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Abstract

Shaped by distant storms and local winds, the waves reaching Ireland’s coast do not
only carry energy, but also reflect the changing patterns of the climate – with growing
impacts on coasts
This idea is central to this thesis. As climate changes, ocean waves around Ireland will
also change. These shifts affect both the offshore conditions and wave behaviour near
the coast, including how far they run up onshore. Understanding these changes is crucial
not only for protecting vulnerable coasts but also for supporting sectors such as offshore
renewable energy and coastal planning. To investigate the evolving wave climate and
its coastal impacts, a multi-scale approach is applied. The study integrates large-scale
atmospheric processes with regional wave simulations and coastal-scale impact assess-
ments. Statistical and numerical methods are combined to link oceanic variability in
the North Atlantic to coastal responses around Ireland. A detailed analysis using lagged
cross-correlation to swell period data estimates swell travel times and identifies source
regions, forming the basis for selecting the North Atlantic domain for wave simulations.
A nested WAM-SWAN modelling system, driven by surrogate wind fields generated for
the winds from the MPI-ESM model together with sea ice and sea level inputs, cap-
tures the spatial distribution and projected changes in wave heights. To translate these
offshore wave conditions into coastal impacts, a one-dimensional model is developed to
simulate wave run-up for a selected site in Galway Bay. The results reveal that the pro-
jected changes in wind fields, storm activity, and sea level will continue shaping waves
near the Irish coast. The findings demonstrate that Ireland’s coastal hazards cannot
be assessed in isolation from the broader North Atlantic system or without considering
local influences, underscoring the need for multi-scale approaches for managing future
coastal risks around Ireland.
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CHAPTER 1
Introduction

This chapter outlines the motivation for studying wave dynamics around Ireland. It then
highlights the scientific gaps in understanding the role of swells, the projected changes
in wave heights under future climate conditions, and their combined impact on the coast
alongside with sea level rise. Building on this context, the chapter introduces the objec-
tives of the thesis and methodological approaches adopted to address these objectives..
Finally, it presents the key research questions that guide the studies presented in the
following chapters.

1.1 Motivation
Ocean waves are a fascinating and complex phenomenon, forming an essential part of
Earth’s climate system. They play a critical role in shaping coastlines, supporting ma-
rine ecosystems, and influencing a range of human activities, including shipping, coastal
infrastructure, and renewable energy (Bento et al., 2018; Gallagher et al., 2016c; Ard-
huin et al., 2007). Understanding wave dynamics is particularly important for an island
nation like Ireland, which lies on the eastern edge of the North Atlantic (NA) Ocean
and is directly exposed to high-energy waves from the NA basin (Tiron et al., 2015).
This exposure makes the Irish coast especially vulnerable to coastal hazards like erosion,
overtopping, and coastal flooding. Moreover, with over 50% of Ireland’s population re-
siding within a 15 km radius of coastline (Devoy, 2009) – compared to the global average
of around 38% residing in coastal zones (Seibert et al., 2020) – the potential impacts of
these hazards are both socially and economically significant.
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A wide range of factors influence coastal hazards including human activity, wave con-
ditions, sea level, long-term atmospheric forcing, shoreline configuration and geological
constraints, nearshore and beach conditions (Borzi et al., 2025). These storms are one of
the most significant drivers of coastal erosion in Ireland (Kandrot et al., 2016). During
the exceptionally stormy winter of 2013/2014, the Irish coastline was impacted by a
sequence of large storms. The cumulative effects of strong winds, tidal surges, and low
pressure systems caused widespread coastal erosion and infrastructure damage exceeding
€110 million, particularly along the south and west coasts (Kandrot et al., 2016).
The destructive influence of storms are further amplified when combined with extreme
waves and high sea levels. For Ireland’s major coastal cities such as Galway, Cork, and
Dublin, storm surges coupled with high-energy waves pose an increasing risk of flooding
and overtopping (Murphy et al., 2023). These risks are amplified on the west coast of Ire-
land due to the influence of remotely generated swells travelling across the NA (Bricheno
et al., 2023; O’Brien et al., 2013; Devoy, 2009), where extreme wave events are observed
repeatedly. For example, waves exceeding height of 20 m have been recorded off the west
coast, including a 20.4 m wave at one of the Irish observational buoys (M4) in 2011, a 25
m wave at the Kinsale Energy gas platform in 2014, 26.1 m wave during Storm Ophelia
in 2018 and a record-breaking 30.96 m wave during Storm Jake in 2016 (O’Brien et al.,
2018).
While extreme events capture attention, Ireland’s wave climate is continuously shaped
by the persistent influence of NA swells (Gaughan and Fitzgerald, 2020; Fusco et al.,
2010). Long-period waves, generated by distant storm systems across the Atlantic basin,
travel thousands of kilometres to reach Irish shores and constitute a significant portion
of the annual wave energy (Shanahan and Fitzgerald, 2025; Nic Guidhir et al., 2022;
Gaughan and Fitzgerald, 2020; Gallagher et al., 2014). Unlike locally generated storm
waves, swells arrive year-round and play a crucial role in everyday coastal processes,
sediment transport, and the baseline wave conditions (Guisado-Pintado and Jackson,
2019). Understanding where these waves originate and their impact on the Irish coast
is a crucial step in building a complete picture of wave-driven hazards in the region.
Waves also shape long-term coastal evolution. Wave characteristics influence the de-
velopment of spits and barriers (Forbes et al., 1991; Orford and Carter, 1982). This
is particularly relevant in Ireland, where southwest facing coastal barriers are mainly
shaped by waves generated by Atlantic westerly depressions and southwest swell compo-
nent that influences beach orientation (Devoy, 2009). Recent IPCC projections indicate
that while overall storm frequency in the NA may decrease or remain stable, the inten-
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sity of extreme storms are expected to increase, with the most severe events becoming
significantly more powerful (Lopez et al., 2024; Seneviratne et al., 2021). Regional model
projections for Irish waters suggest storm intensity may increase by approximately 15%
between 2021–2060 (McGrath et al., 2005). As extreme storm events intensify, the wave
energy reaching Irish coasts are expected to increase correspondingly. Such changes,
combined with projected sea level rise, represent a serious threat to beaches through
enhanced flooding, erosion, and morphological adjustment (Allan et al., 2023).
Sea level rise in Ireland has accelerated in recent decades, reaching rates of 7 mm/year
between 1997 and 2016 (Shoari Nejad et al., 2022). In the long term, sea level is pro-
jected to rise in Ireland (up to 0.31 m at the end of the 21st century; McGrath et al.,
2008; Olbert et al., 2012). This further amplifies the impact of wave driven hazards on
soft sediment shorelines and low-lying coastal zones (Vousdoukas et al., 2017).
One of the physical mechanisms through which offshore wave conditions translate into
actual coastal impact is wave run-up: the process that determines how far waves travel
up the beach face (Van der Meer, 2017; Brocchini and Baldock, 2008). Run-up is a
critical parameter for the design of coastal engineering structures and for the manage-
ment of hydrodynamic and morphodynamic hazards (Dodet et al., 2018). This process
becomes increasingly critical under sea level rise scenarios. As sea level rises, increased
water depth allows waves with larger periods and greater amplitudes to reach the shore,
resulting in higher run-up values (Brocchini and Baldock, 2008). Research indicates that
sea level driven changes in wave characteristics increase the resulting design heights by
an average of 48–56%, relative to changes caused by sea level rise alone (Arns et al.,
2017). This suggests that future storm events similar to the 2013/2014 winter storms
could have substantially greater impacts on Irish coast, as rising seas allow larger waves
to reach the shore.
Taken together, these observations highlight the urgent need for comprehensive, location
specific wave studies and their impacts on the coast. Such studies are vital for improving
coastal resilience, guiding sustainable marine spatial planning, and informing the devel-
opment of offshore infrastructure.
As the climate changes, shifts are expected in the ocean wave characteristics such as
wave height, direction and frequency due to changing climate factors like shifting wind
patterns, rising sea level and sea ice concentration (Gaffet et al., 2025; Maia et al., 2022;
Lobeto et al., 2021). Understanding these shifts is not only crucial for managing coastal
risks in Ireland, but also supports sectors such as offshore renewable energy (Gallagher
et al., 2016c), which are highly sensitive to sea state conditions. To prepare for these
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impacts, we need sophisticated wave prediction systems that can capture both present
conditions and project future scenarios.
This thesis explores how remotely generated swells influence Irish waters, how future
wave conditions may evolve under rising seas and shifting winds, and how these changes
could affect our coasts. From large-scale swell tracking across the NA to fine-scale wave
run-up at the shoreline, each chapter builds a clearer picture of Ireland’s wave climate
and its impacts on the coast.

1.2 Bridging Gaps from Atlantic Swells to
Nearshore Wave Run-up

To simulate waves near Ireland, it is essential to account for waves generated by dis-
tant storms across the NA (Calvino et al., 2022; Brown et al., 2010; Pilar et al., 2008).
Inadequate representation of remotely generated swells can lead to significant underesti-
mation of wave energy near the coast (Gaffet et al., 2025). Understanding which regions
contribute to swells reaching Irish waters and how this influence varies seasonally and
interannually is the first step taken in the thesis for long-term wave climate study in
Ireland. Most previous studies focus on wind-wave correlations or examine general wave
patterns (detailed in section 3.1 of Chapter 3, without tracing origin and influence of
swells from distant sources to the Irish coast. This represents a key research gap that
this thesis aims to address through detailed swell analysis.
Building on this, robust wave modelling tools are used for this research to capture both
local and remotely generated waves. Spectral wave models like WAM (WAve Model;
Wamdi Group, 1988; Guenther et al., 1992), WW3 (WaveWatchIII; Tolman, 1989), and
SWAN (Simulating Waves Nearshore; Booij et al., 1999) are widely used to simulate
waves at global, regional and local scales. These models are driven mainly by wind data
as it is the major force that generates waves (NOAA Ocean Service, 2024; Holthuijsen,
2007). The primary source of wind for climate applications is climate models. Though
their outputs extend into the future, climate model data often lack the spatial and tem-
poral resolution required for accurate wave simulations (Islek et al., 2022). On the other
hand, reanalysis datasets are high in resolution but are limited to historical periods and
do not provide future projections (ECMWF, 2016). This mismatch between resolution
and projection capability presents a major challenge in climate-scale wave modelling.
To address this, regional weather models are commonly used to dynamically down-
scale climate model wind fields (Markina et al., 2018; Bento et al., 2018; Tiron et al.,
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2015). However, this approach is computationally expensive and time-consuming. Re-
cently, large data-driven techniques and expert guided machine learning have also been
explored. While promising, these methods often require extensive training datasets,
tuning, and may lack physical consistency (Benton et al., 2024; Annau et al., 2023).
Consequently, there is an increasing need for alternative methods that are both com-
putationally efficient and physically consistent to enable high-resolution wave modelling
over climatological time scale (Camps-Valls et al., 2025; Trindade et al., 2019).
In this context, the surrogate data generated from reanalysis datasets by the analogue
method is an efficient alternative for creating high-resolution wind fields for both present
and future conditions. These surrogate datasets statistically reflect the large-scale char-
acteristics of climate model projections, while retaining the spatio-temporal detail of
reanalysis products. This makes them well suited for long-term wave modelling stud-
ies. In this study, surrogate wind data are used along with climate-driven sea level and
sea ice to simulate wave conditions under present and future scenarios. While this ap-
proach offers valuable insights into offshore and regional wave patterns, understanding
how these changing wave climates impact the shoreline requires closer examination of
nearshore processes.
When waves travel from deep to shallow water, they undergo complex transformations
(Dodet et al., 2019) such as shoaling, breaking, and run-up which are further influenced
by rising sea levels (Melet et al., 2018; Atkinson et al., 2013) and coastal topography
(Webb, 2021). Melet et al. (2018) showed that as the sea levels rise, the interaction be-
tween waves and coastline is expected to intensify, altering wave transformation processes
near the shore and amplifying the risk of coastal flooding and erosion. While spectral
models are effective in simulating offshore and nearshore wave conditions, they do not
resolve the non-linear processes that occur close to shore (such as shoaling, breaking and
run-up; Thomas and Dwarakish, 2015). To capture these complex coastal dynamics,
researchers often solve the non-linear shallow water equations (SFINCS, XBeach; van
Ormondt et al., 2025; Smit et al., 2010), Boussinesq equations (MIKE21, FUNWAVE;
Warren and Bach, 1992; Kirby et al., 1998) or Navier-Stokes equations (IH-3VOF; Lara
et al., 2010). These models are widely used to study wave transformations in the surf
zone, wave-structure and coastal interactions under varying beach slopes and sea level
conditions. Continuous developments in numerical techniques aim to reduce the com-
putational cost of such models while maintaining physical accuracy (Lara et al., 2010).
Motivated by this need for efficiency, the present study develops a one-dimensional model
that enables the translation of offshore wave information to coastal conditions. The

5



1.3. Objectives of the Study

model can be used to simulate wave run-up and assess how future changes in offshore
waves and sea level may affect the coast.

1.3 Objectives of the Study
The main objectives of this study are to :

• Investigate how swells from different regions of the NA influence Irish waters and
assess how this influence varies across seasons.

• Develop a nested modelling framework that uses surrogate winds and other climate
drivers such as sea ice and sea level for long-term wave simulations.

• Simulate waves under present and future conditions to assess projected changes in
wave height characteristics.

• Develop a computationally efficient one-dimensional wave run up model to under-
stand localised impacts on the coast.

• Understand how offshore wave conditions impact the coast through wave run-up
processes and assess the effects of future sea level rise on run-up values.

Thus the thesis aims to understand and project wave conditions and their impacts along
the Irish coast on climatological timescale using nested modelling framework that ex-
tends from NA deep water to the Irish coast. The study begins with a swell analysis
to understand the influence of swells from different regions of the NA on Ireland. The
results then guide the selection of an appropriate model domain for capturing swell ef-
fects. The modelling approach then combines WAM and SWAN spectral wave models,
driven by climate drivers to project waves from present day to future conditions. A
key contribution from this part is the development of high-resolution surrogate wind
data that combines the large-scale features of climate model winds with the spatial and
temporal detail of reanalysis data. This enables efficient long-term simulations without
using computationally expensive dynamical models for downscaling of winds.
Finally, to assess how offshore wave conditions affect the coastline, it needs to be mod-
elled outside the SWAN. So, a one dimensional wave run up model, SWARM-1D (Shallow
WAter WAve Run-up Model in 1 Dimension) is developed to investigate wave run-up at
a selected location at entrance of Galway bay (the west coast of Ireland). The model
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developed is highly computationally efficient, takes boundary conditions from SWAN,
and includes future sea level rise scenario to evaluate the combined effects of changing
wave conditions and elevated water levels on coastal run-up.

1.4 Research questions
Understanding how waves change in the future is of great importance for coastal plan-
ning, infrastructure design and better adaptation strategies, especially for Ireland, which
is directly exposed to the energetic Atlantic swells. However, long-term simulation of
waves is challenging due to the limitations of adequate wind forcing, computational
cost, and uncertainties in climate projections. This study addresses these challenges
by driving nested WAM-SWAN wave models with high-resolution surrogate winds, also
incorporating other climate-driven factors such as sea ice and sea level rise, to simulate
the present and future wave conditions with a focus on the distributional changes of
wave heights.
Additionally, understanding how these changes manifest in the nearshore zone is essen-
tial for assessing potential coastal impacts. By integrating SWARM-1D model into the
workflow, this research links large-scale wave climate projections to local-scale coastal
responses.
Accordingly, this thesis is guided by the following three main research questions:

1. Which are the dominant North Atlantic swell source regions influencing the west
of Ireland, and how does their influence vary with season?

