
12 774 680 740 831 6.88 751
13 10.81 11.42 11.12 10.84 10.97 10.98
14 13.04 13.69 13.80 13.92 13.85 13.14
15 11.67 12.28 11.63 11.90 11.64 11.80
16 15.96 16.27 16.31 16.27 15.62 15.84
17 15.76 16.57 16.18 16.43 15.96 16.49
18 16.14 16.80 16.26 16.52 16.15 16.13

Overall, the bias error fordmimics the results displayed by the® Mean Sjuare

error examinationwith Bretschneider waves being reproduced most accurately, and

BiModal seastates being reproduced poorly.

6.4.5.3.6 Scatter Index Error

Scatterindex was used as a means of giving a normalised metric of the RMSE error

relative tothe range of thevalues

5«

415"
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TABLE96: Hs SCATTERNDEXREQUESTED ME&ECORDEBDBRETSCHNEIDER SEPATES

SeaState Number Metric: Scatter Index
Wave Probe 1 2 3 4 5 6
1 0.08 0.08 0.08 0.08 0.09 0.09
2 0.06 0.07 0.07 0.07 0.08 0.07
3 0.04 0.05 0.05 0.05 0.06 0.05
4 0.04 0.04 0.04 0.04 0.05 0.05
5 0.06 0.06 0.07 0.07 0.07 0.07
6 0.05 0.05 0.06 0.06 0.06 0.07
7 0.04 0.05 0.05 0.05 0.05 0.06
8 0.04 0.04 0.04 0.04 0.05 0.05
9 0.05 0.05 0.06 0.06 0.06 0.07
10 0.05 0.05 0.05 0.05 0.06 0.05
11 0.05 0.06 0.05 0.06 0.06 0.06
12 0.04 0.05 0.04 0.05 0.05 0.04
13 0.06 0.07 0.07 0.07 0.07 0.07
14 0.05 0.05 0.06 0.06 0.06 0.06
15 0.04 0.05 0.04 0.05 0.04 0.05
16 0.07 0.08 0.08 0.08 0.08 0.08
17 0.07 0.07 0.07 0.08 0.08 0.08
18 0.06 0.06 0.05 0.06 0.06 0.06
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TABLE97:Hs SCATTERNDEXREQUESTED MRECORDEDTIME-SERIESEASTATES

SeaState Number Metric: Scatter Index
Wave Probe 1 2 3 4 5 6
1 0.10 0.09 0.10 0.10 0.11 0.09
2 0.09 0.09 0.09 0.09 0.10 0.09
3 0.08 0.09 0.09 0.09 0.10 0.08
4 0.07 0.07 0.08 0.07 0.09 0.07
5 0.08 0.08 0.08 0.08 0.09 0.09
6 0.08 0.08 0.08 0.08 0.09 0.08
7 0.06 0.06 0.06 0.07 0.07 0.07
8 0.08 0.08 0.07 0.08 0.08 0.07
9 0.08 0.08 0.08 0.09 0.09 0.08
10 0.10 0.10 0.09 0.10 0.10 0.10
11 0.05 0.06 0.06 0.06 0.06 0.06
12 0.06 0.05 0.06 0.07 0.06 0.06
13 0.07 0.07 0.07 0.07 0.07 0.07
14 0.08 0.08 0.08 0.09 0.09 0.08
15 0.07 0.08 0.07 0.08 0.08 0.08
16 0.09 0.09 0.09 0.10 0.09 0.09
17 0.10 0.10 0.10 0.10 0.10 0.10
18 0.08 0.09 0.09 0.09 0.08 0.08

6.4.5.3.7 Spectral Shape Reproduction
The overall spectral shape reproduction was also examined in addition to the

summary spectral parameters to provide a more nuanced look at the ability of the

Deep Ocean Basin to produce the requested conditions.

Shown belowis a sample of the spectral shape and energy distribution for the
requested vs recorded timseries. The plot shows the spectral energy density for
the time-series wave, theine-series wave as it was reproduced in the tank, the
Bretschneiderrepresentation of the timeseries (equivalent Hand T) and the

Bretschneider representation as it was produced in the tank.
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Sea State 7. Bret : Hs=3.545 m Tp=12.5708 s ; Real : Hs=3.4444 m Tp=12.5708 s
T T T T T

T
—Bretschneider
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—_Real input
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HGURE191: WAVE SPECTRAIDENSITYDISTRIBUTION COMPSRN FOR REQUESTELDAN
RECORDEBRETSCHNEIDER AND EFSERIES CONDITIONS

The Bretschneider waves produced by the Deep Ocean Basin carry more energy in
the lower portion of the frequency domain, while the peak of spectral energy is
“rounded,” producing a lower peak amplitude across a marginally wider frequency

domain.

The opposite is seen to occur for the real thsexies. The spectral energy distribution
shows a reduction in the energy at lower frequencies, while the peak is enhanced

andcarries more energy than the input file.

6.4.5.4 SpectralAnalysis of Bquested vs. &ordedData

A theoretical examination of the impact of spectral shape was conducted in Section
6.3.4, andhere an equivalent study has been conducted for the saseestate
conditions as produced during tank testingigure 192 - Hgure 196 display five
distinct seastates, representing the most commonly occurring and energy
contributing seastates at the test site. The Real and Bretschneider Record and Input

value pectra are given for each Figure.

(N.B.) the conditions given for the tank testing have been converted back to full scale
figures prior to analysis to simplify the comparison between the requested-time

series and the values.

346



HGUREL92: COMPARISON ORNPUT ANORECORDESPECTRA FABRETSCHNEIDER ARBPAL
SPECTRA SEASTATEL: 2.5-3M HS, 9.5-10.55 TP (REQUESTHD

AGURE 193: COMPARISONOF INPUT AND RECORDEDSPECTRAFOR
BRETSCHNEIDERDREALSPECTRASEASTATE: 3.54M HS,10.5-11.55 TP
(REQUESTED)
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FGURE 194: COMPARISONOF INPUT AND RECORDEDSPECTRAFOR
BRETSCHNEIDERD REALSPECTRASEASTATHE: 4.55M HS,12.513.55s TP
(REQUESTED)

AGURE 195: COMRRISON OF INPUT AND RECORDEDSPECTRAFOR
BRETSCHNEIDERDREALSPECTRASEASTATH4: 5.56M HS,12.513.55 TP
(REQUESTED)
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AGURE 196: COMPARISONOF INPUT AND RECORDEDSPECTRAFOR
BRETSCHNEIDERDREALSPECTRASEASTATRT7: 6.5-7M HS,12.513.55 TP
(REQUESTED)

It was found that the test site spectral conditions had a more pronounced peak than
the Bretschneider Spectrum, with spectral energy skewed toward lower frequencies,
resulting in characteristically different device resge and resultant energy

production during tank testing. These power production results are summarised in

Table98.

6.4.5.5 Power Production

The power production from the d&es was determined for each setate, enabling
the comparison of both Bretschneider conditions and the real tfeges dataThe
two wave conditions are directly compared by generating the scaled-sienies

equivalents in the deep ocean basin.

Using the Njord Wave Synthesis program, a randseeded timedomain
representation of the Bretschneider Spectrum is generafédure 197, and it a test
iscarried out using both Bretschneider and tirgeries records. For all tests, the wave
probe and pressure readings have beenorded, and these arsubsequently used

to generate a power production estimate based on eachstate.
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HGUREL97:COMPARATIVE TESTINBBRETSCHNEIDER AND®EIOED TIMSERIES RECORDS
TO DETERMINE POWHEOBUCTION VARIATION

The power production information for each of the three devices enables an analysis
of the effect the change in distribution has fitve case where the device’s resonant
period is close to the peak period of the spectral energy distribution, and the
alternate case where the peak energy production happens at a frequency outside the

natural response frequency of the device.

6.4.5.5.1 Methods of BwerProductionDetermination.

Two methods were used to determine power production for eachate that was

assessed. The primary method used was to determine the predleweelationship

for the orifice installed on the devices, and use this relafop to determine the
power output usingequation (6.18) in Section 6.4.4.3.Using the determination for

volume flow equatiorn(6.16), the power output of each device was determined.

A second method of power production estimation was alsedudJsing the same

equation for the determination of volume floas in 6.16):

Making the simplifying assumption that the water surface elevation inside the

devices mirored that of the water level outsidéhe pipes, andbserving from the
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wave calibration results that the coefficient of correlation between probe 3 and
probes 1/5/4 is always greater than 0.95, it was reckoned that the water surface
elevation recorded aprobe 3 was representative of the water surface elevation at

eachdevice.This allowed for a simplified determination dfet power captured by

the devicesBelow is the tabulated result of thetal power production in MWh,

corresponding to each sestate.

TABLE98: DEVICEPOWERPRODUCTIONMEGAWATIHRS FORREAL ANDBRETSCHNEIDER
WAVESCALCULATED AT FU&CALE

Req.