2. Is it possible to predict wave climate around Ireland using WAM–SWAN modelling
system driven by statistically generated surrogate wind data over multi-year pe-
riods representative of climatological timescales? What are the projected changes
in wave heights under a future high-emission climate scenario (SSP5-8.5)?

3. How do waves transform near the shore under future conditions, and what are the
implications for coastal impacts such as run-up?

1.5 Outline of the thesis
Chapter 2 presents a review of existing literature on global and regional wave climate to
provide the scientific background for the thesis. It introduces fundamental concepts of
ocean waves, the distinction between wind-sea and swell, and the importance of studying
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wave climate. The chapter then discusses changing climate conditions and their influ-
ence on wave projections. This is followed by an overview of NA wave characteristics
and key atmospheric drivers. It also outlines major wave modelling approaches and ex-
amines wave transformation and sea level rise effects, and the vulnerability of the Irish
coast to the climate-driven wave impacts. The chapter further presents the rationale
underpinning the key methodological choices made in this study, including the selection
of models and forcing datasets, the adoption of the SSP5-8.5 high-emission scenario, and
the climate drivers incorporated such as wind, sea ice and sea level. The associated un-
certainties inherent in climate-scale wave projections are also identifiedTogether, these
sections establish the foundation for the thesis, while studies directly supporting each
research chapter are discussed within the respective introductions.
Chapter 3 investigates the influence of swells from the NA on the west coast of Ireland
through statistical methods. The chapter begins by defining the regional domains cho-
sen as swell sources and outlines the key hypotheses and assumptions which guided the
analysis. The datasets and methods are then described, including the application of
swell period from ERA5 to estimate swell travel time and identify the dominant source
regions. The chapter then presents the results from the climatology of swell propagation,
followed by case studies illustrating seasonal and interannual variability in swell travel
times. The discussion interprets the physical drivers behind the observed patterns, eval-
uates the methodological strengths and limitations and highlights broader implications
for understanding Ireland’s wave climate and future research direction. The understand-
ing of the NA swell influence on the west coast of Ireland from this chapter form the
foundation for Chapter 4.
Chapter 4 investigates wave climate simulations from the NA to Irish waters under
changing climate conditions. It begins by reviewing previous studies on wave projections
and regional downscaling approaches, highlighting common practices used to translate
coarse-resolution climate model outputs into regional wave information. The chapter
then provides an overview of the study area and the model domains used for wave simu-
lations, along with the datasets used for model forcing and validation. A key component
of this chapter is the generation of high-resolution surrogate wind using analogue-based
approach. The methodology and results of present and future wave simulations are de-
scribed in detail. The results presented in this chapter emphasise on analysing changes
in the full distribution of wave heights, rather than just mean or extreme values, and how
these changes vary seasonally and spatially along the NEA region around Ireland. The
chapter concludes with a discussion of key findings, methodological considerations, and
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study-specific limitations, providing the basis for the coastal impact analysis presented
in the following chapter.
Chapter 5 introduces a one-dimensional non-linear shallow water wave run-up model
(SWARM-1D). The model is designed to simulate wave run-up on the Irish coast, thereby
translating the offshore waves into coastal impacts. It begins by defining the run-up
formulation adopted in this study and reviewing previous research on wave run-up in
Ireland, noting the absence of studies that quantify run-up values. The chapter then
describes the development of the one-dimensional SWARM model, outlining the gov-
erning equations, numerical scheme, and boundary conditions. Model performance is
compared with empirical formulations, followed by an application to Fanore Beach in
Galway Bay to evaluate run-up behaviour under varying wave and sea level conditions.
The discussion highlights the role of sea level rise in modifying waves near the coast,
methodological limitations, and the broader applicability of the model for future coastal
hazard assessments.
Chapter 6 brings together the main findings of the thesis and reflects on how they ad-
dress the research questions outlined in Section 1.4. It summarises the key scientific
and methodological contributions, highlighting how the work advances understanding
of wave dynamics and coastal processes around Ireland. The chapter also outlines the
broader relevance of the findings, identifying who can benefit from this research, in-
cluding coastal communities, policymakers, and the renewable energy sector. Finally, it
discusses potential paths for future research and model development to further enhance
projections of coastal wave impacts under changing climate conditions.
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CHAPTER 2
Literature Review

In this chapter, I review existing knowledge on wave climate, with emphasis on global
mechanisms, the NA wave dynamics, and the broader context of Irish conditions. It
also presents the development of wave modelling framework, climate change projections
and associated coastal impacts. Together these sections establish the background for the
thesis, while studies directly supporting the aims and methods of each chapter are cited
and discussed within the introduction of each respective chapters.

2.1 Introduction to ocean waves
Ocean surface waves are generated through the complex interaction between wind and
the ocean surface, a process first described in the pioneering theoretical work of Phillips
(1957) and Miles (1957). Phillips (1957) described the initial generation of waves through
pressure fluctuations associated with turbulent wind flow. Miles (1957) developed a the-
ory for wave growth due to wind-induced pressure variations and waves orbital motion.
A complete understanding of wave evolution was later provided by Hasselmann et al.
(1973), who demonstrated that energy transfer from the atmosphere to the ocean sur-
face involves a series of mechanisms, including pressure fluctuations, viscous stresses and
wave-turbulence interactions.
Modern understanding of wave generation is encapsulated in the spectral energy balance
approach, where the evolution of wave energy is described by action balance equation
(Wamdi Group, 1988). This approach recognizes that sea state can be represented by
a two-dimensional wave spectrum that describes the distribution of wave energy as a
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function of frequency and direction (Hasselmann et al., 1973).
The process of wave generation begins with the formation of small ripples on the wa-
ter surface due to wind stress, creating surface roughness that enhances further energy
transfer from the wind to the waves (Phillips, 1957). As these waves grow, they be-
come more efficient at extracting energy from the wind through a feedback mechanism
in which longer waves travel faster and can more effectively capture wind energy.
Beyond initial generation, the evolution of a wave field is governed by three principal
source term categories in the spectral energy balance equation. The first is atmospheric
input (Sin), representing the transfer of energy from wind to waves. The second is
nonlinear wave-wave interactions (Snl), which redistribute energy across the spectrum
through resonant quadruplet interactions among four wave components (Komen et al.,
1994; Hasselmann et al., 1973). These interactions are responsible for the downshift of
spectral peak frequency as waves grow, and their accurate representation distinguishes
third-generation wave models from earlier approaches. The third category is dissipation
(Sds), which encompasses several mechanisms: whitecapping, the dominant dissipation
process in deep water caused by wave steepening and breaking at the sea surface; depth-
induced wave breaking, which occurs as waves enter shallow water and the ratio of wave
height to water depth becomes critical; and bottom friction, which attenuates wave en-
ergy as waves propagate over a shallow seabed (Komen et al., 1994; Hasselmann et al.,
1973). Together these processes determine the growth, propagation, and decay of ocean
waves across all scales.
The goals of wind-wave research are well defined: to predict the wind-wave field and its
effects on the environment (Young, 1999b). The environment may be natural such as
beaches and the atmosphere or shaped by human activity such as ports, harbours, and
coastal settlements. While the goals are similar, the specific requirements vary across
disciplines. For example, coastal engineering applications may only require the integral
wave parameters (such as wave height and peak period), whereas studies of air-sea in-
teraction generally need a detailed description of the full wave spectrum (Young, 1999b;
Janssen, 1991; Miles, 1957).

2.1.1 Distinction between wind-sea and swell
The wave condition at a given location is influenced by the recent history of wind over the
generation area (fetch), resulting either locally generated wind-seas or swells that origi-
nate from distant storms (Méndez and Rueda, 2020). This distinction between wind-sea
and swell represents the fundamental concept in wave climatology that was first clearly
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articulated by Sverdrup and Munk (1947).
Wind-sea refers to waves that are actively generated by local wind forcing, while swell
consists of waves that have propagated away from their generation area (Hasselmann
et al., 1973; Pierson Jr, 1955). The physical characteristics of these two wave types
differ significantly. Wind-sea exhibits shorter periods and greater directional spread
(Hasselmann et al., 1973). The frequency spectrum of wind-sea often displays a peak
at higher frequencies with a relatively broad spectral shape (Pierson Jr and Moskowitz,
1964). In contrast, swells are characterised by longer periods and narrow directional
spread (Barber and Ursell, 1948).
This distinction has important implications for wave modelling. Studies show that re-
gional wave climate simulations often neglect remotely generated swell (Mora-Escalante
et al., 2025), which requires special attention in swell dominated regions.
In spectral wave models, wind-sea and swell are separated using a method called spectral
partitioning. The simplest and most widely used approach compares the speed of each
wave component to the local wind speed. If a wave is travelling faster than the wind, it is
no longer being pushed by the wind and is therefore classified as swell; if it is still being
driven by the wind, it is classified as wind-sea (Komen et al., 1994). More advanced
methods scan the full two-dimensional wave spectrum and identify separate peaks. This
allows the model to detect and track multiple swell systems and wind-sea systems that
may be present at the same time (Portilla-Yandún, 2018). The choice of method matters
because, in many real-ocean situations, swell and wind-sea overlap across similar wave
frequencies, making a clean separation difficult regardless of the technique used.
Different spectral wave models implement these partitioning approaches differently, with
some applying only the wave-age criterion and others offering more advanced watershed-
based separation (Portilla-Yandún, 2018). WAM uses the wave-age criterion as its de-
fault separation method (Wamdi Group, 1988). SWAN also applies a wave-age threshold
but gives the user more flexibility to adjust this threshold (SWAN Team, 2023). Wave-
WatchIII (WW3) goes further and includes a built-in spectral partitioning routine based
on the watershed approach, making it better suited to studies that specifically analyse
swell sources and propagation paths (Brus et al., 2021). The ERA5 wave output from
the ECMWF model uses a combination of both; the wave-age criterion at the model level
and post-processed spectral partitioning for derived swell products (Janssen and Bidlot,
2003). The specific models used in this thesis for swell analysis and their respective
separation approaches are described in Section 3.4.1.

12



2.1. Introduction to ocean waves

2.1.2 Basic wave parameters
Ocean waves are characterised by several key parameters that describe their physical
behaviour (Figure 2.1). The definitions of the basic parameters explained in this section
are adapted from Massel (2017); Young (1999b).
Wave height (H) represents the vertical distance between a wave crest and the preceding
trough, while amplitude (a = H

2 ) describes half of this vertical distance. The wavelength
(λ) is the horizontal distance between two successive crests or troughs and the wave
period (T) is the time interval between successive crests or troughs passing a fixed
point.

Figure 2.1: Definition of fundamental wave parameters: wave height (H), wavelength
(λ) and wave amplitude (a) for an idealized sinusoidal wave.

These individual wave parameters are important for understanding wave mechanics, but
are insufficient for describing the complex, irregular nature of real ocean waves. This
ocean surface complexity, characterised by continuous spectra of wave components with
varying heights, periods and directions (Longuet-Higgins, 1953), led to the development
of statistical parameters of waves such as significant wave height (Hs) and peak period
(Tp).
Significant wave height is defined as the average height of the highest one-third of waves
in a given time series and peak period is defined as period at which the maximum spectral
energy density occurs (Holthuijsen, 2007). The analysis presented in this thesis utilises
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these two fundamental statistical wave parameters of wind-generated waves (hereafter
referred to simply as waves).

2.1.3 Importance of studying wave climate
Studies of global and regional wave climates are important from both scientific and so-
cietal perspectives. Wave climate is the long-term statistical description of ocean waves,
usually expressed using parameters such as significant wave height, period and direction
(Méndez and Rueda, 2020).
Wind-generated surface waves are a significant renewable energy source (Farrok et al.,
2024), and are important for many coastal processes, including erosion (Palermo et al.,
2024; Scott et al., 2019) and the modulation of local trends of sea level (Dodet et al.,
2019; Melet et al., 2018; Vousdoukas et al., 2017). This interaction between the wind
and ocean surface waves is a fundamental component of the Earth system, with signifi-
cant implications for climate modelling, coastal processes, and marine operations. These
waves are not just surface phenomena but also critical components of complex Earth sys-
tem interactions, influencing processes ranging from marine ecosystems to global climate
patterns (Cavaleri et al., 2012).
It is important to recognise that coastlines are not only shaped by extreme storm events
but also by the steady, everyday action of ordinary waves over long periods of time.
These regular waves move sediment, wear away cliff faces, and maintain the shape of
beaches across seasons and decades (Leach et al., 2021). Along the west coast of Ireland,
where energetic Atlantic swell arrives persistently throughout the year, this background
wave forcing acts continuously on an already storm-exposed coastline, increasing the
cumulative impact on coastal morphology (Guisado-Pintado and Jackson, 2019).
Waves play a central role in Earth system dynamics through air-sea interactions, influ-
encing energy exchange across the ocean-atmosphere boundary and shaping the structure
of the atmospheric boundary layer (Casas-Prat et al., 2024; Jenkins et al., 2012). They
also act as primary drivers of coastal morphodynamics by determining how beaches
evolve, how sediments are transported and how ecosystems respond to changing wave
conditions (Leach et al., 2021).
From a societal perspective, wave climate directly affects coastal communities, infras-
tructure, and marine operations. Even small shifts in dominant wave direction can alter
sediment transport patterns, reshaping coastlines and influencing erosion and accretion
processes (Bramante, 2017). These effects can be further exacerbated during extreme
wave events, generating threats to the coast. Knowledge of wave climate is also crucial
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for the design and operation of coastal facilities and offshore industries (Ambarita et al.,
2023; O’Connell et al., 2020). The long-term wave climate studies are particularly im-
portant as offshore wind and wave energy projects expand near coasts (Bento. et al.,
2011). Therefore, detailed information on waves is needed for designing reliable and
efficient systems (Ribal et al., 2020).
In the context of a changing climate, shifts in global wind patterns are expected to al-
ter ocean wave regimes worldwide (Gaffet et al., 2025; Maia et al., 2022; Lobeto et al.,
2021). This has far-reaching implications not only for regional coastal hazards but also
for ecosystems, infrastructure resilience, and adaptation planning. As a result, wave
climate studies are increasingly recognised as fundamental for linking atmospheric vari-
ability to oceanic response and for supporting sustainable coastal management under
future climate scenarios (Morim et al., 2019).

2.2 Changing climate and wave projections
Wave climate is influenced by multiple interconnected climate drivers including atmo-
spheric circulation patterns, ocean temperatures, sea level rise, ice coverage, and ocean
currents (Lobeto et al., 2021; Fox-Kemper, 2021; Hemer et al., 2013). Changes in wind
patterns and storm activity affect the amount of energy transferred to the ocean surface
(Lobeto et al., 2021; Reguero et al., 2019). Ocean temperatures modulate atmospheric
stability and storm intensity thereby influencing wave generation (Chen, 2024). In addi-
tion, atmospheric climate change drives shifts in large-scale ocean circulation, including
changes in thermohaline circulation and the position of boundary currents, which can
modify wave propagation conditions through wave-current interactions, even in regions
where local wind changes are modest (Casas-Prat et al., 2024). While sea level rise
does not directly affect wave generation in deep water, it alters how waves interact with
coastal environments by raising the baseline water level (Melet et al., 2018). Reduc-
tions in sea ice cover increase available fetch for wave growth (Chen et al., 2021), and
ocean currents modify wave heights through wave-current interactions during propaga-
tion (Kumar and Hayatdavoodi, 2023).
Additionally, the global wave climate responds to large-scale atmospheric oscillations
such as the North Atlantic Oscillation (NAO) and the El Niño-Southern Oscillation
(ENSO), which drive interannual variability and long-term trends in wave climate (Reguero
et al., 2019). Thus, both gradual climate change and natural modes of variability shape
the future wave climate.
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2.2.1 Approach to wave projections
To understand how waves might change in the future, scientists use General Circula-
tion Models (GCMs). GCMs are the primary tool to investigate the response of the
climate system to different forcings (Fox-Kemper, 2021; Loarca et al., 2021). These
models simulate how the atmosphere, ocean, ice and land surface respond to changing
climate conditions. However, GCMs do not simulate surface waves as part of their ocean
components (Lobeto et al., 2021). Therefore, wave climate projections must be gener-
ated from GCM outputs such as sea level pressure, surface winds, and sea ice coverage
(Kumar et al., 2025; Lobeto et al., 2021). Two main approaches are used: dynamical
downscaling, where spectral wave models (explained in section 2.5) are forced with the
climate model winds and statistical downscaling which develops an empirical relationship
between atmospheric variables and wave parameters.