Waves | Bretschneider Waves Real Waves Difference (%)
kT | B

(m) (sp) (m) T(s)| Im  .75m  5m

2.78 9.43 252 8.70%

40.67%  29.47%  10.49%

2.82 10.29 2.62 4.55%

1.98% 3.95% 2.79%

2.81 11.91 2.59 5.26%

8.30% 11.22%

2.95 12.57 272 5.56%

6.60%  10.51%

3.48 10.29 3.19 9.09%

6.49%  2257% 19.70%

3.95 11.91 3.65 5.26%

15.60%  22.95%  16.23%

3.83 1257 | 355

3.54 13.31 3.26

16.54%  16.37%

4.64 12.57 4.31

4.86 13.31 4.53

2152%  21.80%  10.24%

4.82 14.14 4.46

19.09%  23.97%  18.39%

4.72 15.08 4.35 17.89%  15.36%

556 1191 | 524 10.67%

5.95 13.31 5.60 11.97%

5.75 14.14 5.39

19.30%

6.86 12.57 6.45

6.75 13.31 6.33

6.74 14.14 6.27

Table98 contairs a large amount of information on the power production of each
device for a multitude of different sestates. A number of findings are immediately

obvious:

x The submergedepth has a large effect on the power production of devices.
x The 0.5m device produces the most power across alktseas
x There is a significant power production difference between the Bretschneider

and real waves
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x Theaveragepower production differene is 18.2% for the 1m device, 13.32%
for 0.75m device and 10.26% for the 0.5m de\(io@-modal seastates.

x This indicates that the difference in power production between the
theoretical and real seatate representations is enhanced when the device is
operating further from its point of optimal power production (and resonant
frequency).

x For the bimodal seastates, there was a large difference in theafd T of
the waves produced versus the waves requested, and this invalidates the
applicability of theresultsto a large extent These results are further
addressed in Appendix A

Addressg Spectral Shape Variation

This section will examine how spectral shape variation can be assessed and
addressed in practical terms. It will first detail a proposed mdtiogy for the
modification of standard spectral shapes in a fashion that offers the consistency and
familiarity of these established shapes, while enhancing the statistical fit that these
spectra have with the prevailing conditions at the site. Given the widespread, and
often inaccurate, use of WPRs it is useful to move toward taking a spectral approach
which retains a far greater amount of information on the characteristics of the sea-

state in question.

Modification of Standard Spectral Shapes
This sectia deals with the modification of standard spectral shapes to provide a

more accurate reflection of the available resource, with beneficial effects on both
resource assessment and device testing. This approach to modifying standard
spectral shapes will offea method for improving accuracwhile recognising that
there is clear value in adopting a methodology tltédsely follows the industry
standard approach, which is widely accepted and reasonably applicable to a wide

variety of seastates, particularly vth the outlinedmodifications.

6.5.1.1 Bretschneider Spectrum
At the Killard Point site, the Bretschneider Spectrum does not accurately fit the
occurring conditions. It was found that the wave energy perigdi average, was

overestimated when using the Bretswkider Spectrum. Therefore, the following
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experiment was devised to create a spectrum which better represents the conditions
at the site. As well as informing an accurate measure of the extractable energy
available at the site, this work will later drivieet generation of waves for testing the
power takeoff system of the device to be deployed at the site, and thus it is crucial

that it accurately represents the conditions and the achievable power production.

The Bretschneider Equation was used as the basistion, with its parameters
adjusted iteratively to achieve an improved fit to the real conditions at the physical
location. The difference was first qualitatively assessed, to determine the likely
impact that manipulation of each parameter would have, and the difference this
would make to power production, Wave Period, and estimations@f Fihe modified
Bretschneider Spectra were then iteratively generated and the difference between
these aml the average spectra from tirmgeries records assessed by lenadion the

Reorr (2 measure of the linear dependence of two random variables) &ndilRes

between the respective spectra.

The spectra had long tails, mostly devoid of significant energy that would not be
sufficient to elicit a major device response, ahdt these caused erroneously high
(optimistic) values of &nd Root Mean Square (RMSE). As a result, a methodology
was devised to consider these Rcorr addRies only in the energetic portion of the
spectra. As an initial filter, the correlation wastnconsidered in areas of the
spectrum containing less than 10% of the peak energy in the spectrum. This gives
results that are consistent with the method used by (Sakhare and Deo, ,2009)

give greater flexibility than defining a stricter frequency limit. This approach proved
sufficient to eliminate the undue influence of the Ita@in accuracy statistics, while

maintaining the ability of the search routine to determine the best fitting spectrum.

The Bretschneider Spectrum, a generalised PieMoskowitz Spectrum, is defined

as follows:
N 5 i £ b
§1) = 72=5 *_;—?/fﬁ (6.24)
5B = #B%xp( F$B9 (6.25)
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$= 1 Y (6.26)
*_ 6
#= $ Z“ (6.27)

AGURE198: BRETSCHNEIDEBPECTRUMEQUATION NOTATION ANDSHAPE AFFECTING
PARAMETERS HIGHLIGBT

The standard spectral shapasing the default parameters, as well as with a set of
modifiedB constant, M and N parametesise shown below, with the standard shape

highlighted by the lines of increased thickness.

The modified spectral shapes are generated first based on a selegigdnd T2
value, which is then altered by modifying the exporseahd constant values in the

Bretschneider equation.
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FHGUREL99: BRETSCHNEIDERECTRA WITBONSTANT VALUESB\WARAMETER FRAMG3
TOO0.8(STANDARD VALWE751)

Altering the constant value in the “B” term of the BretschneiBpectrum is seen to

have a significant impact on the shape and distribution of the spectrum. Decreasing
o.g
the value of the constant in the B equatioi$ € ég—plA) shifts the peak of the

spectral amplitude toward the lower frequencies, and increases the maximum
amplitude, while the energy contained in the high frequency tail is reduced.
Increasing the value of the constant from the default value was found to eethee

maximum amplitude, shifting the energy in the spectra toward the higher frequency

components.
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FGURE200: BRETSCHNEIDERECTRA WITM VALUES3.6 TO-4 (STANDARD VALUA&)

Altering the first exponent on the frequency component in the Bretschneider
Spectrum has a pronounced effect on the overall energy, maximum amplitude, shape
and peak period. Decreasing the value of M, even fractionally, markedly increases
the maximum Wave Spectral Energy, with the spectrum becoming asiorgly
peaked, and predominantly enhancing the energy contained in the lower frequency

components.

AGURE201: BRETSCHNEIDERECTRA WITN VALUES4.6 TO-5 (STANDARD VALUE)

Altering the second frequency exponent, N, hasrineerse effect to the M exponent

on the overall energy in the spectrum. Decreasing N rapidly decreases the energy and
peakedness of the spectrum. With alteration of the N exponent, however, the peak

frequency of the spectrum is not affected.
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TABLE99: SUMMARISEBEFFECOFALTERINBRETSCHNEIDERRAMETERS

Parameter o Direction
Description Effect
Altered (+-)

Peak Spectral energy
B Constant| Constant modifying period
increases and moves
(Also alters| component—and Hy -
toward lower frequency
A) component by association
component (shifted left)

) ) ) Peak Spectral energy
M (First | Generalised order applied ]
increases and moves

Frequency | to first frequency term in +
) toward lower frequency
Exponent) equation )
component (shifted left)
N (®cond | Generalised order applie Peak spectral energy
Frequency | to second frequency term + decreases, but frequency |s
Exponent) in equation maintained.

There are a number of alterable parameters in the Bretschneider spectrum, all of
which offer a unique effect on the magnitude, shape, and distribution of the

spectrum.

Decreasing the value of the constant in the equation for B will allow us to
simultaneously shift the spectrum towards the lower frequency components and
increase the amplitude. Conversely, increasing the value will decrease the amplitude
and shift the distribution towards the higher frequency components. This is useful in
simplifying the modification of the spectrum by considering the alteration of only a
single parameter in the pursuit oflzetter fit. Indeed, this is the approach that will

be pursued in seeking the optimaloRin the following work.

Increasing the N parameter, the second frequency exponent in the formulation of
the Bretschneider Equation, decreases the overall spectexiggrand the magnitude
of the peak spectral energy, but the peak frequency is unaltered. This parameter will

be useful, then, where the Bretschneider Spectrum accurately reflects the peak
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period of the sesstate in question, but the magnitude of the peakeegy needs to

be altered for a better fit.

The following section explores the practical application of these modifications in

enhancing the level of fit with the recorded conditions for each-state.

6.5.1.2 Improving Spectral Fit for a S8tate using Modified Bretschneider Formulation
Figure 202 gives the R correlation between the default formulation of the

Bretschneider Spectrum, and the average spectral shafieedtillard Point site.

FGURE202 R2 CORRELATION BETWEEN DEF/BRETSCHNEIDERECTRUM AND AVERAGE
SPECTRA FOR EACH-SEATE

It was found that improved correlation in wave spectral energy could be achieved by
iteratively altering the parameters of the Bretschneider Spectrum discussed in
Section6.5.1.1above, and selecting the value which gives the best representation of
the spectrum. The correlation metric selected was tHfec®trelation coefficient,
applied to the spectrum where the average spectrum’s energy exceeded 10% of the
peak spectral energyhis was to prevent erroneously high correlation results caused
by attempting to fit the curve to the tail values, which contain a relatively negligible

amount of energy.

For this analysis, thetandard Bretschneider Spectrum has been modified to better
represent the conditions at thets by iteratively changing the empirical parameter

in “B” below, from an initial value of 0.751, to tHeest fit that could beletermined
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across all spectral records. On average, this returned a result for the empirical value

in the Bconstant equation df.686,with the resulting equation being:

_ 0686°
$= e (6.28)

An analysis of the optimal B constant value for eachssate at Killard Point is shown

below.

HGURE203: OPTIMAL"B CONSTANTVALUES FOBRETSCHNEIDERECTRUM AKILLARD
PoINT

By implementing these B constant values, it can be seen that the Bretschneider
Spectrum represents the conditions well for Wawi®ds from 4.5 second®18.5
seconds, with average?Rorrelation values from 938to 0.985, while the conditions

are generally well represented across all wave heights, with averagerrelation
values from 0.88 to 0.996t is worth noting that the number of spectra used in each

case varies according to the occurrence of eachssaie-
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AGURE204: R? CORRELATION BETWHEBEALISEBRETSCHNEIDERECTRUM AND AVERAGE
SPECTRA FOR EACH-SEATE

Figure204displays the Rcorrelation values between the average spectrum for each
seastate and the idealised BretschneidgreStrum based on the average conditions

of Hno and Toz for that seastate.

In general the seatates that show the poorest correlation are those which contain
the fewest occurrences. Gim the short duration of the recording, this has a
noticeable impact on the predicted accuracy of the spedital with the spectra
generally exhibiting greater divergence from the Bretschnefdectrum at the more
extreme conditions of wave height and period. For reference, the number of spectra

records representing the reconstruction of each state are previded below.
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HGURE205: OCCURRENCE OF EACA-SEATE WITHIDL1TIMESERIES RECORDEACH
TIMESERIES RECORD REERES 28MINUTE RECORDING

There are several sestates represented by less than three spectra, which is certainly
not sufficient to consider the correlation with an idealised spectrum, and these
should be discounted when considering the spectral fit. A trend becomes evident
when comparing the average spectra to the Bretschneider fit. The spectral energy at
Killard Point is more peaked, particularly when there are a low number ofdaries
records which make up the spectral analysis. The peak spectral energy occurs in some
instances at a lower period than the Bretschneider Spectrum would suggest.
However, tle Bretschneider Spectrum can be said to be a reasonable estimation of
the conditions at the site, and is suitable for future use in determining wave
parameter relationships, provided it is used for the more commonly occurring

conditions.

6.5.1.3 JONSWAP Spectrum
The Joint North Sea Wave Project (JONSWAP) spectrum was found not to fit the
spectral records well. For comparison, thedarrelation values for each sesate

are shown below:
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HGURE206. R CORRELATION BETWEHMNEALISERJONSWARFRSPECTRUM AND AVERAGE
SPECTRA FOR EACH SEATE

The JONSWAP Spectrum does not accurately represent the conditions at the site,

with an average Reorrelation value of 0.70.

Wave Period Ratios (WPRs)
The characterisation of wave energy resource where there is a paucity of wave

measurements necessitates the use of a theoretical approach to generate the
required parameters. Taking the work done in Chapferon the metocean
assessment to IEC standards, for example, the Mike 21 SW wave model provides
values for .. However, wave energy resource assessment parameters sughas T

far more commonly used for the detaination of power production in WECs, and

are a staple parameter used in Power Matrices provided by developers (although
there is a noticeably increasing trend in thgp&rameter being utilisedor this).
Similarly, the buoy data often suffers from miggior corrupted data due to

technical, transmission and logistical issues.

WPRs have necessarily become employed as fixed conversion factors to allow for
interoperability between Wave Parameters. These WPRs are commonly used as fixed
conversion factors basl on a theoretical spectral shape such as Bretschneider or
JONSWAP, which are taken to be representative of the dominant wave conditions for
fully developed and predominantly wirdHven seas, respectively. Given the
importance of correctly determining éhWave Period, and the sensitivity of WECs to

the energy period, wave energy resource assessments are highly sensitive to
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inaccuracies in this assumed relationship. This is particularly the case where the
spectral shape used to generate this assumptionsdoet match the true spectral
shape at the location under assessment. There has been significant work done in this
area by (Cabhill, 2014justrating how unsuitable assumptions fiie WPR can result

in substantial inaccuracies.

Although there have been significant advances in the availability of spectral
measurements, coupled with the development of standards which aim to aid in the
interpretation of how this data should be utitid (notably EquiMar (EquiMar, 2010b)
standards and IEC TS 6R®l), cases where data availability is limited will still
necessitate the use of a usdefined WPR. Thus, the following work will focus on
improving the level of accuracy and dependability of the use of this method through

better characterisation of its variability.

The work which follows will build upon the derivation of the WPR for the most
commonly used case {Toz) performed in Section 3.3.6.2.2, and will further show
that the use of such a WPR is likely to present significant inaccur&aigher,
analysis of the buoy data at Killard Point wkhmine the variation that can exist in
this relationship in practical applications, with this relationship being impacted by the
prevailing wave conditions, as well as seasonal and amraal changes. The goal of
this work is ultimately to derive betteratios that can be used functionally and are

more reflective of real conditions.
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6.5.2.1 WPRempirical estimate

FGURE207: Te/Tor WPRSBINNEDBYWAVE HEIGHT AND RER

The average WPR fog/To1 is 1.1490, compared to 1.1577 usingettongerin-time
averaged history of spectral parameters using arithmetic division, and higher than
the suggested Bretschneider WPR of=T1.1107To1. However, the Bretschneider
Spectrum assumption offers clear benefits in terms of expediency, and in formulating
Wave Parameter relationships during periods when detailed data is not avaifable.
noticeable trend is that theelTos ratio tends to a lower value for thexeemes of

both high and low wave steepness, and tends towards a larger value in intermediate

wave steepness conditions.
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FGURE208: KILLAROPOINTDL1Te/To2 WPRSBINNED BY WAVE HETGAND PERIOD

The averagedTo2 WPR for DL1ata used was found to be 29, with variation of
approximately +0.06 at the extremes. Steeper waves, i.e. those with largevblues

in relation to the Wave Period value, were found to have a lower and less variable
Te/To2 Conditions with the lowest value of wave steepness, i.e. those with lower H
values with respect to the Wave Period, were significantly more variablestStess-

with intermediate wave steepness values were found to have the highest ratios of

TelToz, ON average.
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FGURE209: KILLAROPOINTDL 1To1/To2 WPRSBINNED BY YWE HEIGHT ANERIOD

The averageol/To2WPR for DL1 data used was found to be &, 1¢hich compares
reasonable fairly with the direct division value of 1.124 (with minor deviation caused
by the averaging of recorded data over a longer time period for the -8erées
records) and the Bretschneider derivation of 1.086. A variation@030 covered
95% of the variance in WPR, whilesimilarly to the ¥To, ratio, waves of
intermediate steepneswere seen to have the highest WPRs, while-stades with
lower values of steepness were found to be the highest and most variable, on
average. The sestates with the steepest waves had an almost uniform WPR of
1.090, highlighting the influence that the development of the sea and the spectral
bandwidth have on the WPR; whereby the steeper waves which are typically
accompanied by narrower spectral bandwidth and more concentrated spectral

energy, and with a more defined spectral peak, had a more uniform. WPR

6.5.2.2 Use of WPRs
This has detailed the derivation of the/Tos WPR, as well as providing empirical
estimates of the dTo1, Te/Toz and ©1/Toz WPRs based on the data at Killard Point,

finding that there is a significant difference between the theoretical WPR suggested
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by the Bretschneider Spectrum and, thus, the following work will focus on improving
the level of accuracy and dependability oktiise of this method through better

characterisation of its variability.

Framework for Implementation of Enhanced Spectral Shape

Information in Wave Energy Projects
Following from the work in Sectios3-6.4, this Section deals with the creation of a

methodology for dealing with the impacts of spectral shape variation ith bo
resource assessment and device testing. Given the current industry standard of
assuminghat sea conditions will fit neatly into an empirical spectrum, there needs
to be an awareness of the impact of making this assumption and the steps that can
be taken to mitigate the impact thisas well as a move toward reducing the reliance
on these empirical spectra hashen it comes to characterising device energy

production.

When attempting to displace the use of any approach, it must be recognised that
there is a clear value to adopting the standard industry approach. There are a
multitude of benefits to maintaining the status quo with respect to the use of
standard empirical spectra. Their use is widely accepted, well studied, reasonably
applicable to a wide variety of sestates; along with being relatively simple and quick

to apply. Thus, any attempts to displace this method will need to be cognisant of the
trade-off in practicality vs. accuracy that will exist. Given that the industry is currently
struggling vith the bankability of projects, and that financiers are demanding more
accurate and dependable results, it seems logical that it would be desirable for the

industry to move toward an approach which can improve accuracy.

The solution, then, may lie in prading a framework for assessment which allows
the approach taken to be tailored to the level of accuracy required of the assessment
in question.A detailed account of how this method can be implemented in practical
application, and a discussion of proposgitinges to the IEC TC114 standards to
accommodate this, will be given. keeping with this, the levels of assessment will
be Class 1, 2,-3or respectively: “Reconnaissance,” “Feasibility,” and “Desigrséd

by the IEETS to guide the implementatioof resource modelling, and here

representing incrementally more stringent and accurate standards for the approach
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to determining device energy production following a detailed resource
characterisation, and as appropriate to the importance of the analysisigb

conducted.