2.2.2 Observations, Variability and Uncertainties
Studies show that wave climate changes will vary significantly between different ocean
regions by the end of the 21st century. Recent studies by Casas-Prat et al. (2024) indicate
that mean wave height is projected to rise by 5-10% in the Southern Ocean and eastern
tropical South Pacific, and by more than 100% in the Arctic Ocean as sea ice retreats,
while reductions of up to 10% are expected in the North Atlantic and North Pacific
under the RCP8.5 scenario (relative to 1979–2004). In the NA specifically, wave heights
have been observed to increase over the last 70 years, with typical winter trends show-
ing increases of up to 20 cm per decade, alongside a northward displacement of storm
tracks (Noone et al., 2024). This observed increase contrasts with future projections of
decreasing mean wave heights in the basin under high-emission scenarios, reflecting the
effects changes in atmospheric circulation patterns.
These changes also vary by season. Patra et al. (2021) showed increases in seasonal
extreme waves under the high-emission SSP5-8.5 scenario, with changes of up to 15%
(approximately 1 m, relative to the 1986–2005 period), particularly in the Southern
Hemisphere high latitudes. More recently, Meucci et al. (2024), introduced an eight-
model global wind-wave climate ensemble under CMIP6 scenarios SSP1-2.6 and SSP5-
8.5, showing broad consistency in projected wave height increases in high latitudes but
considerable variability in tropical and mid-latitude regions, including the North At-
lantic.
However these projections should be interpreted with caution due to several methodolog-
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ical limitations. As shown by Morim et al. (2019), wave climates are not adequately rep-
resented when wave models are forced with coarse-resolution wind fields. High-resolution
forcing is required to properly resolve wave transformations into shallow water and to
capture extreme events, which are critical for coastal impact assessments (Bricheno and
Wolf, 2018). In addition, recent assessments by Lobeto et al. (2023) show that wave
model choice is the dominant source of uncertainty across much of the global ocean,
with projected changes differing by more than 75% of the ensemble mean in several
regions. Uncertainties related to different wave model physics can often exceed those
associated with the choice of climate model, underscoring the need for multi-model wave
ensembles in future projection studies (Lobeto et al., 2023).
Further uncertainties arise from differences in climate model projections and emission
scenarios, as well as from natural climate variability (Snyder et al., 2024), particularly in
regions such as the North Atlantic where modes such as the NAO strongly influence wave
conditions. In addition, the representation of swell and boundary conditions remains a
challenge in regional studies, as many models do not fully capture the influence of re-
motely generated waves (Siegelman et al., 2025). These combined uncertainties highlight
the importance of using appropriate modelling frameworks and long-term simulations
to better represent wave climate variability and its potential changes, particularly for
coastal impact assessments.

2.3 North Atlantic wave climate characteristics
The NA experiences one of the most energetic wave climates in the world (Martínez-
Asensio et al., 2016). Waves in this basin show pronounced seasonal variability, with the
highest values observed during winter when storm activity peaks (Prestes et al., 2025;
Dobrynin et al., 2019). The northeastern Atlantic and adjacent shelf seas show high
interannual variability with monthly mean Hs varying from year to year (Morim et al.,
2021, 2019; Aarnes et al., 2017; Woolf et al., 2002). This variability reflects the NA
basin’s sensitivity to large-scale atmospheric patterns, particularly the NAO (explained
in detail in Section ??), which has been identified as the dominant driver of wave height
predictability in the Atlantic.
Dobrynin et al. (2019) demonstrated that winds from the climate model MPI-ESM, can
skilfully reproduce this NAO-wave height relationship in the North Atlantic when used
to force the WAM spectral wave model, providing confidence in using the MPI-ESM as
a climate driver for North Atlantic wave simulations. Li et al. (2022b) used WAM forced
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by winds from a regional climate model downscaled from MPI-ESM for wave climate
projections under the RCP2.6 and RCP8.5 scenarios, with ERA5-forced simulations run
in parallel as the present-day validation baseline. More recently, MPI-ESM has been
included as one of eight CMIP6 models used to force wave climate projections in global
ensemble studies (Meucci et al., 2024), further establishing its suitability for wave climate
research in this basin.
Multiple studies have consistently projected reductions in mean Hs across NA by the
end of the 21st century (Casas-Prat et al., 2024; Morim et al., 2019; Aarnes et al.,
2017; Dobrynin et al., 2015). These projected decreases are most pronounced under
high-emission scenarios such as RCP8.5, affecting both seasonal and annual averages
(Bernardino et al., 2021; Lemos et al., 2020, 2019; Morim et al., 2019; Gallagher et al.,
2016a; Hemer et al., 2013; Semedo et al., 2012).

2.4 Atmospheric drivers of the North Atlantic
wave variability

Large-scale atmospheric circulation patterns exhibit distinct modes of variability that
influence regional and remote areas through teleconnections – statistically defined rela-
tionships between climate anomalies in widely separated regions (Wallace and Gutzler,
1981). Four primary atmospheric modes dominate the NA and European variability:
the North Atlantic Oscillation (NAO), the East Atlantic (EA) pattern, the Scandi-
navian (SCAND) pattern, and the East Atlantic-Western Russian (EA/WR) pattern
(Morales-Márquez et al., 2020). These circulation modes operate across multiple spatial
and temporal scales, generating complex wave climate responses.
The NAO represents the primary atmospheric mode controlling wave climate across
the NA basin (Dobrynin et al., 2019; Martínez-Asensio et al., 2016). It is defined by
the pressure difference between the Icelandic and the Azores systems (Hurrell, 2001).
It controls westerly wind strength and storm track locations across the NA (Marshall
et al., 2001). Woolf et al. (2002) identified strong connections between the NAO and
interannual NA wave climate variability. Dodet et al. (2010) demonstrated significant
winter NAO contributions to interannual variability of Hs, mean wave direction, and
mean wave period over the NEA using five decades of hindcast data. Bertin et al. (2013)
established NAO relationships with NA annual mean Hs throughout the 20th century.
Martínez-Asensio et al. (2016) quantified NAO impacts, showing Hs increases up to 1.0
m per NAO unit in the northwest of Britain during positive phases and 0.6 m increases
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near the Azores during negative phases. Furthermore, Bernardino and Guedes Soares
(2016) found that negative NAO winters produce longer storms with higher maximum
wave heights.Dobrynin et al. (2019) demonstrated, using a 30-member MPI-ESM en-
semble to force the WAM wave model over 1982–2017, that the correlation between the
winter NAO index and seasonal mean Hs reaches 0.92 in the region 50°N–68°N, directly
encompassing the waters west and northwest of Ireland. Scott et al. (2021) further con-
firmed the dominant role of atmospheric circulation indices, particularly the NAO, in
controlling inshore wave direction and height variability specifically along the UK and
Irish coasts, reinforcing the importance of capturing the NAO variability when simulat-
ing the wave climate of the study region.
The NAO operates on interannual-to-decadal timescales, with prolonged phases of posi-
tive or negative index that can persist for several years before reversing (Hurrell, 2001).
As a consequence, wave climate statistics derived from short observational or simulation
periods risk being biased towards the particular NAO phase that prevailed during that
period, rather than representing the full climatological range of conditions. Long-term
studies spanning multiple NAO cycles are therefore essential to obtain robust estimates
of mean wave conditions, extreme wave statistics, and directional variability in the NEA
(Viñes et al., 2026).
The EA pattern consists of north-south pressure dipoles with multidecadal variability
and represents the second major mode affecting the NA wave climate (Morales-Márquez
et al., 2020). Woolf et al. (2002) noted EA influences on NA waves, though these were
weaker than the NAO effects. Charles et al. (2012) demonstrated the EA relationship
with significant wave height, mean wave direction and mean wave period variability in
the NA. Martínez-Asensio et al. (2016) showed that EA positive phases generate waves
that increase up to 0.86 m between Britain and Iberia, primarily through swell modifica-
tions. Furthermore, Izaguirre Lasa et al. (2010) detected EA connections to the extreme
wave climate in the NEA.
The other two atmospheric modes exert weaker yet meaningful influences on the NA con-
ditions relative to the dominant NAO (Santo et al., 2016). Izaguirre et al. (2011) demon-
strated connections between extreme wave events and the EA/WR and the SCAND
circulation indices during 1992–2010. They found that both patterns modulate the
frequency and intensity of extreme wave events in the northeastern Atlantic. These
secondary modes exhibit more spatially confined influences compared to the NAO and
EA effects (Martínez-Asensio et al., 2016). Analysis by Shimura et al. (2013), dur-
ing the period 1960–1990, revealed that atmospheric teleconnections affect the eastern
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NA more strongly than the western regions, highlighting the importance of geographic
considerations in wave-atmosphere studies.

2.4.1 Regional focus to the Northeast Atlantic
The NEA lies directly in the path of major NA storm tracks (Feser et al., 2015), which
amplifies its response to large-scale atmospheric patterns. It is also a transition zone
where locally generated wind-sea meets the long-travelled Atlantic swells, creating a com-
plex and highly variable wave climate (Morim et al., 2019; Aarnes et al., 2017; Charles
et al., 2012; Dodet et al., 2010).
The wave climate of this region is energetic and strongly seasonal (Dabrowski et al.,
2023), with winter dominated by large, long-period waves from the southwest to the
northwest and summer by smaller, shorter waves from the north (Dodet et al., 2010).
Strong interannual variability is observed, with positive correlations between winter HS

and the NAO index at northern latitudes and negative correlations at southern latitudes
(Dodet et al., 2010). Multi-model projection studies further indicate robust decreases in
mean Hs across the NEA by the end of the 21st century (Aarnes et al., 2017).
Understanding wave climate variability is particularly important in dynamic regions like
the NEA, where the wave climate is significantly influenced by atmospheric patterns
(Morales-Márquez et al., 2020), climate change and seasonal patterns (Bitner-Gregersen
et al., 2022; Morales-Márquez et al., 2020; Markina et al., 2019).
The NEA region around Ireland is the main focus of the thesis because of its sensi-
tivity to atmospheric forcing and its complex geomorphology (detailed in Section 4.2).
Although the current study does not directly analyse the influence of atmospheric tele-
connections, the extensive literature on these processes provide important guidance for
setting simulation periods and model domains. Previous studies on the variability of
wave climate and sensitivity to atmospheric patterns highlight the need for a longer
study period to capture wide range of conditions. It is therefore essential to capture rep-
resentative wave conditions for model boundaries that should include the main physical
drivers influencing the region.

2.5 Wave modelling approaches
Ocean wave characteristics can be determined through various methods including field
measurements, physical models, analytical solutions, and numerical simulations (Thomas
and Dwarakish, 2015). Among these, numerical models have emerged as powerful tools
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for studying surface waves, with their performance depending on how accurately the
physical phenomena are represented in the numerical scheme (Janssen, 2008). In addi-
tion, these models should be capable of representing complex conditions including locally
generated wind-sea, remotely generated swells, spatially and temporally varying winds,
and irregular bathymetry and coastlines (Komen et al., 1994).

2.5.1 Types of Wave models
Wave models are fundamentally divided into two categories based on their approach to
representing waves: phase-averaging models and phase-resolving models (Komen et al.,
1994).
Phase-averaging models predict statistical properties of the wave field such as significant
wave height, mean period and directional spectra (Komen et al., 1994). They do not
treat waves individually instead, they use the wave spectrum and because of this they
are sometimes called spectral models (Rogers, 2020). These models are computationally
efficient, making them suitable for long-term simulations and large domains, such as
the open ocean or regional basins (Thomas and Dwarakish, 2015). Importantly, phase-
averaging models such as WAM are capable of simulating shoaling and refraction due to
depth and currents, though they are less suited to resolving the fine-scale processes of
the immediate nearshore zone, including wave reflection, diffraction, infragravity wave
generation, swash zone dynamics, and the turbulent structure of individual breaking
waves (Booij et al., 1999; Wamdi Group, 1988)
Phase-resolving models predict the water surface and phase of individual waves in
time and space (e.g., Boussinesq equations, non-linear shallow water equations (non-
hyrdrostatic ), mild slope equations; Lowe et al., 2019; Van Der Meer et al., 2016;
Nwogu and Demirbilek, 2001; Komen et al., 1994). By simulating individual waves,
phase-resolving models capture short-scale processes such as wave reflection, diffrac-
tion, shoaling or wave steepening that cannot be represented by phase-averaged models
(Nwogu and Demirbilek, 2001). However, this detail comes with a high computational
cost as resolving individual waves over large domains would require enormous computer
memory and processing time (Battjes and Beji, 1992). As a result, phase-resolving
models are typically applied in small, high-resolution domains (e.g., nearshore zones,
harbours, or in run-up studies).
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2.5.2 Evolution of Spectral wave models
The first attempt to numerically predict ocean waves emerged in the 1950s and 1960s
(Cardone and Greenwood, 1986). The basis of spectral models is the spectral energy
balance equation, which in deep water and in the absence of currents is given by,

∂F

∂t
+ V⃗g · ∇F = S = Sin + Snl + Sds (2.1)

where, F is the two-dimensional wave spectrum that depends on space, time (t), fre-
quency, and propagation direction, Vg is the group velocity and source function S is
expressed as the sum of Sin (input energy from the atmosphere), Snl (non-linear energy
transfer by wave-wave interaction) and Sds (energy losses to dissipative forces).
These models are generally classified as first, second, and third generation models. The
first-generation models were based on simple wind fields and linear wave growth and
neglected the other two source terms (Komen et al., 1994). As a result, they could not
realistically reproduce the full spectrum of ocean waves.
To overcome this, second-generation models were developed during the 1970s and early
1980s. These models incorporated varying wind fields and included simplified treatments
of non-linear interactions and dissipation (Komen et al., 1994). However, Forristall and
Reece (1985) systematically tested second-generation models using idealised cases and
found that the parameterisations used to represent non-linear transfers could not ade-
quately describe the evolution of the wave spectrum.
In response to these shortcomings, efforts intensified in the mid 1980s to develop models
that did not rely on pre-specified spectral shapes. This resulted in the development of
the third-generation wave models, which explicitly solve the full spectral action balance
equation without assuming a predefined spectral form. The most significant outcome of
this was WAM (Wamdi Group, 1988). WAM could simulate the growth, propagation,
and decay of wind waves and swell in deep water more realistically than earlier gen-
erations. Building on WAM, other third-generation models were developed, including
WW3 (Tolman, 1989), widely used for global and regional scales, and SWAN (Booij
et al., 1999), which was designed specifically for shallow-water and nearshore applica-
tions.