It's useful to first discuss some of the potential areas for improvement to the current
methodologies, approach this from a cost : benefit standpo8tarting from an
idealised scenario with no time constraints, the idea istive towardrogressively
more implementable solutions. The best possible results would, of course, be
achieved by testing the wave energy devices with every conceitiatdeseriesthey

might encounter at sea. Innumerable time and financial constraints prevent this from
becoming a reality, and it is simply not feasible for any commercial project, nor does
it take advantage of any particularly scientific approach in reducing the degree of

testing required, thereby passing up significant cdsnefit gains.

Though itmay not be possible to test every conceivable tisggies particularly in

real seatrials, the proliferation of facilities in Europe and further afield which now
have the capability to generate custom tirseries waves mean that it is certainly
possibleto test adevice using real timseries data from itproposeddeployment

site. This is generally feasible only if there is an ongoing measurement campaign, of
which several currently exist, but it is achievable, and has been shown to provide a
more accurate result than the use of an assumed theoretical spectrum (Robettson
al., 2016) This will be echoed by the results of the tank testing performed in Section
6.4 which involvethe use of recorded sea conditions being replicated in the tank

environment.

While using recorded data of limited duration, it's also possible to determine the
average spectral shape at the site (for a givenTtif necessary)Then generateor
otherwise appropriate timeseries based on this averagpectral shape, allowing

the device to be tested with a number of variations of randomly generated-time
series which closely match the true conditions at the site, offering an expansion to
conditions which may not be seen at the site but can thesestimaed with
appreciable improvements in accuracy. Using this approach, wave energy devices
could be tested with a variety of spectral shapes for each wave condition which

represent the extrema of the distributions of spectral energy. Using this as a ‘map,’
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it's possible toestimate far more accuratelythe energy production of devices

without necessitating the testing of every conceivable-ste.

This approach using real recorded data is undoubtedly the most feasible thus far, but
certainly time consuming ahlikely to be unacceptably expensive for early stage
projects. A more viable option in these cases, assuming a lack of recorded data is a
key constraint, is to test the device and give its power output response to a number
of modified spectra, using an pmach similar to that detailed in Secti@n3.3. This

will give a broader overview of device response, as well as populating a ‘map,’ of the
device response to ated spectral shape characteristics, which can be utilised by

selectingthe closest condition when recorded data becomes available foject.

The above approaches assume that the assessment of device performance is the
primary goal, as this is currently a crucial issue preventing the further advancement
of wave energy. In general, projects tend to be focused on a single device type, either
being devicedeveloper driven or through lack of alternative options. However, in the
case that a site has the patial for deployment of various types of devices, and the
performance characteristics of these devices have already been mapped in the
typical power matrix fashion, a WPR assessment approach that follows the
methodology of Sectiof.5.2could be implemented to enhance the accuracy of the

resource data used to determine power production.
To categorise these in terms of HES Class 1, 2, 3 assessments:

Class +Recomaissance:
For a Class 1 assessment, it is assumed that there may be significant variations in the

level of data available to the analysts and developers. Therefore, the approach is
multi-faceted depending on the individual constraints of the project at this early

stage.

Assuming the project has information on the device power production which is
characterised by a standards,Hle power matrix, assessment should begin with a
parameterised approach, rather than using an assumed WPR (e.g/Theratio).

The available data may be taken from the site, and following spectral analysis, the
WPR characterised over the full range of sestes. This will already allow for more

accurate WPR estimation that is reflective of both the real site conditions, and the
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variation in WPR that can occur across st#es. An example of this approach is
detailed in Sectio.5.2.

If the project is devicéed and has insufficient resource information for the likely site
of deployment, the device should be tested and pswer output response to a
number of modified spectrgiven using an approach similar to that detailed in
Section6.5.1. The number of spectral shapes to be considered is flexible based on
the constraints of the project, but a suggested minimum would be 3 spectral shape

alterations per HTcbin.

Class 2 Feasibility:
At this stage of assessment, the approach should become fully spectral in nature. It

is possible to retain the assumption of a Bretschneider Spectrum, but additionally
tune a number of parameters related to the generation of the spectrum to aetée

superior fit to the real site conditions. At this stage, it is assumed that there has been
sufficient site information collected to characterise the spectral shape of individual

seastates as determined by a 0.5m &hd 1s Thinning.

Caution shoulde exercised in attempting to analyse bins for which less than 10
spectral records exist, and depending on the variation within such bins, it may be
preferable to utilise a hybrid approach whereby the Bretschneider spectrum is
implemented in this scenario to reduce the impact of outliers. This approach
maintains the dependability of using a recognised spectrum, while offering greatly
increased accuracy. An example implementation and further background to this

approach can be found in 6.5.1.

Class 3-Design
At Class 3, more advanced methods could be incorporated, such as a weighted-

spectral basis approach which learns the spectral shape’s relationship with Hs, and
Wave Period, and is able to recreate this spectrum when a ngWphparameter is
given. This approach is discussed in Chaptean8@ offers the potential for vastly
improving accuracy and results which are entirely tailored to the conditions at a given
site. When using this approach, the statistical model by which spectral shape is
generated should be thoroughly analysed to ensure the results are applicable to the

conditions, and that it is scalable to the conditions which need to be analysed. Being
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a fully spectral rather than parameterised approach, far more information is
retained, allowing for a more detailed analysis. Additionally, once the model has
“learned” the characteristics of the site based on the information it receives, it can
be paired with modelled data to recreate the spectral records for a much longer
duration than those provided by recorded data alone, hence offering the benefits of

both increased dwation and improved characterisation accuracy.

Additional requirements and summation.
In each of these cases, the performance characteristics of the device should be

displayedacross a spectrum rather than averaging device performance based on H
and E. Ths would necessitate slightly more complmputation to determine the
energy production for a given device and resource, but the improvement in accuracy

would be substantial and it is certainly achievable.

Itis hoped that the framework outlined in thégection provides a guide fdevelopers
and device manufacturers for achieving the level of accuracy necessagtisfy

project funding requirements, while maintaining a realistic project schedule.

Conclusions

Spectr&Shape analysis
The work in thi€Chapter hasxamined the impact of Spectral Shape on WEC Energy

Production, showing that the distribution of energy across the frequency domain
varies significantly from the standard theoretical assumptions for the Killard Point
Test Site, and has demorated how this adversely impacts energy production

estimates.

Spectral Shape has been determined across a large range sfatea-at the Killard
Point test siteTheBretschneider Spectrum has been shown to vary significantly from
the Killard Point Charégeristic Spectrum, and the resultant impact of spectral shape
on device energy production has been demonstrated; both through a numerical
model demonstrated in WAMIT for a cylindgpe device, and througtank testing

of a 1:50 scale OWC devicA. signiftant difference was found in the energy
production estimates when using the actual recorded conditions versus empirical
estimates, which is a important finding that has large impact for the development of

Marine Renewable Energy Devices and Projects. biigiethe bimodal seastates,
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which could not be accurately 4@eated in the tank within the testing timeframe,
power production differences as large as 41% were found between the recorded data

and a Bretschneider Spectrum generated with equivalent patenrs.

The resource at Killard Point has been accurately characteesddsegregated
according to seatates at a division of 0.5msHnd 1s . Theaverage WPR for each

bin was produced. A clear variation between sefates was determined, with
significant deviation from the assumed average WPR based on the Bretschneider
Sectrum which is in widespread uskhis WPR analysian be used as a simple mask

to apply to the %1 wave period parameter to produce thesland & periodsin an
accurate representadin of the conditions at Killard Pointlsing these methods, a
modified BretschneiderSectrum has been shown to reasonably represent the
conditions at Killard Pointand there is clear value to be found in modifying the
parameters of the spectrum to achiewa better representation of the recorded data,

with this achieving very accurate replication of the wave spectral energy profile.

A framework for implementing enhanced spectral analysis has been outlingda
number of suggestions regarding the treatmef ocean wave analysis for 3 stages
of project lifecycle, from “Rconnaissance to “Feasibility’, to “Desigri. Suggestions

are made for a multfaceted approach depending on the individual constraints of the
project at early stages, while the later stagesygest the benefits to be obtained by
implementing approaches which have the potential to greatly improve the
correlation of wave spectral energy estimates, and the resulting performance
estimates for devicesThese suggestions afarther reinforced by intank testing
which shows the impact of spectral shape on the power production of the davice

a realworld scenario.

Ability of Bnkto GenerateWaves
The ability of the tank to faithfully replicate the input tinseries was examined with

respect to standard error metrics such as Bias, RMSE and Scatter Index. Additionally,
the time-series was then subject tpectral analysis to determine the actualdthd

Tp values produced during testinginally, the distribution of spectral energy across

the frequency domain and the shape of the spectral energy distribution were

analysedThere were some distinct findings in terms of the ability of the Deep Ocean
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Basin to produce the required wave conditions. Chiefly, it appears that the
production of Bretschneider waves is more accurate than that of “real”-Semes
data. For Bretschneider conditionss Vilues were rouhely within 510% ofthe
requested valugand J values showed no variation from the requesteandition.
Conversely“real” data resulted in €.3% variation in Hand up to 36% variation in

Tp. For conditions that could be classified as multdal, this variation increased
greatly.Variation in Hfrom that requested was as high as 47%, with this pointing to
a definite issue with the reproduction of muhiodal seas using the Deep Ocean
Basin facilityThe tank transfer function was not set up correctly for producing such
waves,and the calibration process to correct this would have been overly time
consuming.This greatly diminished the ability of this study to give an accurate
reflection of the differeme in energy production based on a-rbodal versus
Bretschneider SpectrunAs a resultthe outputs from the bmodal study are not

truly applicable, but thesare available in APPENDIX A

Power Production Estimation
There was a significant variation imetpower production of the devices using a real

spectrum (as found at Killard Poipt versus using the idealised Bretschneider
Sectrum. Table98 displays the power poduction statisticsof each spectral shape
There is a significant difference shown here in the power production for the idealised
vs. real spectrum, with the real wave conditions routinely resulting in greater power
production across all three devices.eTshortest, 0.5mdevice produced the most
power in each case, whilst also typically showing the least deviation in energy
production between the real and theoretical spectra testetle Wevices suffered
particularly as the distance between the resonantipd and peak period of the
spectrum grew. This was exacerbated in the case where the peak of the spectral
energy was particularly define@as was the case in the majority of recorded

conditions at the site)rather than spread out over a greater frequemapnge.