2.5.3 Why do we need more than one model?
No single wave model can efficiently represent processes from the open ocean to the
nearshore (Guisado-Pintado, 2020). Therefore, different models are typically combined
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depending on scale and purpose. For example, WAM is widely applied at the oceanic
scale to represent wave growth and propagation in deep and intermediate waters (Wittmann
and Farrar, 1997; Swain et al., 2019). Although, modern versions of WAM have been
extended to include depth refraction and depth-induced wave breaking, the model uses
explicit spatial schemes that require very small grid sizes in shallow water, making it
computationally impractical for direct coastal applications (Bingölbali et al., 2019). In
contrast, SWAN is commonly used in nearshore areas where higher resolution and shal-
low water processes must be represented (Booij et al., 1999; Neill, 2024; Zed et al., 2022;
Anton and Nash, 2020; Guisado-Pintado, 2020; Reduan Atan and Goggins, 2017; Atan
et al., 2016; Bento et al., 2016; Bento. et al., 2011). Applying models like WAM directly
in nearshore regions would be computationally expensive due to the need for very fine
spatial and directional resolution, as well as stability constraints that require very small
time steps (Luo and Flather, 1997; Yuan et al., 2024).
To address this, a nested approach is often adopted. In nesting, a coarser large-domain
model is used as boundary conditions for a finer local domain model (Luo and Flather,
1997). This downscaling can be applied in multiple stages, for example from global
to regional and finally to coastal domains, ensuring that offshore wave information is
consistently transferred into nearshore simulations (Reduan Atan and Goggins, 2017).
Nesting is a widely used approach in wave models and is particularly important in the
NEA and Ireland, where long-travelled swells interact with locally generated seas over
complex bathymetry (Calvino et al., 2022; Anton and Nash, 2020; Reduan Atan and
Goggins, 2017; Atan et al., 2016; Bento et al., 2016).

2.6 Waves at the coast and their impacts
2.6.1 Wave transformation in shallow water
In the open ocean, waves transfer energy without moving water mass significantly, but
this changes dramatically when waves enter shallow waters (Deacon, 1946; Hughes, 2016).
As waves approach the shore, the circular orbital motion extends to roughly half the wave
length below the surface. Thus waves start interacting with the sea bed. The friction
with the sea bed slows the lower part while the upper part continues forward, and causes
the wave to steepen and grow taller until it becomes unstable and breaks.
The transformation from deep to shallow water involves competing processes. Wave
steepness increases due to non-linear effects while the wave shortness changes due to
frequency dispersion (Stelling and Zijlema, 2009). These effects normally balance each
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other in deep water. However, when the sea bed rises towards the coast, this balance
breaks leading to instability and finally the breaking of waves. After breaking, tur-
bulence dominates the flow and prevents further steepening, allowing broken waves to
move shoreward as bores that gradually flatten and extend before running up the beach
(Stelling and Zijlema, 2009).
The region from where waves break to the shoreline is the surf zone and from the shore-
line to where they reach their maximum inland extent is the swash zone. The two zones
are characterised by highly complex wave and current patterns. Here, wave setup (the
elevation of mean water level), wave run-up (the maximum vertical extent of wave up-
rush), and nearshore currents control how sediment moves and how pollutants disperse
(Tao, 2020). These processes become particularly important during coastal flooding,
when the total water level results from the combined effect of mean sea level, tides, and
storm-driven surge with wave effects (Wolf, 2009).

2.6.2 Sea level rise effects on wave-coast interactions
The natural wave transformation processes are fundamentally altered when sea level
changes the baseline conditions. That is, sea level rise alters how waves interact with
the coast by shifting the point at which waves begin to shoal and break further landward
(Arns et al., 2017). Therefore, waves that previously dissipated much of their energy
in deep water will increasingly reach the shore, producing higher run-up heights (Chini
et al., 2010).
While sea level rise has minimal influence on offshore wave climate, its effects become
pronounced at the shore (Chini et al., 2010). The elevated water level allows longer
period and higher amplitude waves to propagate closer to the shoreline before losing
energy (Arns et al., 2017). This amplification of wave impacts represents a critical but
underestimated component of future coastal flooding risk.

2.6.3 Is Ireland vulnerable to sea level rise?
Relative sea level (RSL), the sea level relative to the land at a given location, is de-
termined not only by changes in ocean water volume but also by vertical land motion
including land uplift and coastal subsidence (Fox-Kemper, 2021). Global mean sea level
rise is primarily caused by the thermal expansion of seawater and the melting of glaciers
and ice sheets (Fox-Kemper, 2021). These processes, combined with regional land move-
ments, determine the actual sea level changes experienced along the Irish coast. Glacial
Isostatic Adjustment (GIA), the ongoing response of the Earth’s surface to the retreat
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of ice sheets since the Last Glacial Maximum (Whitehouse, 2018), drives vertical land
motion across Ireland. This results in spatially variable land movement, with uplift in
some regions and subsidence in others. In the north and northeast of Ireland, post-glacial
rebound leads to slow land uplift, partially offsetting ocean-driven sea level rise and re-
sulting in lower rates of relative sea level increase (Bradley et al., 2023). In contrast,
much of southern and western Ireland experiences land subsidence. This is driven by
two main mechanisms: forebulge collapse associated with GIA, and localised subsidence
due to compaction of soft estuarine and coastal sediments (Bradley et al., 2023). Areas
such as Cork, Tarbert, and Galway are particularly affected, where subsidence adds to
ocean-driven sea level rise and increases local coastal exposure beyond what global mean
projections alone would suggest (Bradley et al., 2023). These regional land motion ef-
fects are critical when interpreting tide gauge records and projecting future sea levels, as
neglecting them can lead to misinterpretation of long-term trends (Bradley et al., 2023).
Tide gauge data show rising sea levels at rates consistent with global trends, but with lo-
cal variations. Dublin has accelerated from about 7 mm/year in the mid 20th century to
over 3 mm/year since the 1990s (Shoari Nejad et al., 2022), while Cork has experienced
rates of around 2.2 mm/year in recent decades (Pugh et al., 2021). Projections suggest
global sea level could rise by 0.3-0.6 m by 2100 under moderate emission scenarios and
up to 1 m or more under high emissions (Slangen et al., 2014).
Even modest increases in sea level could transform coastal flooding risk in Ireland. An
additional 0.5 m of sea level rise could permanently inundate around 200 km2 of land,
particularly in Wexford, Kerry, and Cork, while combined events of sea level rise and
storm surge could flood around 600 km2 (Noone et al., 2024). Ireland’s exposure to
energetic Atlantic swells further amplifies this risk (Gallagher et al., 2016b), as elevated
water levels allow larger waves to reach further inland and enhance wave run-up during
storms (Melet et al., 2018; Arns et al., 2017).
Storm surges and extreme waves pose an increasing threat to Ireland as sea level con-
tinues to rise (Noone et al., 2024; McGrath et al., 2008). This is a major threat to
coastal cities such as Cork, Dublin, Galway, and Limerick and can cause damage to
infrastructure including ports and energy facilities. Ireland’s soft sediment shorelines
are particularly at risk due to their vulnerability to erosion and inundation under rising
seas (Noone et al., 2024).
The evidence reviewed above, from energetic Atlantic swell exposure, to rising relative
sea levels driven by both ocean warming and land subsidence, collectively establishes
that Ireland represents a particularly vulnerable and scientifically compelling case study.
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Addressing these risks, however, requires a modelling framework capable of connecting
large-scale atmospheric forcing to local-scale coastal response. The following section
outlines the rationale for the design choices made in this thesis to achieve this aim.

2.7 Rationale for the study design
Despite this extensive body of work, several gaps remain. Swell contributions are still
under represented in regional projections (detailed in Section 3.1 of Chapter 3). Down-
scaling of climate model winds requires computationally demanding regional weather
models or simplified statistical approaches. Most critically, no existing study has explic-
itly integrated large-scale wave climate, nearshore transformation, and coastal run-up
under rising sea levels for Ireland.
This thesis addresses these gaps by applying surrogate wind driven nested WAM-SWAN
framework tailored to the NEA and the Irish shelf to capture both offshore swell and
locally generated seas that shape Irish wave climate. In addition, a one-dimensional
non-linear shallow water model is developed to study wave run-up under varying sea
level conditions. Together, these modelling components establish a direct link between
large-scale atmospheric forcing and local coastal impacts, providing a framework to as-
sess present and future wave climate and its implications for Ireland’s coasts.
The modelling framework employed in this thesis involves a series of choices regarding
observational data, climate model forcing, climate drivers, emission scenarios, simulation
length, and ensemble strategy. These choices are grounded in the existing literature and
in the specific requirements of studying the wave climate of the NEA and the Irish coast.
This section reviews the evidence supporting each choices.

2.7.1 ERA5 wave data for swell propagation analysis
ERA5 wave parameters are produced by the ECMWF WAM wave model, which is fully
coupled to the atmospheric model within the ERA5 system and benefits from the as-
similation of satellite altimeter significant wave height observations (Soci et al., 2024;
Hersbach et al., 2020). This makes ERA5 wave output more physically consistent than
wave parameters derived from uncoupled reanalysis-forced wave models, because the sea
surface roughness fed back from the wave model influences the atmospheric boundary
layer, improving the representation of both wind and wave fields simultaneously. The
ERA5 wave dataset has been widely used for swell climatology and source region studies
in the North Atlantic (Semedo et al., 2011; Gulev and Grigorieva, 2006) and its swell pe-
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riod parameters have been shown to capture the propagation characteristics of Atlantic
swell with sufficient fidelity for cross-correlation based travel time analysis (Ardhuin
et al., 2009).
Swell period was chosen as the cross-correlation variable in preference to swell height be-
cause it is less affected by dissipation and wind-sea contamination along the propagation
path, providing a more reliable tracer of swell origin (Ardhuin et al., 2009; Barber and
Ursell, 1948). The results of the swell propagation analysis directly inform the choice of
the North Atlantic as the outer wave model domain in Chapter 4.

2.7.2 ERA5 Reanalysis as reference for MPI-ESM
The ERA5 global atmospheric reanalysis (Hersbach et al., 2020), produced by the Eu-
ropean Centre for Medium-Range Weather Forecasts (ECMWF) at approximately 31
km horizontal resolution, was used as the reference for surrogates for MPI-ESM climate
model winds. ERA5 was selected because it has been extensively evaluated for sur-
face wind fields over the North Atlantic and the NEA. It demonstrated substantially
improved performance relative to its predecessor ERA-Interim, particularly in captur-
ing mid-latitude storm track winds that are the principal generators of Atlantic swell
reaching Ireland (Bricheno et al., 2023; Hersbach et al., 2020). Studies evaluating ERA5
against Irish Marine Institute buoy observations have confirmed good agreement for both
mean and extreme significant wave height in the NEA (Nic Guidhir et al., 2022; Gal-
lagher et al., 2014). ERA5-forced wave model hindcasts have also been shown to perform
more consistently than other reanalysis products for North Atlantic wave height trends,
particularly in the extratropical storm track region (Sharmar et al., 2021; Markina et al.,
2018). ERA5 wind fields serve as the reference dataset for generating high-resolution
surrogate wind fields for both the present-day and future climate simulations.

2.7.3 MPI-ESM as the climate model driver
The MPI-ESM was selected as the source of climate model wind fields for driving the
future wave climate simulations. MPI-ESM is a comprehensive coupled Earth System
Model contributing to CMIP6 (Mauritsen et al., 2019). The choice was motivated by
its reliable performance in simulating North Atlantic atmospheric circulation including
the NAO variability and storm tracks (Olonscheck et al., 2023), its ability to capture
the NAO-driven wave variability when used to force WAM (Dobrynin et al., 2019), and
the fact that its projected changes in the North Atlantic circulation under RCP8.5 are
broadly consistent with the CMIP6 ensemble mean (Casas-Prat et al., 2024). MPI-ESM

27



2.7. Rationale for the study design

has also been included as one of eight CMIP6 models in the global wave climate ensemble
of (Meucci et al., 2024), confirming its suitability for wave climate projection studies.

2.7.4 Selection of climate drivers
The wave climate simulations in this thesis are driven by three climate variables: surface
wind fields, sea ice concentration, and sea level. This selection reflects both the physical
processes governing wave generation and propagation in the North Atlantic and the
practical constraints of the modelling framework. The decision to include these three
drivers and exclude others, specifically ocean currents, sea surface temperature (SST),
and ocean salinity, is justified below.
Wind fields are the primary driver of wave generation in the open ocean. As established
in Section 2.1, the transfer of energy from wind to waves through the atmospheric input
source term (Sin) is the fundamental mechanism controlling significant wave height, peak
period, and directional distribution across the North Atlantic. Changes in wind speed,
direction, and storm track position under future climate scenarios therefore constitute
the most direct pathway through which climate change affects the wave climate around
Ireland ??. Wind forcing is accordingly the most important climate variable for wave
projections..
Sea ice concentration is included because changes in Arctic and sub-Arctic sea ice extent
directly affect the fetch available for wave growth in the northern North Atlantic and
the wave boundary conditions entering the model domain from the north (Christakos
et al., 2024). As sea ice retreats under climate change, the open water area available
for wave generation expands, leading to increases in swell energy propagating southward
into the North Atlantic basin (Chen et al., 2021). For a study covering the full North
Atlantic domain, neglecting sea ice changes would result in an underestimate of future
swell energy at the northern boundary and an incomplete representation of how the wave
climate of the NEA is affected by Arctic changes. Sea ice concentration from MPI-ESM
is therefore included as a boundary condition in the North Atlantic domain.
Sea level is included specifically for the coastal wave run-up simulations in Chapter 5,
where projected sea level rise under RCP8.5 is applied as an elevated baseline water
level in the SWARM-1D model. As discussed in Section ??, sea level rise shifts the point
of depth-induced wave breaking landward, allowing larger waves to reach the shoreline
and increasing wave run-up heights. Without incorporating sea level change, the coastal
impact assessment would be limited to changes in offshore wave conditions alone and
would miss the amplification of run-up caused by the changing baseline water depth.
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This is one of the most significant but often underestimated components of future coastal
flooding risk in Ireland (Melet et al., 2018; Aarnes et al., 2017).
Ocean currents, SST, and salinity were not included as explicit climate drivers in the
wave modelling framework. Ocean currents influence wave heights through wave-current
interactions (Kumar and Hayatdavoodi, 2023), but Calvino et al. (2022) demonstrated
specifically for Irish waters that including currents improves overall significant wave
height accuracy by only 1%. They also identified that current effects become significant
at spatial scales below 50 km and dominate wave energy variability only at scales below
50 m. Since the region surrounding Ireland features weaker currents compared to regions
such as the Gulf Stream or the Agulhas Current (Calvino et al., 2022), the exclusion of
current fields is justified.