Thus, a key takaway from this work is that variation in the spectral shape will
significantly affect the power production of a device, and it is imperative to measure

the impact of this with reference to the site being studied.
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DeterminingPower Productionfrom Sea-states.
This work has shown that the energy produced in a giverstxa can vary a large

amount from the standardised spectral shape assumptions (Bretschneider) that are
commonly in use todayThisoccursacross all kand T, combinaions, with outlers
particularly producing large variations in power production. Where the peak of wave
spectral density falls outside the resonant period the device, the power produced can
drop off quite rapidly. For this reason biodal sea states can be seen to have the
same Hand T, with wildly varying power production occurring where the peaks of

spectral energy fall outside the response range of the device.

The degree of variation in spectral shape within the same bin is often large, and
should gve pause toresearchers intending to give average “power matrix” figures
which distil the power production of a device over a range of a 0.5 meter afd 1
second division. This work has shown that, with an average -4B% deviation in
power production fom the idealised spectrum, further distilling the energy
production of a device into an average figure is unwise. @dwer matrix format
itself does not lend itself to great accuracy in determining energy production. Device
developers and resource analgshould be encouraged to make their information
available in fulspectral format, to avoid any unnecessary {stisps and introduction

of inaccuracy in the determination of device power production.

In the case where the full complement of spectral -stde information is not
available, he optimal strategy in determining the power output that we get from a
given seastate should follow the conclusions of secti®rb on determining spectra
shape from the summary spectral parameteBsiilding an accurate picture of the
spectral shape based on the summary parameters, the site location, the season; and
taking account of unique characteristics of the site will allow us to optimise the
estimation of power production for a given location damevice. Further, this
highlights the need to expand our efforts in obtaining high quality, high temporal
resolution information at the site that is being studied for as long as pos3ibése
measures, taken together, represent what should be takenest practice when

attempting to determine the energy production potential of a site.
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Conclusions
Increasing interest in Marine Renewable Energy technologies has driven the field to

a crucial juncture where it now rests on the cusp of commercialisatiot raecent
developments have created a greater need for metocean analysis which accurately
characterizes the sestates in which future projects will operate. The research
contained in this thesis has aggregated available data sources for sites on the West
Qoast of Ireland, and utilised these to study methods for the enhancement of our

knowledge of the available wave energy resource.
This work has:

x Performed a review of the existing literature and methods for wave data
analysis, metocean analysis and standagdverning the analysis.

x Given an overview of Machine Learning methods and the utility they can bring
to the Marine Renewable Energy field.

x ldentified areas of metocean analysis that are currently lacking and would
benefit most from a datadriven approach

x Utilised data available at the Belmullet teste to examine the relationship
between wave height and wave period at extreme conditions, with the aim
of improving the understanding of thdistribution of these parameters, as
well as obtaining a value @fbnormality Index/Anomaly Index for this West
Coast site.

x Investigated the relationship between Watarameters and subsequety
createda Machine Learning model which learns the relationship between
Wave Parameters, enabling the prediction of absent wave parameters in
modelled data

x Validated this Machine Learning Model using data available at West Coast
sites in Ireland (Belmullet and Killard Point).

x Established a Nearshore domain model for the Killard Point Site in Co. Clare
in MIKE21 SW to providerig term hindcast data for energy production
prediction and operational decisiomaking processes subsequently
performing a metoceananalysis to the newly formed IEC TS -&R6

standardsas well as firstof-kind examination of the efficacy of these new
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standards in relation to wave modelling and characterisation for Marine
Renewable Energy Projects.

x Characterisedcean sites using modelled data, and determirikd effect
which overreliance on modelled data can have on the ultimate production of
energy a the site, as well as the impact on operation and maintenance
actions.

X Analysed device power production differences between a standard
theoretical spectrum and a real recorded spectrum using OWC devices in

deep ocean basin test at MaREI facility. Commented [AB15]:  Put methods first, then Killard point work
then spectral shape to better reflect actual flow of thesis.

Theoverarching goal of this thesis work has been to implement dateen methods
to improve the accuracy, dependability and reliability of metocean characterisation
methods for Marine Renewable Enerdie research has brought together methods
previously unsed or confined to the fields of computer science or statistics
provide an enhanced understanding of the characteristics of the available wave
energy resourca-or commercial applications of MRE technologies to succeed, clarity
and accuracy of this information will be paramount. In this context, this thesis
constitutes a timely, relevant and valuable contribution to this field.
MachineLearningApplied toWaveParameters
This work, conducted primarily in Chapter f&as analysed the potential for the
application of ML methods to Marine Renewable Energy analysis. The ML model
created for the enhancement of wave parameter conversion has shown to provide
improved accuracy in the determination of related wave parameters, and has
additionally shown benefits in the estimation of wave parameters which are absent
from limited datasets. This approach has been validated at both the Killard Point and
Belmullet Berth B sitesThe prediction accuracy has shown to be much improved in
the ML model in comparison to the existing CWPR and Bretschneider models, even
under relatively ideal conditions for each model. These findings were consistent
across the two sites studieds well as at different time scales and accounting for the

effect of seasonal variability.

The improved estimates of wave parameters have resulted in an improvement in the

ultimate prediction of energy production, with this being determined using the
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theoretical WE@evice at both sites. The implementation of the ML model resulted
in approximately a 4% improvement over the constant Wave Period Ratio method,
and approximately a-27% improvement over the Bretschneider method dependant
on the site. Thisfiding is significant, and suggests that current methods used are not
optimal for the prediction of energy production using an estimategdrameter.

This improvement in the prediction of energy production should offer a significant

benefit for developers in improving the certainty of energy production.

The calibration of hindcast model data to better fit recorded site conditions for the
Killard Point site, performed in Chapteri8achieved using this model and represents
a significant step toward producing the best possible energy output estimate for the

WestWave project.

The time required to train the ML model has been characterised, informing its use
alongside @iture buoy deployments and in future projects. The short training time
required makes this a useful addition to short term buoy deployments typical of MRE
projects. It was demonstrated that the ML model can determine credible estimates
of the relationship between wave period parameters with as little as 50 hours of
recorded data, though this learning rate was found to particularly dependant on the
variability and seasonality of the dataset under study. This learning time is far quicker
than was anticipatecandwill expand the potential utility of short buoy deployments
when used in conjunction with this method of determining WPRs; offering large
benefits in terms of time savings and easing the burden of an extended data capture
campaign significantly. To grantee a wellrained model that is effective at
predicting conditions in all seasons, an extended deployment covering all seasons is
still preferabk as the accuracy of the model continues to improve as more training

data is supplied.

Alongside the modecreated, a lookup table which defines the average Wave Period
Ratio for each seatate on a sitéby-site basis has been created. This provides a more
immediately applicable method, which will allow device developers to make easy
design decisions relating the WPR ratio when limited datasets are available. This
work provides an easily implementable method to enhance the accuracy of wave

parameter conversion.
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Extreme Wave Assessment Techniques
Chapter4 proposes a methodology for optimized prediction of extreme conditions.

The work addresses methods of extreme wave prediction currently in use, and
focusses on the determination of alterations to these methods which improve the
accuracy, utility and reliability of extreme wave estimates produced. The work
performed here has succeeded in providing greater accuracy through an improved
understanding of the influence of selection thresholds on the resultant extreme wave
prediction, through automated selection of the bdfiting distribution for wave
conditions at the site, and via greater knowledge of the relationships between wave

parameters at these extreme conditions.

Extreme analysis has been performed for the Beleterth B site to demonstrate

and validate these proposed techniques. Particular emphasis is placed upon the
determination of extreme values using limitéaitime buoy datasets, including an
analysis of the influence of threshold selection, and dependeat threshold
selection on data availability. This has found that many challenges are presented by
limited recorded data, which necessitate careful selection in the analysis of extreme
waves; with the ultimate prediction being highly dependent on the choof

threshold used.

A new methodology for determining extreme wave periods, that is the wave periods
occurring coincidentally with the most extreme wave heights, is established and
analysed using a limitirgteepness based approach. This approach is seprovide

a limiting bound to inform the relationships between wave parameters during

extreme conditions.