2.7.5 Choice of Emission Scenario: RCP8.5 / SSP5-8.5
RCP8.5 was selected because the projected changes in wave heights around Ireland
are substantially larger under RCP8.5 than under lower emission scenarios, making the
climate change signal more clearly detectable above natural variability . Gallagher et al.
(2016a) directly compared RCP4.5 and RCP8.5 for Irish waters using the EC-Earth
climate model and WAVEWATCH III. Their study projected decreases in annual mean
significant wave height of up to 3.5% under RCP8.5 compared to only 2% under RCP4.5,
with no statistically significant decrease found for RCP4.5 off the west coast of Ireland in
spring and autumn. Similarly, Lemos et al. (2021) compared projected changes in North
Atlantic wave heights under RCP4.5 and RCP8.5 using ten different climate models.
They found that under RCP8.5, the projected decreases in wave height are larger and
more consistent across models, while under RCP4.5 the changes are smaller and harder
to distinguish from the natural year-to-year variability of the climate system. This is
particularly important for the present study, which uses only a single climate model
member over a 20-year period. Under these conditions, using a weaker scenario such as
RCP4.5 would risk producing projected changes too small to be confidently attributed
to climate change rather than natural variability. RCP8.5 therefore provides a clearer
and more detectable climate change signal given the constraints of the study design. In
addition, RCP8.5 produces the largest projected sea level rise by 2100, which is directly
relevant to the wave run-up simulations in Chapter 5.1, where sea level rise is the primary
factor amplifying coastal flooding risk (Allan et al., 2023; Fox-Kemper, 2021).
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2.7.6 Choice of simulation length and period
The 20-year duration was selected for both present and future simulations, to ensure
wave climate statistics represent the climatological regime rather than being dominated
by individual anomalous years. The primary driver of interannual wave climate vari-
ability in the NEA is the NAO, which operates on timescales of years to decades with
clustering of positive and negative phases that can persist for several years (Dobrynin
et al., 2019). A period of fewer than 15–20 years risks producing wave statistics biased
by a single NAO phase. A 20-year window is sufficient to sample multiple NAO phase
transitions (Viñes et al., 2026) and is the standard in comparable NEA wave climate
studies (Gallagher et al., 2016a; Aarnes et al., 2017). The 20-year window also partially
captures variability associated with the East Atlantic pattern, which modulates NEA
wave heights on decadal timescales (Morales-Márquez et al., 2020). From a computa-
tional perspective, 20 years represents the longest practically feasible period given the
demands of the nested WAM-SWAN system with surrogate wind generation.
The present-day simulation (2004–2023) aligns with the expansion of the Irish Marine
Institute buoy network, providing the best available observational record for validation
(Marine Institute, 2022). The future period (2081–2100) follows the standard CMIP6
convention for end-of-century projections, maximising the detectable climate change sig-
nal under RCP8.5 (Morim et al., 2019). Both windows span 20 years, which is sufficient
to sample multiple NAO phase transitions and avoid statistics biased by a single NAO
phase – the primary mode of interannual wave climate variability in the NEA, with
correlations between the NAO and seasonal Hs reaching 0.92 in the region west of Ire-
land (Dobrynin et al., 2019). This 20-year standard is consistent with comparable NEA
wave climate studies (Lemos et al., 2020, 2019; Gallagher et al., 2016a), and represents
the longest computationally feasible period given the nested WAM-SWAN system with
surrogate wind generation.

2.7.7 Model Uncertainty in Wave Climate Projections
Wave climate projections are subject to multiple sources of uncertainty that must be
considered when interpreting future changes. The primary sources include: (1) climate
model uncertainty, arising from differences in the physical parameterisations and numeri-
cal schemes used by different models (Morim et al., 2019); (2) internal climate variability,
which represents the natural random fluctuations in the climate system that cannot be
predicted beyond seasonal timescales (Hemer et al., 2013); (3) emissions scenario uncer-
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tainty, reflecting the range of possible future greenhouse gas concentrations depending
on societal choices (Meucci et al., 2024); and (4) wave model uncertainty, introduced by
differences in model physics, spatial resolution and spectral discretisation (Alonso and
Solari, 2021).
Climate model uncertainty arises from differences in the physical parameterisations, nu-
merical schemes and spatial resolutions used by different global climate models. Different
models can produce different atmospheric circulation patterns and wind fields under the
same emission scenario, leading to different projected wave climates (Morim et al., 2019;
Hemer et al., 2013).
Emissions scenario uncertainty reflects the range of possible future greenhouse gas con-
centrations depending on societal and political choices (Patra et al., 2024). Studies
have shown that under lower emission scenarios such as RCP4.5 or SSP2-4.5, signals of
wave climate change are unlikely to exceed the magnitude of natural climate variability,
whereas under high emissions scenarios such as RCP8.5 or SSP5-8.5, robust changes in
wave height, period and direction are projected across large parts of the global ocean
(Patra et al., 2024; Meucci et al., 2020; Morim et al., 2019). The choice of emissions
scenario therefore significantly influences the magnitude and spatial extent of projected
wave climate changes, and projections based on a single scenario should be interpreted
accordingly.
Wave model uncertainty is introduced by differences in the numerical wave models used
for downscaling, including their physical parameterisations of wave generation, dissipa-
tion and nonlinear interactions, as well as their spectral and spatial resolutions. Alonso
and Solari (2021) found that methodology-related uncertainty, including the choice of
wave model and downscaling approach, dominates other sources of uncertainty in cur-
rent global wave climate projections. The use of different wave models, such as WAM,
WWW3 or SWAN, can produce different results even when forced with the same climate
model output, highlighting the importance of carefully evaluating wave model perfor-
mance through validation studies.
Internal climate variability represents the natural random fluctuations in the climate
system, such as those associated with the NAO and ENSO, that are not driven by
external forcing. A single ensemble member cannot capture this full range of natural
variability, and projections from different ensemble members of the same model can differ
substantially over regional scales (Morim et al., 2019).
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2.8 Summary
This chapter reviewed the fundamental processes of wind-wave generation, the distinc-
tion between wind-sea and swell, and the statistical parameters used to describe sea
states. These concepts form the foundation of wave climate studies and underpin the
numerical modelling approaches applied in this thesis. The review also highlights that
modern wave modelling relies on spectral representations to capture wave energy across
frequencies and directions. This framework enables third-generation models such as
WAM and SWAN to simulate the growth, propagation, and transformation of waves.
WAM is well suited for large-scale ocean simulations, while SWAN is designed for coastal
areas, and nesting the two allows offshore wave conditions to be transferred to nearshore
regions.
The literature also shows that the NA, especially the NEA has one of the most energetic
wave climates in the world. This region experiences strong seasonal and interannual vari-
ability linked to large-scale atmospheric patterns. Future projections indicate decreases
in mean wave height in this region, but with considerable uncertainty about extreme
waves.
The chapter further reviewed on how waves transform as they approach the coast, and
how rising sea levels can amplify coastal impacts. For Ireland, where sea level is rising,
even a small increase poses high risk of flooding and erosion, especially when combined
with storm surges and powerful Atlantic swells.
Together, the literature reviewed in this chapter establishes that understanding the wave
climate of the NEA and its coastal impacts requires a multi-scale approach - one that
connects large-scale atmospheric forcing to regional wave conditions and ultimately to
local coastal responses. The gaps identified in this review, particularly the underrep-
resentation of swell in regional projections, the absence of an integrated wave-to-runup
framework for Ireland, and the limited treatment of sea level rise in wave impact stud-
ies, motivate the modelling framework developed in this thesis. The choices reviewed in
Section 2.7, including the use of ERA5, MPI-ESM, the climate variables for modelling
and ahigh emissions scenario are each grounded in the evidence presented above and are
designed to address these gaps within the practical constraints of the study.
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CHAPTER 3
Swell Propagation Analysis in the

North Atlantic

This chapter investigates the influence of remotely generated swells on the NEA region
around Ireland from different regions of the NA. Using 20 years of swell period data,
the analysis identifies key regions that consistently influence Irish waters and estimates
the typical time lags associated with swell arrival. Statistical methods, including nor-
malised cross-correlation and bootstrapping, are employed to ensure the robustness of
the observed patterns. The results highlight the dominant role of certain regions while
also revealing the variability linked to large-scale atmospheric conditions such as the
NAO. By combining spatial and temporal insights, this chapter provides a clearer un-
derstanding of the remote swell influence on the west of Ireland. These findings lay the
groundwork for the following chapter, which uses this information to inform the spatial
domain selection for the wave model configuration.

3.1 Introduction
Ocean surface waves are the surface signature of atmospheric forcing over the ocean.
Among these waves, swells are long-period waves that are generated by distant storms
(Markina et al., 2018; Semedo et al., 2015; B. Kinsman, 1965). Once formed, they prop-
agate thousands of kilometres with little loss of energy and travel across the entire ocean
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basin (Wu et al., 2024b; Alves, 2006; Snodgrass et al., 1966). Unlike wind-sea, which
is generated by local winds, swells shaped by remote wind systems reflect large-scale
atmospheric activity (Gulev and Grigorieva, 2006). Swell generation begins when wind
waves reach a stage where the phase speed of the peak wave exceeds local wind speed,
allowing the waves to radiate outward from the storm centre as swell (Holthuijsen, 2007).
Consequently, swell fields are less correlated with local winds, in contrast to wind-seas
which show strong wind-wave dependence (Collard et al., 2009; Pierson and Moskowitz,
1964). Because of their ability to travel from their origin, swells are particularly impor-
tant for understanding how ocean wave climate responds to regional and global changes
in wind patterns.
Continental landmasses significantly influence global swell propagation (Li, 2016; Alves,
2006; Ardhuin et al., 2002). Swells generated in the Southern Oceans can spread energy
across the entire global ocean, affecting wave climate in both hemispheres (Li, 2016;
Young, 1999a). Even in the presence of vast land barriers blocking the path, swells from
the Northern Hemisphere still reach remote locations (Alves, 2006). This shows how
effectively these swell waves travel across ocean basins. The dominance of swell over
wind-sea has been observed globally, with swell comprising more than 80% of wave en-
ergy in most oceanic regions (Zhang et al., 2023; Semedo et al., 2011; Chen et al., 2002).
The NA exhibits significant long-term changes in wave climate with seasonally pro-
nounced swell dominance. For example, a 45-year (1958–2002 ) wind-wave climatology
analysis by Gulev and Grigorieva (2006) revealed the varying trends for wind-sea and
swells in the NA during winter. Their study found that the over all increase in signif-
icant wave height in the central subpolar NA is primarily driven by the growing swell
rather than the wind-sea. Supporting this, Gentil et al. (2012) analysed both satellite
observations and wave model outputs from 2002 to 2008 and found that swell energy
overwhelmingly dominated the wave regimes across mid-latitudes and the tropical NA.
Additionally, Markina et al. (2018) used WW3 model outputs to examine the spatial
distribution of wind-sea and swell influence in the NA. Their study showed that the 99th

percentile swell height reached up to 5.3 m, particularly in the central mid-latitudes and
the North Sea, regions which are strongly affected by remotely generated long-period
swell waves. Further supporting the importance of this region, a study by Amores and
Marcos (2020) using WW3 modelling revealed that the Southern Ocean is the dominant
global swell source. Their study also identified the NA as a direct and significant source
of swell events affecting Ireland, with this region historically producing up to 28 major
swell events per year. Although swells from the South Atlantic can reach the NA, their
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influence near Ireland is relatively minor and short-lived, typically limited to less than
30 days annually (Alves, 2006). Therefore, the NA is the most relevant domain for in-
vestigating swell propagation and variability affecting wind-waves in the west of Ireland,
and is the focus of this study.
Off the west coast of Ireland, these swells arrive after travelling thousands of kilometres,
largely uninhibited due to long fetch and lack of land barriers (Shanahan and Fitzgerald,
2025; Nic Guidhir et al., 2022; Gaughan and Fitzgerald, 2020; Gallagher et al., 2014).
This region experiences long-period waves (~8-8.5 seconds) confirming the presence of
distant swells, in contrast to the Irish sea where wave periods are shorter (~4 seconds;
Horrillo-Caraballo et al., 2021; Scott et al., 2021). Observational studies reveal a strong
wind-wave correlation on the east coast (> 0.7), but much weaker correlations in the
northwest and southwest, where Atlantic swells dominate (Gaughan and Fitzgerald,
2020; Fusco et al., 2010).
Although these studies clearly establish the presence and importance of swells around
Ireland, especially on the Atlantic-facing coast, there is limited knowledge about spe-
cific propagation paths, travel durations and how these vary seasonally or interannually.
Most previous research focuses on wind-wave correlations or examines general wave pat-
terns, without explicitly tracing swell waves from distant regions to the Irish coast. This
lack of targeted analysis represents a key research gap. To address this, the current
chapter investigates how long it takes swells from different regions of the NA to reach
the west of Ireland. The current study uses a cross-correlation approach similar to that
used by Zheng et al. (2022, 2018) to study the influence of swell source regions on target
areas in the Indian and Pacific Oceans. A 20-year time series of swell period data from
various source regions is analysed, and the time lag that gives the highest correlation
with swell data off the Irish west coast is identified. The same method is also applied
on a seasonal basis to examine whether the influence of different swell source regions
changes throughout the year. This analysis offers new insights into the spatio-temporal
variability of swell propagation towards Ireland and improves our understanding of the
dynamic nature of its wave climate.

3.2 Regional Definition
To explore the influence of swell from different parts of the NA, on waves off the west
coast of Ireland, the NA domain was divided into multiple rectangular source regions
(named A, B, C, D, E, F, and G) and a single target region, T. This division was
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based on the work of Alves (2006), who identified regions of the global ocean with high
storm activity or strong potential for swell generation. For the current study, five source
regions were selected within the extratropical North Atlantic (ETNA), along with two
additional regions located in the tropical North Atlantic (TNA). The spatial extents of
each box are detailed in Table 3.1.

Box name Region Latitude Longitude
North (°) South(°) East(°) West(°)

A ETNA 50 35 -70 -50
B ETNA 50 35 -50 -30
C ETNA 49 35 -25 -10
D ETNA 65 55 -63 -50
E ETNA 68 58 -40 -23
F TNA 25 10 -80 -60
G TNA 30 10 -40 -18

Table 3.1: Coordinates of Source boxes in ETNA and TNA regions

Figure 3.1: Source (A–G) and target (T) regions used in the swell analysis over the
North Atlantic. The outlined boxes represent the source regions, while the filled blue box
indicates the target region off the west coast of Ireland. The background shading shows
the 20-year (2004 to 2023) mean wind speed, and arrows indicate the corresponding
mean wind direction, based on ERA5 wind data
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3.3 Hypothesis and Assumptions
The following section presents the main hypothesis of this study and the key assumptions
underlying the use of lagged correlation to track swell propagation across the NA basin.
Hypothesis: If swell generated at point A travels to point T, then wave properties at A
and T will be highly correlated, but with a time lag equal to the travel time.
Assumptions:

1. Swell generation zones are geographically consistent over time (Alves, 2006).

2. Swell can propagate over long distances with minimal energy loss (Ardhuin et al.,
2009; Alves, 2006).

3. Time lag at which maximum correlation occurs between source and target regions
reflects the swell travel time (Zheng et al., 2018, 2022).

3.4 Data and Methods
3.4.1 ERA5 Dataset
The mean period of total swell (mpts) was used in this analysis in preference to swell
wave height, due to its more stable behaviour over long distance propagation (Ardhuin
et al., 2009; Donn, 1949). The mpts values were extracted from the ERA5 wave re-
analysis dataset, which is generated using four-dimensional variational data assimilation
(4D-Var) within the ECMWF Integrated Forecasting System (IFS), Cycle 41r2 (Hers-
bach et al., 2020). The wave model (WAM) employed in ERA5 operates at a horizontal
resolution of approximately 0.36°, while the reanalysis dataset provides forecast out-
put at hourly intervals interpolated into a spatial resolution of 0.5°(Bruno et al., 2020).
WAM computes 2D wave spectrum, F(f,θ) as a function of frequency f and propagation
direction θ, at each grid point. Then the wave components in the spectrum are differen-
tiated as wind-sea and swell. WAM considers wave components which are subjected to
wind forcing as wind-sea while the remaining part of the spectrum is considered as swell
(Janssen and Bidlot, 2003). For the current study, 3-hourly data spanning a 20-year
period (2004–2023) were analysed over the NA region, bounded by 72°N to 2°S latitude
and 84°W to 6°E longitude.
A 3-hour lag step was chosen based on the group velocity of typical Atlantic swell. For
swell periods of 12-15 s, deep-water group velocity theory gives approximately 9-12 m/s
(Holthuijsen, 2007), meaning swell travels roughly 100–130 km in 3 hours. Since each
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source region spans several hundred kilometres, a 3-hour step provides multiple detection
windows as the swell crosses any region. This ensures that the peak lag-time signal is
not missed. Additionally, 3-hourly sampling reduces the dataset to one-third the size of
hourly data, making the cross-correlation computationally practical.

3.4.2 Methodology
This section outlines the methodology used to investigate the influence of remotely gen-
erated NA swell on wave climate along the Irish coast. For this study, I am using
normalised cross-correlation (NCC) as the primary analysis method to identify the tim-
ing and spatial patterns of swell propagation. A similar study to estimate the swell
travel time in the Indian and Pacific ocean was done by Zheng et al. (2022, 2018). A
comparable method is adopted here with two key distinctions: instead of swell wave
height, the analysis is based on swell period, which is more stable over long distances
and thus a reliable indicator of swell propagation, and NCC is used instead of ordinary
cross correlation to eliminate the biases due to differences in magnitude across regions.
To quantify uncertainties in the correlation estimates, bootstrapped samples were gen-
erated. Cross-correlation is computed for each resampled pair to obtain a distribution
of correlation values for non-parametric error estimation.
A combination of lagged NCC and non-parametric block bootstrapping is used in this
chapter. The NCC approach estimates the time delay (lag) and strength of similarity
between source and target swell signals. The bootstrapping estimates the uncertainty
range that is used to evaluate the statistical significance of observed correlations. Thus
the method adopted helps to determine whether swell signals originating from different
regions of the NA exhibit lagged correlation with swells observed near the Irish coast
and to assess the statistical significance of the identified lag-times.

3.4.2.1 Lagged Normalised Cross Correlation

NCC is a statistical measure of similarity that quantifies the temporal correspondence
between two signals while eliminating dependency on signal amplitude (Lewis, 2001),
computed using Eq 3.1.

Corr(k) = 1
N

N−k∑
t=1

(x(t) − µx) (z(t + k) − µy)
σxσy

(3.1)

where x(t) and z(t) are the two time series, µ and σ represent their means and standard
deviations, respectively, and N is the number of overlapping data points at lag k.
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NCC ensures that correlation strength reflects actual temporal relationships rather than
differences in absolute period values between locations. As done in time lagged cross
correlations (Wu et al., 2024a), lagged NCC involves computing the correlation between
normalised time series, then progressively shifting one series by a fixed time step and
recalculating the correlation. This process continues up to a defined maximum lag of 8
days. The time lag that produces the highest correlation is the estimated delay between
variations in the two time series.
Spatial averaging of ERA5 swell period data over each predefined region was performed
prior to the cross-correlation analysis. This approach reduces the influence of local sub-
regional variability and noise, yielding a single representative time series per region. A
similar spatial averaging strategy was used by Zheng et al. (2022, 2018). Following spa-
tial averaging, regional time series were normalised by subtracting the regional mean and
dividing by the regional standard deviation (z-score normalisation) using Eq 3.1. This
removes differences in absolute swell period magnitude across regions and ensures that
the NCC reflects temporal variability rather than amplitude differences. Normalised val-
ues may occasionally be negative (as in Figure 3.2), which simply indicates swell periods
below the regional mean. Negative normalised values do not imply physically negative
wave periods.
The process is illustrated in Figure 3.2, which shows an example application of NCC
using time series of normalised swell period. In Figure 3.2(a), the original normalised
time series (January 2023) from a source region (Region E) and a target location (T)
are shown. At zero lag, the signals appear unaligned, with a negative correlation of 0.55.
In Figure 3.2(b), the source signal shifted by a lag of 132 hours (∼ 5.5 days) resulted in
good alignment with the target signal with a correlation value of 0.92. This is further
shown with lagged cross correlation curves in Figure 3.2(c), where the red dotted line
represents the lag at which maximum correlation was obtained. This lag is interpreted
as the estimated swell travel time from Region E to T.
This example demonstrates the fundamental approach used in this study, which is ap-
plied to 20-years of swell period data. The technique is repeated for multiple predefined
source regions and one target region, with the goal of estimating swell travel times and
understanding seasonal variability in swell propagation.
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Figure 3.2: Illustration of NCC applied to detect swell propagation lag. a. Normalised
original swell period time series at zero lag; b. alignment after applying optimal lag of
132 hours; c. Lagged corss-correlation curve (green) with the red dotted line representing
the lag at which maximum correlation occurs.

3.4.2.2 Block bootstrapping

The block bootstrap (Hall et al., 1995; Künsch, 1989) method is used to assess the un-
certainty in the correlation strength at the lag derived from NCC. Bootstrapping is a
statistical resampling technique used to estimate the variability or distribution of a given
statistic such as mean, correlation, or standard deviation (Efron, 1992). Rather than re-
sampling individual data, block bootstrapping involves resampling blocks of consecutive
data, making it well suited for autocorrelated time series, like swell period.
Swells exhibit strong temporal coherence over distances up to 10,000 km and durations
approaching 10 days (Delpey et al., 2010). This persistence is also evident in the au-
tocorrelation structure of the data. For each region, an e-folding decorrelation time
was computed. This was done by computing the autocorrelation function of the time
series and identifying the first time lag at which the autocorrelation dropped below 1/e
( ∼0.37; Bellomo et al., 2014). This threshold is commonly used in oceanographic and
climate studies as a measure of the dominant timescale over which the signal retains
memory before losing coherence (Piles et al., 2021; Eastman et al., 2016; Bellomo et al.,
2014; Ruiz-Barradas et al., 2013; Ardhuin et al., 2009; Gerber et al., 2008). Across all
source and target regions, the estimated e-folding timescale ranged between 2.4 and 40.8
days with a median value of around 15 days.
To balance the statistical robustness and the physical relevance, a 10 day block length
was chosen for bootstrap resampling. This choice remains within the observed range
and is supported by studies indicating swell coherence over similar timescales.
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3.4.2.3 Correlation Analysis and Significance Evaluation

The methods outlined above were applied in three stages to investigate seasonal and in-
terannual patterns of remotely generated swells reaching the Irish coast. First, a 20-year
seasonal climatology was established by computing lagged NCC between swell period
time series from different source regions (A-G) across the NA and the fixed target re-
gion, T, near Ireland. These time series were derived by spatially averaging the swell
data over each predefined region. The lag corresponding to the highest correlation was
estimated as the swell travel time from each source. Heat maps were created to visualise
the evolution of correlation values over different lags for each source-target pair.
To quantify the uncertainty range around observed correlations, a non-parametric block
bootstrap approach was used, to generate a distribution of correlation coefficients. At
every lag, 5000 unique bootstrap pairs of source and target time series were created by
randomly resampling 10-day block with replacement. This approach helps to capture a
wide range of possible variations and provides more reliable uncertainty estimates.
For each bootstrap pair, the correlation was computed at the specific lag, yielding 5000
correlation values per lag. This process generates a distribution of correlation coefficients
for each lag, representing the natural variability of correlation estimates due to sampling
uncertainty. From each lag’s bootstrap distribution, the 2.5th and 97.5th percentiles were
extracted to establish a 95% uncertainty range around the observed correlation at that
lag.
A lag was considered statistically significant if zero fell outside the 95% bootstrap un-
certainty range of the correlation at that lag. This determines whether the estimated
swell travel time represents a meaningful propagation delay rather than random tempo-
ral alignment.
In the second analysis, NCC and bootstrapping approach were repeated on individual
years to examine the interannual and seasonal variability in swell propagation. Lag maps
were generated for selected years, to determine which regions dominated and how long
swells took to reach the target. Finally, two contrasting years (2008 and 20203) were
selected to highlight the seasonal shifts (during winter and summer). This multistep
approach provides a robust and physically meaningful assessment of the influence of
different NA swell source regions on Irish wave climate.
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3.5 Swell Event Climatology at the Irish Coast
Understanding the swell climate at the Irish coast is an important step before investi-
gating where these swells come from. This section provides a basic description of how
often significant swell events arrive at the west coast of Ireland, and the wave periods
associated with these events. This provides context for the detailed cross-correlation
analysis presented in the sections that follow.

3.5.1 Frequency and magnitude of swell events off the
west coast of Ireland

Significant swell events at T were identified by scanning the full 20-year swell period
time series and selecting all periods during which the swell period rose above the 75th
percentile threshold of approximately 13 seconds. Each continuous exceedance lasting
at least 24 hours was counted as one event. A total of 738 significant swell events were
identified at T over the 20-year record, corresponding to a mean of approximately 33.5
events per year. Figure 3.3 presents the seasonal distribution of these events. Win-
ter (DJF) is by far the most active season, accounting for 268 events over the 20-year
period. Autumn (SON) is the second most active season with 236 events, followed by
spring (MAM) with 204 events. Summer (JJA) is markedly inactive, contributing only
30 events over the full 20-year record. This pronounced seasonal asymmetry is consis-
tent with the dominant influence of the North Atlantic storm track, which is most active
during the cold season and largely absent in summer, resulting in far fewer opportunities
for long-period swell generation and propagation towards Ireland.
Figure 3.4 presents the distribution of peak swell period for events in each season. Win-
ter events exhibit the greatest magnitude and variability, with a median peak period of
approximately 13 seconds and individual events reaching 17 to 18 seconds. These excep-
tionally long periods correspond to swells generated by particularly intense and distant
North Atlantic storms, and represent the conditions of greatest relevance for coastal
engineering design and hazard assessment along the Irish coast. Autumn events show
a similarly broad distribution, though with slightly lower median values, while spring
events are more tightly clustered around the median. Summer events are characterised
by the shortest and most uniform peak swell periods, with a median of approximately 12
seconds and limited variability, consistent with the weak and infrequent storm activity
during this season. This finding motivates the detailed seasonal analysis presented in
Case Study I (Section 3.6.2.1), which examines how swell source patterns vary across all

42



3.5. Swell Event Climatology at the Irish Coast

seasons within a single year, and the interannual comparison in Case Study II (Section
3.6.2.2), which focuses specifically on winter, the season of greatest swell activity, and
summer, least active season, to investigate how atmospheric conditions between 2008
and 2023 alter the regional swell influence on Ireland.

Figure 3.3: Seasonal distribution of significant swell events at the target region T, off
the west coast of Ireland, identified from the ERA5 swell period record over the 20-year
period 2004–2023.
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Figure 3.4: Seasonal distribution of swell periods at the target region T, off the west
coast of Ireland, identified from the ERA5 swell period record over the 20-year period
2004–2023.

However, these figures alone do not reveal where these swells are coming from, how
strongly each part of the North Atlantic influences conditions at Ireland, or how long
it takes swell from different regions to arrive. Understanding these aspects, the source
regions, the strength of their influence, the typical travel times, and how all of these vary
seasonally and across years, is essential for correctly configuring a wave model that can
capture the full swell forcing experienced at the Irish coast. This is the motivation for
the normalised cross-correlation analysis presented in Section 4.7, which systematically
examines the relationship between swell conditions across the North Atlantic and at T,
and statistically estimates the typical propagation delay from each source region to the
Irish coast.

3.6 Results
This section presents the outcome of the lagged correlation analysis between source and
target regions. The goal is to identify the regions influencing the swell climate near
Ireland and how this varies seasonally and interannually.
The results are organised to first establish a long-term seasonal climatology of swell
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propagation patterns, followed by selected year specific visualisation to highlight inter-
annual variability. Finally, two contrasting years (2008 and 2023) are examined in detail
to illustrate shifts in swell influence during winter and summer in those years.

3.6.1 Seasonal Swell Climatology
To understand the seasonal patterns of swell influence on the target region, the results
are presented using heat maps of lagged correlation and plots of maximum correlation
with 95% uncertainty range. These visualisations capture dominant swell propagation
pathways across different seasons over the period.

3.6.1.1 Trends from Heat map

Lagged correlation heat maps for each season over a 20-year period are shown in Figure
3.5. They capture the correlation strength across different lags between swell period
from each source to target region. In the heat maps, the y axis represents the time
lags (in hours), while the x axis indicates the source region compared with T for finding
lagged NCC. Red shades indicate positive correlations and blue shades represent neg-
ative correlations. For each region and season, a black box highlights the time lag at
which the maximum correlation occurred and a ‘⋆’ beside the correlation value indicates
significance.
From Figure 3.5, it is evident that most source regions show positive lagged correlation
with T across all seasons, indicating swell propagation towards the Irish coast. However,
in winter, Regions A and D exhibit weak or negative correlation, suggesting limited in-
fluence from these regions. Notably, Region C shows strong correlation (∼ 0.7 to 0.8)
across all seasons, particularly at short time lags (0-12 h). This likely reflects C’s close
proximity to T, resulting in faster and more direct swell transmission, while E shows
moderate correlation around 0.5 in all seasons, with peak often occurring at 0 lag. B
also shows similar behaviour except in winter.
A peak correlation at zero lag suggests that the swell signals in those regions and the
target occur at the same time. However, a zero lag-time requires careful interpreta-
tion and may reflect one of several mechanisms: (i) simultaneous swell generation in
both regions due to the same large weather system; (ii) geographic proximity enabling
faster-than-detectable propagation given the 3-hour temporal resolution; (iii) a statisti-
cal artefact of the NCC maximisation algorithm, in which the algorithm assigns zero lag
as the maximum because it cannot resolve the true short delay; or (iv) a consequence
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of interannual variability in true propagation delays. Accordingly, zero lag-times should
not be taken uncritically as evidence of simultaneous generation.
For Region B, which shares broadly similar mean wind climatology with T (Figure 3.1),
the zero lag most likely reflects mechanism (ii). B is relatively close to T and the true
propagation delay may simply be shorter than the 3-hour temporal resolution can re-
solve. However, mean wind similarity alone is not sufficient to explain simultaneous
swell generation, as swell is driven by instantaneous storm dynamics rather than mean
atmospheric conditions.
The mean wind map reveals that E experiences strong winds, consistent with its loca-
tion within the subpolar low-pressure zone which intensifies during positive NAO phases
(Hurrell, 2001; Huang et al., 2006; Walker, 1924). These conditions are favourable for
generating long-period swells that influence T (Semedo, 2005). However, E is located
more than 2000 km from T, meaning proximity cannot explain the zero lag. The zero
lag here is most likely mechanism (iii) — a statistical artefact of the long-term NCC
averaging. When NCC is computed over the full 20-year record, year-to-year variability
in the actual swell lag means no single non-zero lag consistently dominates, causing the
algorithm to converge on zero as the best aggregate fit. This is supported by the indi-
vidual year results, which frequently show non-zero lag-times for these regions and are
therefore considered a more physically meaningful estimate of true propagation delay;
accordingly, they are given greater emphasis in Section 3.6.2.
While the strongest signals are observed from C, E, and B in the heat map, it is im-
portant to note that G in the far southern NA shows a correlation of 0.33 at a lag of
48 hours during spring and autumn. This suggests that swells from the subtropical NA
region may occasionally influence T.
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(a)

Figure 3.5: Lagged cross-correlation heat maps between swell periods in source regions
(A–G) and the target region (T), based on 20-years of data. Panels show (a) winter,
(b) spring, (c) summer, and (d) autumn on separate pages. The x-axis represents each
source-to-target pair, and the y-axis indicates time lag. Red shading denotes positive
correlation and blue shading denotes negative correlation. The black box marks the lag
at which the maximum correlation occurs and ‘⋆’ indicates the significance of lag because
uncertainty range excluded zero. 47
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(b)
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(c)
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(d)
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3.6.1.2 Statistical Significance from Bootstrap sampling distribution

To determine whether the estimated swell travel time (identified as the lag producing
maximum correlation) is statistically reliable, the maximum correlation values were plot-
ted with their bootstrap derived uncertainty range, as shown in Figure 3.6. The dots
in each case in Figure 3.6, represent the maximum correlation at the identified lag, and
the vertical bars show the range (95%) of correlation value derived from sampling. The
grey line (provides the mean correlation across all seasons at each region) in the error
bar plot provide a clear overview of which regions consistently influence the target.
It can be clearly seen that C, B, and E have strong influence on T. Region C, in partic-
ular, display consistently high average correlation around 0.75, reinforcing its role as a
dominant and persistent swell source across seasons. This pattern is further supported
statistically by the 95% sampling distribution which does not include zero. This suggest
that the lags at which observed correlations occurred for these regions are unlikely to be
the result of random variation, providing robust evidence of physical swell propagation.
In contrast, A and D in winter and F in summer exhibit uncertainty ranges that include
0, indicating that these are not statistically significant based on the hypothesis testing
framework: whereby a lag is considered statistically insignificant if the 95% uncertainty
range includes zero. However, from a physical perspective, the behaviour of A and D can
be attributed to their strong dependence on the NAO. These regions lie in areas highly
affected by theNAO phase changes. This behaviour is discussed further in Section 3.7.2
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Figure 3.6: Maximum cross-correlation coefficients for seasonal swell propagation from
North Atlantic source regions (A-G) to Irish target region (T) over 20-year climatology
(2004–2023).Grey horizontal lines indicate average correlation values. Error bars repre-
sent 95% bootstrap uncertainty range (5th - 95th percentile) based on 5000 bootstrapped
samples. Seasons: blue - DJF (winter), green - MAM (spring), red - JJA (summer), yel-
low -SON (autumn). The x-axis represents each source-to-target pair, and the y-axis
indicates maximum correlations.