Regression analysis has been used to further determine Wave Parameter
Relationshipsoccurring coincidentally with the most extreme wave heights
Siqnificantly, the relationship between sHand Hhax Or T, magnitudes can be
determined for conditions defined as extreme wave events. With this relationship
tailored to a particular site, an improved estimate of wave parameters coincident
with future extremeHsevents can be determined. This will see additional benefit as
further data is gathered in future. These relationships have been derived for

Belmullet Berth B data, finding that the Al reaches a rafi@pproximately 1.65
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during extreme K conditions, vhich is consistent with the loweend of many
industry assumptions for this rati@he impact being that thentlikely to occur with
the extreme Hcondition is significantly lowehan those produced by the theorised

1.87-2.00 Alratio which is often used in extreme analysis in the industry.

Using this regression methodologymddand T magnitudes can be calculated based

on a method which is tailored to each site, rather than assuming values of the
anomaly index and wave steepness that have been derived empirically elsewhere.
Informed by QQ plots which examine the asymptotic or otherwise relationship of
extreme conditions, and by statistical fitting; the best fitting extreme distribution for
the data has been identified, allowing for increased confein the prediction of
extreme results, rather than reliance on operator selection, as has been done in the

past.

At both the Belmullet and Killard Point sites, the extreme values ah#i Hhaxwere
identified using Generalised Extreme Value technigaesl the corresponding
extreme Tand Al values were determined using the results of the regression analysis
on these parameters. Extremes Malues of 17.1m at Belmullet Berth B, 10.7m
nearshore at Killard Point, and 14.84m offshore at Killard Point fere20 return

period have been determined.

The average conditional exceedance rate (ACER) method is applied to the prediction
of extreme wave heights using a cresgidation method to obtain an insight into its
behaviour. Thanalysis of ACER as a prediction method fatlhe M3 buoy has
shown that the method provides reasonable estimates of predicted extreme wave
heights, and does so using sabymptotic data that does not require that extreme
events occur in the recorded data to make a prediction. 0$eof a crossalidated
approach allowed for additional insight into the influence of the selected data on the
resulting prediction, while highlighting aspects of the prediction that were
particularly affected by either the variation in conditions encaret in the dataset,

or the length of return period for which extreme values were predicted. It was found,
however, that even amongst-ylear segments of the dataset with similar maxima

encountered, there was significant variation in the predicted valuspie this, the
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ACER method implemented with cresdidation approach shows promise for more

consistent and informative prediction of extremes.

The motivation for this work comes primarily from the Offshore Renewable Energy
sector, whose sustainability éependent on reducing both cost and risk. Using the
results produced by this work, which provide more accurate design information, and
thus more certainty in terms of the survivability of a structure and represent-a de
risking of the proposed project, theesults provide technology developers with
guidelines for the development of devices which can survive to the extreme
conditions that will be experience at exposed Atlantic sites.

Metocean Analysis of Killard PdimiEC standards
The focus of this worlkvason performing a firstof-kind numerical modelling and
wave resource characterization study to IEC 62600 standards for Wave Energy
Resource Assessment and Characterization, using Ireland’s first commercial wave
energy farm project as a test case for exploring the validity, cost and the practicality
of implementing the IETS. The research in Chapterépresentsan important
development for the future of Marine Resource assessment, and will serve to inform

future use of, and improvements t¢he IECTS.

A comprehensive metocean assessment of the Killard Point site has been performed
which covers accessibility, extremes, directionality, monthly and annual variation of
conditions, and power production. Hindcast Numerical Modelling has been
conducted to IEQ'S standards. This analysis has been the first application of the IEC
TS to a commeial project. A Class 1 model assessment was performed for the
Killard Point Site, using parametric wave data inputs TPeak Direction) and &°3
generation spectral wave model, Mike 21 SW. 24 years of high quality hindcast data
was produced, with output at multiple validation points indicative of likely locations
for WEC deploymentand with results comparing favorably to state of the art
hindcast models for IrelandThis givesa much greater understanding of the

characteristicof energetic sites on the West Coast of Ireland.

The research further implemented a number nével methods and improved tools
for resourceassessmendeveloped in this thesis, and succeeded in improving energy

production prediction via improved Wave Period Parameter estimations. This was
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achieved through the development of both a Machine Learning based methodology
which improved the accuracy of @nergy period prediction, and a characterization
of the WPR through binning of values of these ratios across the mostnoaoim

occurring conditions at the site.

The Extreme Wave determination methodology developed was used to obtain
estimates of Extreme Wave conditions for wave height and period parameters at the
Killard Point site, and to validate the utility of this apach in providing estimates

which give increased information for the development of Marine Renewable Energy

Projects.

A new methodology has been developed for assessing numerical model forecast
performance for Irish Wave Energy sites. Section Sahalyses Marine Institute
Forecast model data, identifying trends in model behaviour and performance. The
impact of forecast model performance on power production accuraay been
analysed and quantified. This result indicates that the Marine Institute Forecast could
prove valuable in informing future design decisions for MRE projects, informing them

of both the magnitude and expected variability of the resource.

The variability of wave resource and potential energy production has been assessed
in detail, providing stakeholders with important information for the provisioning of
energy and grid resources, as well as affording the opportunity to formulate an
operations and maintenance protocol which minimizes the disruption to operations
and loss of energy production. Given the current reticence in lending for Marine
Renewable Energy (MRE) projects, it is absolutely vital that these modelling results
are as accurate and dependable as possible. The analysis performed in this work is a
significant step towards quantification of resource that is appropriate for the
advancing level of MRE development now being seen. These improvements and
novel applications arean instrumental deviepment for the future of Marine
Resource assessment.

Impact of Spectral Shapa Device Energy Production
The work done in Chapter lfas examined the impact of spectral shape on WEC

energy production. The power production difference between recorded -eres

381



data and theoretical spectra has been verifieglith this takingplace in both a

numerical analysis, and using a scaled wahergy device in tank tests.

The correlation between the conditions at tKélard Poinsite and the Bretschneider
Spectrum has been determined across a large range oftsg¢es. The Bretschneider
Spectrum has been shown to reasonably represent the t¢iomdi at Killard Point,
however there is clear value to be found in modifying the parameters of the spectrum
to achieve a better representation of the recorded data, with this achieving very
accurate replication of the wave spectral energy profillee resurce at Killard Point
has been accurately characterised and segregated according totaes at a
division of 0.5m Hand 1s ¥. The aerage WPR for each bin was produced. A clear
variation between seatates was determined from this, with significargviition
from the assumed average WPR based on the Bretschneider Spectrum. This WPR
analysis can be used as a simple mask to apply togtheave period parameter to
produce the % and T periods in an accurate representation of the conditions at

KillardPoint.

Oscillating Water Column devices have been constructed with the aim of verifying
these power production differences in a rembdrld scenario. This is done in a fashion
which is simple and easily replicable, such that this design can easily be used to test
these impacts elsewhere at low co$te impact of spectral shape on device energy
production has been demonstrated, both through a numerical model demonstrated
in WAMIT for a cylindetype device, and through tank testing of a 1:50 scale OWC
devie. Neglecting the khinodal seastates, which could not be accuratelyceeated

in the tank within the testing timeframe, power production differences as large as
41% were found between the recorded data and a Bretschneider Spectrum
generated with equivalet parameters.While the determination of variation in
power production has been somewhat hampered by the inability of the wave tank to
generate the requested wave conditions, particularly for more complex (multi-
modal) seastates,it has still proven usef in outlining the large variation in power

production from that predicted using a theoretical approach.

Based on the work done in validating the variation in spectral shape and its resultant

impact, as well as the effort to generate a standardised aaghnofor metocean
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characterisation in the newdformed IECTS, a strategy has been outlined for the
optimal determination of energy production for varying stages of proposed
developments which will prove a large benefit to developers in determining the

optimal characterisation approach, appropriate to the project level.

Looking towards the commercial application of Marine Renewable Energy devices,
this work has demonstrated the value of improved spectral fitting, novel methods of
resource binning and char@risation, and displayed a testing framework that
should be used for future device testing to enhance the accuracy of the energy
estimates produced, greatly enhancing the accuracy of spectral shape
characterisation and its impacts in MRE projects.

FurtherWork
The research conducted in this thesis has explored a broad range of analysis and
assessment options in metocean resource assessma@athas provided suggestions
for improving these which fall in line with what will be required for successful
commerdal deploymentsof WECSs in the near future. An enhanced understanding of
the characteristics of the Killard Point site has been developed, with this being
assessed using the newly formed {EE; representing the first commercial

application of these standls.

The analysis of metocean conditions at Killard Point site will be used to drive the
design, construction and operation of the WestWave project; informing the
survivability, accessibility and reliability of WECs at the site, as well as providing
detailed information on the level and variability of power production expected. This

will enable detailed techn@conomic assessment of the project.

The process of assessing the project to these rather onerous standards has
highlighted a number of gaps and oppamities for further research which would aid

in improving the energy production potential certainty of WEC deployments.

The analysis of extreme waves which takes place in this work has brought more
certainty to the prediction of periods coincident withxteeme waves, important
information for device developers in determining the extreme energy associated

with the event. The Extreme Wave assessment techniques used, including the
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application of the ACER method to the prediction of extreme waves using & cros
validated method, would be well served by trials at further sifEsis work could be
expanded by studyingndd/Hs ratios and wave period relationships at a number of
other sites to determine the level of repeatability of this analysis technique in
locations with varying climatesA focus on determining a method of better
integrating the croswalidation aspect of théA\CERnethod to inform variability in
predictions, as well as providing more concrete analysis of the influence of data
length on the return period prediction possibheould be of great valueJsing this,
alongside the overall methodology in Chapteit #vill be possible t@roduce a model
whichfully characterigsthe extreme wave events likebt an increased number of
locations around the Irish Coagfrovidingthe basis for an atlas of the likely extreme

events.

The forecasting prediction work conducted using the Marine Institute SigkNed
forecast model will prove imminently useful in determining deployment and
operations and maintenance strategy at the Killard Point site, and thus a more
detailed assessment of this model which includes buoys placed further offshore,
expanding the prediction window of the model, would be of great commercial
interest. Additionally, implementing the Minodel developed in [@apter 3, with the
inclusion of a timdag term to boost the predictive ability of the model for spatially
separated but correlated buoy datasets, would provide a labgeefit in the
predictive ability of the model and extend its applicability. Coupling the Marine
Institute forecast model with the Mike 21 SW model for Killard Point would enable

highly accurate prediction of the local wave climate.

A major addition to te ML methodology developed is planned, and already
underway as part of the author’s Fulbrightarine Institute award taking place at
Oregon State University. This development seeks to extend the capability of the ML
model by adding the ability to rereate the spectral shape at the site, using a
weighted spectrabasis approach to determine the most likely spectral shape. This
approach will involve training the model by providing R pairs alongside the
recorded spectral shape. The aim is to be ablertvigle an accurate rereation of

spectral shape based solely on the trained model and limited information on the
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summary wave parameters. This would have a multitude of benefits, but would
chiefly enable more detailed analysis of energy production baseboTe. for the
WestWave projectThis would enable enhanced energy prediction production based
on data provided by the Marine Institute forecast moddlaving far wider
applicability as increasing WEC deployment projects are commissidinéslis a
significant enhancement to current site assessment and characterisation that
warrants investigation beyond the initial assessment of estimated device
performance based on standard and nst@andard (machindearned) spectral
shapesAlongside the work done in Chapt&rit should provide the needed push for
device developers to characterise device energy production based on a fully
frequencybased analysis, rather than relying on the use of the power matrix
approach which lacks the precision to correctly determine expected energy

production for a device in a given sstate.

The variation in energy production between the use of an assumed spectral shape
and utilising the real timseries information -highlighted in Chagr 6 has shown

that the use of an empirical spectral shape has a very large impact on the
determination of emrgy production, and has highlighted the need to provide
alternative methods to improve the certainty of these estimates. The methods
explored, including the use of a looktghle generated which outlines an average
WPR for each sestate, and the modification of the standard Bretschneider
spectrum to better fit the spectral shape of the recorded conditions, have both
shown promise. This should be explored at other sites and with other empirical
spectra to determine the impact that this can have over adaggt of locations and
conditions. Given the issues with replication ohimdal spectra in the tank testing
environment, it would be beneficial to attempt to address the causes of this, and re
visit the impact of spectral shape on the energy productibsaale model physical
device performance, particularly given that therbédal spectra are likely to show
the greatest deviation in energy production from the theoretical spectral shapes, and

were additionally found to be a relatively common occurrencthatsites studied.

Steps should also be taken to implement these methods, and the suggested

framework in Section 6., commercial developments as a means of improving the
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accuracy, certainty, and applicability of the energy production estimates generated.
This author will be joiningEC panel for IEC TS éZ®with the aim of advising the
development of the updated IETS standards, and will push to have the iotpaf

these methods reflected and outlined within.
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Appendix A- BkModal Wave Reproduction in

Deep Ocean Basin

BiModal SeéStates

These seatates were Bretschneider representations with the equivalenamtl T

to the selected bimodal seastates. NB: The “Bretschneider Representation

bimodal runsare not actually bmodal sea states, merely the equivalentadd T to

the selected timeseries bimodal sea states.

TABLE 1000 RMSEREQUESTE VS RECORDEB- BRETSCHNEIDER REFERHATION OF

BIMODAL SESTATES

SeaState Number| Metric: Root Mean Square Errgmm)
Wave Probe 1 2 3 4 5 6

1 823 9.2 6.85 7.26 914 8.01

2 79 6.29 7.65 6.19 8.16 6.21

3 69 71 6.96 7.45 6.95 7.19

4 9.08 9.47 946 9.27 9.72 9.56
5 109 122 125 124 135 13

The results are consistent with those of the Bretschneider waves examined in Table

90and the error in the reproduction ofdik seen to be quite minimal.

TABLELO1:RMSEREQUESTED YRE@RDED REAL BIMODAL SE?EA STATES

Wave Probe

1 2 3

4

5

6

SeaState Number

Metric: Root Mean Square Error (mn

"

1 231 23 229 226 22.7 22.7
2 225 225 224 221 223 221
3 251 25 248 247 249 247
4 29.1 28.8 28.7 28.7 28.7 28.7
5 316 31.7 31.4 313 314 314

The RMSE values offr bi-modal seastates are markedly higher than those of the

uni-modal/Bretschneider seatates. The error values are consistent across wave

probes, but totally inconsistent with what is being requested. The RMSE value for

each probe and sea state has beassessed. The reproduction of Bretschneider
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waves in the tank proves the most accurate, while the tank is less well able to

replicate the supplied real wave tirgeries conditions. For all categories of sea-

state, the RMSE increases with increasiag H

TABLELO2 Hs SCATTERNDEXREQUESTED VBECORDEDBRETSCHNEIDER REPRESEION

OF BtMODAL SEATATES

SeaState Number| Metric: Scatter Index
Wave Probe 1 2 3 4 5 6
1 0.06 0.07 0.06 0.06 0.07 0.06
2 0.06 0.05 0.06 0.05 0.06 0.05
3 0.04 0.05 0.04 0.05 0.04 0.05
4 0.05 0.05 0.05 0.05 0.05 0.06
5 0.05 0.06 0.07 0.06 0.07 0.08

TABLELO3:Hs SCATTERNDEXREQUESTED VRECORDEDBI-MODAL SE/ASTATES

SeaState Number| Metric: Scatter Index
Wave Probe 1 2 3 4 5 6
1 0.23 0.23 0.24 0.22 0.23 0.22
2 0.27 0.25 0.26 0.29 0.28 0.28
3 0.24 0.26 0.26 0.28 0.28 0.26
4 0.27 0.28 0.29 0.29 0.30 0.28
5 0.27 0.28 0.29 0.29 0.30 0.29

TABLE104 R? CORRELATION COERENG FOR REQUESTE® RECORDED THSERIES

BRETSCHNEIDER BIMOB®UIVALENT REPREBENONS

SeaState Number| Metric: Root Mean Square Errgmm)
Wave Probe 1 2 3 4 5 6

1 0.90 0.87 0.93 092 0.87 0.90

2 091 094 091 0.94 0.90 0.94

3 095 095 095 094 095 0.94

4 0.93 093 093 093 0.92 0.92

5 0.92 090 0.89 0.89 0.87 0.88
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TABLE105 R? CORRELATION COEREMT FOR REQUESTE® RECORDED THBERIES
BRETSCHNEIDER BIMOBEAUIVALENT REPREBENONS

SeaState Number| Metric: Root Mean Square Err¢gmm)
Wave Probe 1 2 3 4 5 6

1 -0.04 -0.05 -0.06 -0.04 -0.04 -0.05

2 0.00 0.00 0.00 0.00 0.00 0.01

3 0.01 0.02 0.02 0.02 0.01 0.02

4 -0.01 0.00 -0.01 -0.01 -0.01 -0.01

5 0.02 0.01 0.01 0.01 0.01 0.00

Thereis almost no correlation between the requested and recorded tsages data
when attempting to generate binodal timeseriesderived waves in the tank. It
remains to be seen if the spectral parameters will match between the requested and
recorded timesetlies, but it is likely that the power production results for this portion
of the test will need to be discounted given the inability of the tank to correctly
produce the desired wave conditions.