3.6.2 Case studies: Seasonal and Interannual Variability
in Swell travel time

To explore the variability in swell propagation towards Irish waters, two illustrative case
studies are presented. The first one examines seasonal patterns within a single year
(2023), while the second one compares selected seasons in two years (2008 and 2023)
to highlight interannual differences. A different visualisation approach is adopted here.
While the previous section analysed long-term swell propagation patterns using 20-year
seasonal lagged correlation heat maps, in this section I am presenting seasonal spatial
map of a single year that summarises swell arrival times to T from source regions.
The map in Figure 3.8 (b) displays labelled boxes over the predefined source and target
regions, with the values indicating time lag at which maximum correlation with T was
observed (in days: d or hours: hr) which is assumed as the statistical swell arrival time
from the source to T. The values are extracted from the heat map of seasonal lagged
correlation with significance (Figure 3.8 a) for Winter 2023. This figure is presented as
a demonstration of how lag information is spatially summarised.
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For example, in Figure 3.8 (b), Region E (blue box), labelled as EH, exhibited high
correlation at a lag of 15 hours, and the ‘⋆’ after the travel time indicate that the
estimated travel time is statistically significant. If ‘⋆’ is missing then the travel time is
not significant. Labels in other boxes include tags like VL: very low, L: low, H: High
and X: negative values indicating the strength of observed correlations.
The background shading shows the frequency of wind speed exceeding 10 m/s. This
wind metric helps to assess whether regions A-G are in active wind zones and tend to
act as effective swell sources. Together, the seasonal maps generated provide a clear
seasonal picture of swell transmission across the NA and highlight both temporal and
spatial influence on Irish waters.
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(a)
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(b)

Figure 3.8: Demonstration of seasonal swell influence interpretation using lagged cor-
relation and spatial mapping (Winter 2023 example). a. Heat map showing lagged
correlation between A-G and T for Winter 2023. The x-axis represents each source-to-
target pair, and the y-axis indicates time lag (in hours). Color intensity indicates the
correlation strength. The black box marks the lag at which the maximum correlation
occurs, indicating the swell travel time from source to target. The ‘⋆’ indicates the sig-
nificance of lag because uncertainty range excluded zero ie unlikely to arise from random
fluctuations. b. Corresponding spatial map summarising swell travel from each source
region. Numbers within the boxes indicate the time lags (converted to days or hours)
at which maximum correlation with T occurred, along with the labels for correlation
strength. The background shading represents the frequency of mean speeds exceeding
10m/s, included to interpret the potential of different source region to generate swells.
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3.6.2.1 Case Study I: Seasonal Swell Propagation in 2023

This section presents the spatial maps from a case study conducted for 2023 to under-
stand the seasonal variability in the influence of swells from different NA sources on T.
The lag represents the average delay in the propagation of the swell period signal from
each source region to T, estimated statistically across all events within that season. It
should not be interpreted as the physical travel time of any individual swell event.
In Figure 3.9 (a,b,c,d), C, E, and B consistently influence target T across all seasons.
Region C shows high correlation (∼ 0.7), indicating immediate swell arrival or the same
weather system in both regions due to close proximity. B exhibits low to moderate cor-
relations with swell reaching T within 1 to 1.5 days. Region E shows high correlations
(0.6-0.7) in all seasons except summer and swell from this region arrives at T within less
than a day.
A exhibits almost no correlation in all seasons except for spring, where it shows low
correlation with an estimated swell travel time of 7 days. D generally lacks significant
correlation, though a moderate signal is observed in spring. The correlation from F to T
is low in winter, spring and in summer. Swell propagating from F reaches T during the
correlated seasons after 2 to 6 days with no influence in autumn. It is noted that some
of these lag-times, particularly from Region F, appear shorter than physically expected
given the large separation from the Irish coast. This suggests they may reflect the statis-
tical propagation of the swell period signal averaged across all events within the season,
rather than the true travel time of any individual swell event. In contrast, G exhibits
low but detectable correlations, with swells reaching the Irish coast in approximately 4
days during autumn. During spring and summer, the travel times are around 6 days and
2 days, respectively. However, correlations in winter are very weak, indicating minimal
influence from G during that season.
Statistical significance assessment revealed that swell travel times from most regions were
statistically reliable across all seasons. However, exceptions included Regions B and D,
which lacked significance in winter and G, which showed no significance in summer.
This indicates that swell propagation from these sources during these specific seasons
cannot be reliably distinguished from random variability. It should be noted that the
significance of regions showing negative correlations are not discussed further, as they
do not represent meaningful swell propagation to T.
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Figure 3.9: Seasonal spatial maps of swell travel times to target T from NA source regions
(A-G) for 2023. Colored boxes show regional swell travel time (in days (d) or in hours
(hr)) at maximum lagged correlation. The correlation strength is indicates as H (High),
M (Moderate), L (Low) or VL (very Low). Background shading represents frequency of
wind speed exceeding 10 m/s. Panels show (a) winter, (b) spring, (c) summer and (d)
autumn. B,C, and E demonstrate consistent seasonal influence with short travel times,
while remote regions show variable seasonal activity.
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3.6.2.2 Case Study II: Interannual comparison between 2008 and
2023

This section presents spatial maps comparing winter and summer seasons of 2008 and
2023 to examine interannual variability in swell propagation from different North At-
lantic source regions to T.
The two years were deliberately selected to represent contrasting large-scale atmospheric
states. The year 2008 was characterised by a predominantly positive NAO phase, asso-
ciated with a strengthened Azores High and deepened Icelandic Low, which drives an
intensified and zonal jet stream tracking northeastward across the central North Atlantic.
In contrast, 2023 was a highly negative NAO year, associated with a weaker pressure
gradient that allows the jet stream to adopt a more meridional, southward-displaced
path, reducing sustained storm activity across the central North Atlantic.

From the spatial plots in Figure 3.10, Regions C, E, and B emerge as consistent con-
tributors across both years and seasons, reaffirming their importance in influencing the
Irish coast. However, notable differences exist between the two years in the behaviour of
individual regions. During Winter 2008, Region E shows high correlation with a lag-time
of 18 hours, while Region B shows low correlation with a lag-time of 1 day. Regions A,
D, F, and G all show negative correlations, indicating no meaningful swell propagation
toward T during this season. Region C shows high correlation at zero lag, consistent
with its behaviour across all analyses.
During Winter 2023, the pattern shifts considerably. Region D shows a low but statis-
tically significant lag-time of 2 days, a signal entirely absent in Winter 2008. Region
A shows a very low but detectable correlation with a lag-time of 2.8 days. Region F
shows a low correlation with a lag-time of 6.5 days. Region B exhibits a medium cor-
relation with a lag-time of 1.5 days, though this is not statistically significant. Region
E maintains high and statistically significant lag-time of 15 hours. These contrasting
patterns between the two winters suggest that the NAO phase plays an important role
in determining which source regions actively contribute to swell at T, a point explored
further in the Section 3.7.2.
During Summer 2008, Region E shows a moderate and a lag-time of 3 hours. Region
B shows a very low correlation with a lag-time of 1.3 days. Region A shows a very low
correlation with a lag-time of 3 days though this is not statistically significant. Region
F shows a very low detectable correlation with a lag-time of 3 days. Regions D and G
show negative correlations.
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Figure 3.10: Winter and Summer spatial maps of swell travel times to target T from NA
source regions (A-G) for 2008 and 2023. Colored boxes show regional swell travel time
(in days: d or in hours: hr) at maximum lagged correlation. The correlation strength is
indicates as H (High), M (Moderate), L (Low) or VL (very Low). Background shading
represents frequency of wind speed exceeding 10 m/s. Panels show (a) Winter 2008,
(b) Summer 2008, (c) Winter 2023 and (d) Summer 2023. B, C, and E demonstrate
consistent seasonal influence with short travel times
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During Summer 2023, Region C maintains high correlation at zero lag. Region B shows
a low correlation with a lag-time of 21 hours. Region E shows a low correlation with
a lag-time of 15 hours, a decrease in correlation strength compared to Summer 2008.
Region F shows a low correlation with a lag-time of 3 days, consistent with Summer
2008. Region G shows a low correlation with a lag-time of 2 days though this is not
statistically significant. Region D shows negative correlation.
Regarding statistical significance across the interannual comparison, travel times from
C and E are statistically significant across both seasons examined and in both years.
Region B showed statistically significant travel time during summer for both years but
lacked significance in Winter 2023 under negative NAO conditions. Travel times from F
became statistically significant in both seasons in 2023 after being insignificant in Winter
2008. Regions A and D showed statistically significant travel times only in Winter 2023,
while D showed no significant travel times in any other analysis.

3.7 Discussion
The results presented in this chapter highlight the spatial and temporal variability in
swell propagation from the NA source region to Irish waters (T). This section discusses
the dominant patterns identified in the lagged correlation analysis and explores possible
atmospheric drivers, such as wind intensity and large-scale circulation patterns (e.g., the
NAO). While certain sources exhibit a relationship that align with meteorological con-
ditions, other regions show high variability that may not be attributed to seasonal wind
activity alone. The discussion also reflects the limitations of the current methodological
approach in calculating precise swell travel times or detailed wave transformation pro-
cesses. Nevertheless, it is well suited for the present study aiming to identify dominant
swell region and assessing their influence on Irish waters.

3.7.1 Summary of key findings
The analyses presented in this chapter, the 20-year seasonal climatology, the 2023 sea-
sonal case study, and the 2008 vs 2023 interannual comparison, collectively reveal a
consistent picture of swell propagation from North Atlantic source regions to Irish wa-
ters.
Across all three analyses, Regions C, B, and E emerge as the dominant and most consis-
tent swell sources for T. Region C shows the highest and most reliable correlation in all
seasons and both years, owing to its close proximity to T. Region E shows consistently
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high correlation during winter across all analyses, maintaining its influence regardless of
year or NAO phase. Region B shows consistent contributions during winter and sum-
mer in the long-term climatology and in 2023, though its influence is more sensitive to
interannual atmospheric variability.
Regions A, D, F, and G show weak and variable correlations in the long-term climatol-
ogy, with limited statistical significance. However, the interannual comparison reveals
that these regions are not entirely negligible. In Winter 2023, under highly negative
NAO conditions, Regions A, D, and F all show statistically significant correlations with
T, demonstrating that their influence is conditional on the prevailing atmospheric state
rather than absent altogether.
The contrast between 2008 and 2023 is consistent with their differing NAO states. The
positive NAO year (2008) was associated with concentrated swell activity from mid-
latitude regions B and E, while the negative NAO year (2023) activated lower-latitude
and western boundary regions such as D, A, and F through the southward displacement
of the storm track. The 20-year mixed NAO record captures the aggregate of both
regimes, explaining why the long-term climatology shows dominant contributions from
C, B, and E while peripheral regions appear weak or insignificant on average.

3.7.2 Physical Drivers Behind Observed Patterns
The observed patterns of lagged correlation and swell travel time can be understood in
terms of the underlying physical processes governing swell generation and propagation
across the North Atlantic.
Region C’s consistently high correlation with T at zero lag can be attributed to its close
geographic proximity to T, which enables near-immediate swell propagation with travel
times shorter than the 3-hour temporal resolution of the dataset. Despite this proximity,
both regions experience different local wind patterns, making simultaneous independent
generation unlikely. The zero lag therefore reflects fast propagation rather than simulta-
neous generation, and this interpretation is consistent across all seasons and both years
examined.
Region E shows reliable and NAO-independent swell contributions during winter. This
is consistent with its location within the subpolar low-pressure zone, which is dominated
by the Icelandic Low, a persistent feature of the North Atlantic atmospheric circulation
that remains active regardless of NAO phase. Whether the jet stream is zonal or merid-
ional, Region E remains under the influence of this storm-generating zone and continues
to generate swell toward T. Supporting this interpretation, Semedo (2005) showed that
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the pressure gradient associated with the Icelandic Low is particularly favourable for
generating long-period swells. During summer, E’s correlation weakens considerably,
reflecting the seasonal reduction in storm activity across all mid-latitude regions rather
than any NAO-related change.
Region B shows a more NAO-sensitive response. During positive NAO conditions (Win-
ter 2008), the intensified westerly storm track passes directly over Region B, generating
significant swell that propagates toward T with a statistically significant lag-time of 1
day. During negative NAO conditions (Winter 2023), the southward displacement of
the jet stream reduces sustained storm activity over Region B, resulting in a medium
but statistically insignificant correlation. This NAO sensitivity is consistent with studies
showing a strong positive relationship between NAO phase and wind speed and storm
frequency over the central North Atlantic (Iversen and Burningham, 2015; Phillips et al.,
2013).
The contrasting behaviour of Regions A and D between the two years reflects NAO-
driven shifts in jet stream position. During positive NAO conditions (Winter 2008), the
strong zonal jet stream tracks northeastward at high latitudes, directing storm activity
away from the latitudes occupied by Regions A and D. As a result, both regions show
negative correlations with T in Winter 2008. During negative NAO conditions (Win-
ter 2023), the weakened and more meridional jet stream shifts southward, bringing the
storm track closer to the latitude of Region D. This directly activates Region D as a
swell source, which shows a low but statistically significant correlation with a lag-time
of 2 days in Winter 2023, a signal entirely absent in Winter 2008. This demonstrates
that NAO-driven shifts in jet stream position can activate or suppress individual source
regions as swell contributors to Irish waters.
Region D’s low correlation in winter can also be partly attributed to persistent sea ice
cover during the period (Rasmussen et al., 2016), which can significantly inhibit swell
generation (Han and Li, 2018). The results from seasonal analysis further supports this
interpretation, with the region consistently showing minimal or no swell influence on the
target.
The seasonal weakening of B and E during summer reflects the annual cycle of North
Atlantic storm activity rather than NAO variability. Both regions lie within the mid-to-
high latitude zone of cyclogenesis, which is highly active during winter but experiences
substantially reduced storm frequency and intensity during summer. This seasonal con-
trol dominates over NAO variability and explains why B and E show consistently weak
correlations during summer across all years in the record. Regions F and G show weak

62



3.7. Discussion

and variable correlations throughout the analyses. Their limited influence can be at-
tributed to two factors: first, their large distance from T means that swell undergoes
significant dissipation during propagation, reducing the detectable signal at the target;
second, swell generation in the tropical North Atlantic is tied to hurricane and tropical
storm activity, which is highly variable interannually and concentrated in the summer
and autumn months (Klotzbach, 2011). The occasional statistically significant signal
from F, particularly in Winter 2023, suggests that under specific atmospheric conditions
the tropical North Atlantic can make a marginal but detectable contribution to Irish
swell conditions.