TABLE106: Hs BIASREQUESTED VRECORDED BRETSCHNEIDER REPRESEION OF BI
MODALSEASTATES

SeaState Number | Metric: Root Mean Square Errgmm)

Wave Probe 1 2 3 4 5 6

1 6.29 7.02 516 560 7.02 6.08
6.34 5.03 6.12 497 6.54 494
507 529 520 559 524 524
691 7.18 7.10 7.00 7.28 7.22
8.27 9.15 941 9.44 1041 9.99

ajlbhiwN
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TABLELO7: Hs BIASREQUESTED VBECORDEDBI-MODALSEASTATES

SeaState Number| Metric: Root Mean Square Err¢gmm)
Wave Probe 1 2 3 4 5 6

1 18.42 18.32 18.15 17.99 18.08 18.00

2 17.97 17.97 17.83 17.73 17.79 17.74

3 20.00 19.87 19.74 19.64 19.82 19.74

4 23.43 23.25 23.10 23.09 23.14 23.09

5 25.30 25.27 25.13 24.98 25.06 25.12

TABLE108: REQUESTEBIs VS RECORDEIHs — BRETSCHNEIDHREPRESENTATION BF
MODAL WAVES

Wave Probe 1 2 3 4 5 6
SeaState Number| HsRequested (m) Hs Recorded (m)
1 3.68 3.52 348 341 334 340 342
2 3.66 351 350 3.46 3.35 3.53 3.43
3 4.32 416 4.17 4.02 3.98 4.13 4.10
4 5.01 4.83 479 473 459 4.74 4.65
5 5.41 528 520 516 498 498 497

TABLELO9:PERCENTAGE DEVIATION FROM REQUBSFBRETSCHNEIDBRPRESENTATION
OFBI-MODAL WAVES

Wave Probe 1 2 3 4 5 6
SeaState Hs Requested
0 i
Number m) % Deviation HIRecordedrom Requested
1 3.68 4.40% 5.63% 7.36% 9.41% 7.83% 7.16%
2 3.66 4.28% 4.46% 5.61% 8.58% 3.67% 6.43%
3 4.32 3.67% 3.32% 6.84% 7.84% 4.37% 5.07%
4 5.01 3.55% 4.40% 5.67% 8.41% 5.34% 7.25%
5 5.41 2.47% 4.01% 4.66% 8.12% 8.00% 8.24%
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TABLEL10: REQUESTEBIs VS RECORDEBIs— BIMODAL SE/STATES

Wave Probe 1 2 3 4 5 6
SeaState Number | HsRequested (m) Hs Recorded (m)
1 3.70 259 254 246 243 246 243
2 3.68 249 249 243 238 241 237
3 4.33 269 266 259 256 261 256
4 5.03 278 272 265 263 265 262
5 5.44 3.26 325 315 311 312 310
TABLEL11:PERCENTAGE DEVIATION FROM REQUESFERMODAL SEATATES
Wave Probe 1 2 3 4 5 6
l_is
SeaState
Number Requested % Deviation IRecordedrom Requested
(m)
1 3.70 29.87% 31.16% 33.56% 34.14% 33.44% 34.36%
2 3.68 32.38% 32.40% 33.93% 35.46% 34.48% 35.47%)
3 4.33 37.84% 38.57% 40.33% 41.02% 39.70% 40.91%
4 5.03 44.74% 45.90% 47.33% 47.66% 47.25% 47.87%)
5 5.44 40.07% 40.23% 42.03% 42.84% 42.69% 43.04%)

The deviation from the requestedsid appreciably higher for bihodal seastates,

reaching as high as 47.87% fontdal seastate 4, which has ansdf 5.03m (at full

scale), yet the tank failed to produce audlue of greater thn 2.78m-owing to the

lack of custom transfer function for generating these waiéss removes the ability

to provide an accurate comparison between thenimwdal seastates and an

equivalent Bretschneider Spectrum
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TABLE112 REQUESTEDs VS RECORDEdy — BRETSCHNEIDHREPRESENTATION 8F
MODAL WAVES

Wave Probe 1 2 3 4 5 6
SeaState Number| Tp Requested (S T, Recorded (5
1 11.91 1191 11.91 1191 1191 11.91 1191
2 12.57 12.57 12.57 1257 12.57 12.57 12.57
3 12.57 12.57 11.91 12,57 11.91 1257 1257
4 12.57 12.57 12.57 1257 12.57 12.57 12.57
5 12.57 12.57 12.57 1257 12.57 12.57 12.57

TABLEL13:PERCENTAGE DEVIATION FROM REQUESTBBETSCHNEIDEREPRESENTATION
OFBI-MODAL WAVES

WaveProbe 1 2 3 4 5 6
SeaState Tp Requested
0 .
Number () % Deviation FRecordedrom Requested
1 11.91 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2 12.57 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
3 12.57 0.00% 5.26% 0.00% 5.26% 0.00% 0.00%
4 12.57 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
5 12.57 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

TABLEL14:REQUESTEHsVS RECORDED, — BIMODAL SE/ASTATES

Wave Probe 1 2 3 4 5 6
SeaState Number| T, Requested (S Tp Recorded (s
1 12.50 10.77 10.77 10.77 10.77 11.31 10.77
2 13.11 10.77 10.77 10.77 10.77 10.77 10.77
3 12.70 11.31 11.31 11.31 11.31 1191 11.31
4 12.90 1191 11.91 1191 1191 1191 1191
5 13.33 10.77 10.77 11.31 11.31 11.31 11.31

405



TABLEL15: PERCENTAGE DEVIATION FRERUESTED — BIMODAL SE/STATES

Wave Probe 1 2 3 4 5 6
To
SeaState
Requested % Deviation § Recordedrom Requested
Number ©
s

12.50 13.80% 13.80% 13.80% 13.80% 9.49% 13.80%)
13.11 17.84% 17.84% 17.84% 17.84% 17.84% 17.84%
12.70 10.90% 10.90% 10.90% 10.90% 6.22% 10.90%)
12.90 7.70% 7.70% 7.70% 7.70% 7.70% 7.70%
13.33 19.19% 19.19% 15.15% 15.15% 15.15% 15.15%

AR W|IN(F

Overall, Fvalues are reproduced accurately in the tank, with the exception of the bi
modal seastates; in which the variation from the requested value can reach as much
as 20%, which effectively invalidates the study for the purposes of characterising the
variation in energy production for Imtodal seastates. Despite this, the
Bretschneider and timseries tests should providergple data for comparison of the

device power production.

7.5.1.1 Errors in reproduction of waves {8odal)

The level of error in the reproduction of-Biodal seastates was worthy of further

investigation.

Real Bi-Modal Spectra 1 —__Probe 1
Probe 2
Probe 3
—Probe 4
___Probe5
—Probe 6
—Requested time series

100 |

50 |

height [mm]
o

-50

115 120 125 130 135 140 145 150 155
time [s]

HGURE210: RECORDED AND REQUESTED DATAENERATION OF-BIODAL SE/STATE
There is a marked difference apparent when the results of thedilal seastate
generation are examined, as against the generation ofmumital seastates. There

was a very large difference between thequested and recorded timseries, with
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the waves produced failing to match either the amplitude or the phase of the
requested timeseries. It is unclear how much of this is attributable to the altered
sampling frequency of the input tirsgeries due to sdimg and the removal of fine
phase information required to accurately generate thesenbidal seastates, and
what effect is brought about by the transfer function calibrattongenerate these

wave conditions

In addition to examining the phase and aryglie of the bimodal seastate
generation, the resultant $and T, of the timeseries were examined to see if the
reproduction maintained the spectral characteristics to a greater degree than it did

the finer wave characteristics.

The difference in Hvasin the region of 3845% for each of the 5{mhodal sea states
examined. Below are tables which outline the requested and recordeddHf and

the relative error in their reproduction.

TABLEL16: REQUESTED VBECORDEBISFOR BIMOBL SEASTATES

Real BModal waves
Probe 1 2 3 4 5 6
Requested
H Hs % Diff. Hs % Diff. H % Diff. H % Diff. Hs % Diff. Hs % Diff.
370 25 2987 | 25 3116 | 24 3356 | 2.4 3414 | 24 | 3344 | 24 3436
. 9 % 4 % 6 % 3 % 6 % 3 %
268 24 3238 | 24 3240 | 24 | 3393 | 23 3546 | 24 3448 | 23 @ 3547
9 % 9 % 3 % 8 % 1 % 7 %
433 26 3784 | 26 = 3857 | 25 | 4033 | 25 @ 4102 | 26 = 39.70 | 25 & 4091
9 % 6 % 9 % 6 % 1 % 6 %
503 27 | 4474 | 2.7 | 4590 | 2.6 2.6 2.6 2.6
8 % 2 % 5 3 5 2
544 3.2 | 40.07 | 3.2 & 4023 | 3.1 | 4203 | 3.1 | 4284 | 3.1 | 4269 | 3.1 @ 4304
i 6 % 5 % 5 % 1 % 2 % 0 %
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TABLE117: DEVICE POWER PRODWBI{MEGAWATIHRY FOR BIMODAL REAL WAVE SEA
STATES ANBRETSCHNEIDER WAVES

Bretschneider Waves| BiModal Real Waves Difference (%)
T .75 T .75
H R im .5m e R 1im .5m H To(s) 1m .75m  .5m
(m) _(s) m m () m (m)
11.9 2.32E 2.90E 4.35E+ 10.7 1.20E 191E  2.92E+| 40.06 10.53
1 3.54 1 +05 +05 05 2.53 8 +05 405 05 % % 93.02% 51.88%  48.89%
125 2.60E 2.98E  4.28E+ 10.7 1.32E 2.02E 2.72E+ | 42.62 16.67
9
2 3.54 7 +05 +05 05 2.48 8 +05 +05 05 % % 97.38%  47.53% 57.37%
11.9 3.83E 4.67E 6.58E+ 11.3 151E 2.22E 3.03E+| 59.89 152.57 110.23 117.48
342z 7y +05 405 05 | 264 7 105 05 05 0w % Ty % %
125 5.83E 6.95E 9.75E+ 119 1.97E 2.82E 3.90E+| 82.84 " 195.72 146.58 149.86
4 491 7 +05 +05 05 268 1 +05 +05 05 % 5.56% % % %
5 531 125 7.26E 8.26E 1.13E+ 3.19 11.3 2.84E 3.95E 5.55E+ | 66.51 11.11 155.56 109.02 102.70
. 7 +05 +05 06 : 1 +05 +05 05 % % % % %

408



	1 Introduction
	1.1  Wave Energy Context

	2 Literature Review