3.7.3 Methodological Strengths and Limitations
The study introduces a statistically robust approach for identifying and characterising
the influence of remote swell sources on Irish waters. The application of NCC enables
consistent detection of temporal relationships between source and target regions, inde-
pendent of amplitude differences. By applying this method to long-term (20-year) data
and integrating block bootstrap method for uncertainty quantification, the analysis of-
fers a robust framework for detecting swell propagation patterns on climatological scale.
Another key strength lies in the choice of swell period as the primary variable. While
many previous studies relied on significant wave height (Hs) or swell height to study swell
propagation (Sabique et al., 2012; Bhowmick et al., 2011; Semedo et al., 2011; Alves,
2006), others have used swell power and energy flux to characterise the global swell dis-
tribution (Sreelakshmi and Bhaskaran, 2022; Arinaga and Cheung, 2012). Significant
wave height inherently includes contributions from both local wind-sea and remotely
generated swell (Colosi et al., 2021) and can be misleading, swell period is more sta-
ble during long distance propagation (Donn, 1949) than swell wave height. Thus, swell
period, less susceptible to local wind-sea interference and more stable, makes it better
suited for tracking swell origin and arrival times over basin scales.
Although the approach has several strengths, it also carries limitations. While swell
period is fundamentally related to wave energy transport (Ponce de León et al., 2023),
using period alone as a variable does not capture complete wave energy information.
This means it cannot be directly applied to energy or hazard assessments. The lag times
derived from correlation peaks should not be interpreted as exact physical travel times,
instead they are a statistical estimation of the delay in the propagation of swell signals.
The analysis does not consider wave spectra, which could refine the identification of
source contribution in more complex sea states (Portilla et al., 2009).
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The lag-times derived from the NCC analysis are statistical estimates of the delay in
the propagation of swell signals rather than the physical travel time of individual swell
events. Since the NCC is computed over the full time series, some lag-times, particu-
larly from distant regions such as F, may appear shorter than physically expected. The
method also cannot distinguish between regions where swell is generated and regions
that swell simply passes through on its way to T, and for this reason the results are
described as identifying regions of significant swell influence rather than definitive swell
origin regions. Additionally, crossing swell conditions, where ERA5 switches between
competing swell partitions, can temporarily misalign the two time series and reduce the
cross-correlation coefficient, while swell dissipation over long propagation distances lim-
its the detectability of signals from the most remote regions, meaning the influence of
regions F and G may be underrepresented in the results.
Swell generation areas can shift over time due to changes in climate or storm activity
(Fan et al., 2014). The fixed source regions in this study favour a consistent analysis, but
may not capture all changes. Also, averaging data across each region to create a single
time series may miss swell events occurring near the boundaries of each region. This
may not capture smaller or short lived swell signals, but works well for understanding
general patterns as shown by Zheng et al. (2018).
However, these limitations do not undermine the primary objective of the study. The
goal is not to resolve precise travel times or quantify energy flux, but to identify which
source regions consistently influence Irish swell conditions over seasonal and interannual
timescales. In this context the use of total swell period, fixed regional boxes and statis-
tical lags are appropriate and effective. The method provides an estimate of influence
based on signal similarity, which is sufficient to determine dominant and persistent swell
contributors.

3.7.4 Implications and Future Directions
The findings from this chapter directly informed the design of the wave model con-
figuration developed in Chapter 4. The identification of Regions B, C, and E as the
most consistent and dominant swell sources established that the outer model domain
must extend sufficiently far into the west and northwest North Atlantic to capture the
full propagation pathway of swell from these regions before it enters the regional model
boundary. The lag-time results, showing that swells from these regions arrive at Irish
waters within hours to approximately 1.5 days, confirm that even relatively short sim-
ulation periods must account for remotely generated swell already present within the
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domain at the start of the simulation, highlighting the importance of an adequate model
spin-up period. The strong seasonal variability identified in this chapter, with winter
emerging as the period of peak swell activity, highlighted the importance of running a
sufficiently long simulation to capture the full range of seasonal and interannual vari-
ability in swell conditions. This seasonal dependence was also considered during the
generation of surrogate wind forcing data, where preserving the seasonal structure of
the wind fields was identified as essential to ensure that the modelled swell climate re-
flects the observed seasonal swell propagation patterns. The NAO-driven interannual
variability further revealed that under negative NAO conditions Region D became an
active swell source, indicating that the model domain must be broad enough to repre-
sent swell contributions from higher latitude western North Atlantic regions that are
only occasionally active. Finally, the statistically significant seasonal contributions from
Regions F and G demonstrate that swell generated in the tropical North Atlantic can
reach Irish waters under certain atmospheric conditions, suggesting that the southern
boundary of the model domain should extend far enough into the tropical Atlantic to
capture these occasional but physically meaningful swell pathways. Collectively, these
lessons shaped both the spatial extent of the model domain and the choice of simulation
periods adopted in Chapter 4.
The study and findings have several practical implications. The approach is particularly
well suited for tracking swell systems across ocean basins and informing early warning
frameworks that can predict the timing of swell arrivals along the coastline. It also holds
potential value for coastal engineering design and wave energy site planning (Babanin
and Jiang, 2017), and long-term assessments of climate impacts on ocean wave conditions
(Cavaleri et al., 2012; Semedo et al., 2011; Ardhuin et al., 2009). Stakeholders involved in
infrastructure development or coastal adaptation strategies can benefit from identifying
remote regions that consistently influence wave conditions along the Irish coast, espe-
cially under changing climate conditions. Furthermore, identifying remote regions that
consistently generate swells reaching Ireland can support more accurate wave forecast-
ing. By monitoring these key swell source areas, early warnings and operational forecasts
for the Irish coast can be improved. This becomes particularly important for predicting
swell-induced hazards-such as wave run up, coastal flooding, and erosion (Palmer et al.,
2014; Lefèvre, 2009). These hazards may pose significant threats to densely populated
coastal zones, especially under rising sea levels (Harley et al., 2017; Wang et al., 2016).
Inaccurate swell predictions can also impact offshore activities, including port opera-
tions and the functioning of marine energy infrastructure (Babanin and Jiang, 2017).

65



3.8. Conclusion

Therefore, understanding swell propagation patterns are essential not only for improving
forecast reliability but also for guiding coastal planning and strengthening resilience to
climate-related risks.
However, further development is needed before this method can be fully applied in these
operational and planning contexts. Future work could improve the current framework
by incorporating directional swell spectra, energy based wave parameters, and incorpo-
rating numerical wave models to validate the estimated travel times. Expanding the
analysis to multiple coastal sites and testing its robustness under different climate sce-
narios would help to generalise the findings and strengthen their relevance for regional
wave climate projections and adaptation planning.

3.8 Conclusion
In conclusion, this study provides a comprehensive and statistically grounded under-
standing of swell propagation patterns to the Irish coast. The analysis offers valuable
insights into spatial patterns, long-term consistency, and the role of large-scale atmo-
spheric variability in shaping swell behavior. The findings identify key source regions
and demonstrate notable seasonal and interannual variability in how distant NA areas
influence wave conditions in Irish waters. Overall, the study provides a meaningful ad-
vancement in our understanding of remote swell contributions to the Irish coastal wave
climate.
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CHAPTER 4
Wave simulations from North

Atlantic to Irish Waters under
Changing Climate Conditions

The previous chapter examined swell propagation in the NA and identified the swells
from the NA region influence the Irish wave climate. This chapter focuses on sim-
ulating present and future wave conditions in the NEA using a nested WAM-SWAN
modelling framework. The simulations are driven by climate drivers such wind, sea ice
and sea level. A key contribution of this chapter is the development of an innovative
analogue-based approach for generating high-resolution surrogates for the MPI-ESM cli-
mate model winds and its application to wave modelling. The model results are then
analysed to understand the seasonal variations across the NEA and location-specific as-
sessments along the west of Ireland. Unlike previous studies that focus primarily on
time series or extreme events, the results presented here examine the full distribution of
wave heights, providing a more comprehensive view of the projected wave changes. The
simulated wave data produced in this chapter also serve as input for the run-up analysis
presented in the following chapter.
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4.1 Introduction
The general concept of wave generation, propagation, and the transition from the deep
ocean to the coastal environment involves downscaling the wave processes from the
oceanic scale to the regional and coastal scales. The state-of-the-art wave models such
as WAM, WW3, and SWAN are implemented on nested grids to achieve fine-resolution
wave simulations. For instance, Brown et al. (2010) and Pilar et al. (2008) effectively
demonstrated that the NA domain, when used with a nested WAM model, is sufficient to
capture swells influencing wave conditions in the NEA. In contrast, Calvino et al. (2022)
employed a nested WW3 model with a larger outer domain covering the entire Atlantic
to investigate the large-scale processes, such as the NA current, on wave propagation.
Nesting SWAN within large-scale models such as WAM and WW3 is a common practice.
Swain et al. (2019) demonstrated that SWAN hindcasts using WAM boundary conditions
showed a 5–15% error in significant wave height (Hs) compared to deep-water models,
yet achieved lower RMSE and higher correlation in nearshore wave predictions at buoy
locations in the North Indian Ocean, compared to SWAN hindcasts using WW3 bound-
ary conditions. Additionally, the nested WAM-SWAN approach by Lalbeharry and
Ritchie (2009) demonstrated that coarse-grid (0.5°) WAM outputs can provide effective
boundary conditions for SWAN, enabling accurate simulation of wave transformation
from deep to shallow waters. These studies collectively support the nesting approach
employed in the present study, which uses WAM and SWAN to capture the full wave
spectrum, from the swell generation in the open ocean to the wave transformation in
shallow coastal waters.
Accurate wave predictions rely heavily on high-resolution wind forcing, as wind serves
as the primary mechanism for wave generation (Barbariol et al., 2022; Baordo et al.,
2020). The generation of such high-resolution wind data at regional scales typically
involves downscaling techniques. Dynamical downscaling employs atmospheric models
to enhance the spatial and temporal resolution of wind fields, providing more robust
solutions for wave modelling. For instance, Markina et al. (2018), utilised the WRF
model to downscale wind fields in the NA, achieving a 14 km resolution to improve wave
prediction accuracy in this region. Similarly, HARMONIE mesoscale model was used
to dynamically downscale ERA-Interim reanalysis data to 2.5 km resolution for wave
hindcasts in Ireland (Gallagher et al., 2016c). In Galway Bay (west coast of Ireland),
regional weather model, WRF, provided atmospheric forcing for SWAN, further demon-
strating the effectiveness of localised wind inputs for wave simulations (Ana Rute Bento
and Soares, 2018). While these dynamical approaches significantly enhance the accu-
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racy of wave predictions, their computational demands and resource intensity are still a
challenge. On the other hand, statistical downscaling methods have been widely utilised
to refine coarse global climate model (GCM) outputs for wave studies. For instance,
Weibull-based downscaling techniques (Alizadeh et al., 2020) and multi step statistical
algorithms (Towe et al., 2017) have been applied to improve wind fields for wave climate
analysis in the Persian Gulf and the North Sea. However, statistical downscaling often
assumes stationary relationships between large-scale predictors and local-scale predic-
tands, which may limit its applicability under changing climate conditions (Alizadeh
et al., 2020).
This chapter aims to overcome the limitations associated with low-resolution climate
model data and the challenges in downscaling wind data for wave modelling. For this I
am implementing an analogue approach to generate surrogate wind data for the MPI-
ESM climate model, utilising high-resolution ERA5 reanalysis data. The surrogate wind
data is used to drive WAM and SWAN wave models in the NEA, with a particular em-
phasis on Ireland, to explore the wave dynamics for present day and future climate.
This approach aims to provide a computationally efficient and accurate framework for
studying wave climate variability in dynamic and high-energy coastal regions.

4.2 Study region
The wind-wave dynamics of the NEA are driven predominantly by westerly and south-
westerly winds blowing over the NA ocean (Gleeson et al., 2019; Gallagher et al., 2014;
Bertin et al., 2013). Figure 4.1(a) illustrates the mean ERA5 wind speed and direction
for 2018 for the NA domain, highlighting that most of the wind in the NEA (shown in
the red box), particularly around Ireland, is predominantly westerlies. The NA swells,
influenced by wind patterns and mid-latitude cyclones, significantly affect the wave cli-
mate around Ireland (Loureiro and Cooper, 2019; Gallagher et al., 2016a). These swells
propagate eastward and play a critical role in shaping nearshore wave characteristics of
Ireland, including significant wave heights and the occurrence of extreme wave events
(Gallagher et al., 2016b). Analysis of nearshore waves during major storm events in
2015–2017 highlights how these swells contribute to high-energy waves in the NEA, par-
ticularly along Ireland’s Atlantic coast (Fedele et al., 2019). These waves are further
influenced by the complex geomorphology of the Irish coast (O’Brien et al., 2013) and
climate phenomena such as the NAO. During the positive NAO phase, stronger westerly
winds intensify wave heights and increase the frequency of storm events making the re-
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gion highly energetic and dynamic (Gleeson et al., 2019; Dodet et al., 2010).
Projections using global climate models such as EC-Earth, indicate a potential decrease
in wind speeds over the NA by up to 3.5% by the end of the century, which may reduce
swell generation and significant wave heights near Ireland (up to 15% in some seasons;
Gallagher et al., 2016a). Similarly, WW3 model predicts a decline in both mean and
extreme wave heights, with the most pronounced reductions occurring in winter and
summer around Ireland (Gallagher et al., 2016b). Other regionally downscaled wave cli-
mate studies by Lemos et al. (2021); Wolf et al. (2020); Aarnes et al. (2017), confirmed
a trend towards decreasing seasonal averages of Hs around Ireland. The magnitude of
change depends on the emissions scenario with the strongest occurring under RCP8.5.
Gallagher et al. (2016a) study revealed largest reductions in Hs are projected in winter
and summer.
Most studies project decreases in mean Hs around Ireland, while future changes in ex-
treme waves are less certain. Some projections suggest increases in extreme wave heights
(Bernardino et al., 2021; Lobeto et al., 2021; Wolf et al., 2020; Bricheno and Wolf, 2018),
while others indicate little change or even decreases (Aarnes et al., 2017; Gallagher et al.,
2016a,b).
The western Irish coast, directly exposed to NA weather systems, experiences a wave cli-
mate dominated by long-period swells superimposed with locally generated wind waves
(Gaughan and Fitzgerald, 2020). This combination, along with the influence of climate
drivers and the extensive fetch of the Atlantic, underscores the importance of under-
standing wave dynamics in the region and its implications for natural and socio-economic
systems, particularly in the context of future climate change.
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(a) (b)

Figure 4.1: a. Study region in the North Atlantic, illustrating the mean wind speed
(color shading) and direction (black arrows) for 2018 based on ERA5 data. The red box
highlights the main area of interest of this study. The blue cross denotes the location
of the M4 buoy, while the purple cross represents the M3 buoy. b. Spatial map of the
model domains used in the study. The entire domain represents the WAM1.0NA (North
Atlantic) domain, with the black box representing WAM0.5NEA (Northeast Atlantic)
domain and the red box representing SWAN0.025 domain. The color shading shows
GEBCO bathymetry for the entire region, highlighting variations in seafloor depth.

4.3 Wave Model and Data
4.3.1 WAM Model
WAM (Günther et al., 1992) is a third generation model that describes the evolution
of the wave spectrum by solving the wave energy equation. WAM, which is used here
with its latest version Cycle 6, is an open-source code developed by the WAMD Group
and maintained by the German Institute HZG (Helmholtz-Zentrum Geesthacht; Baordo
et al., 2020).
A domain covering the entire NA was chosen to capture the swell waves generated in
mid-latitudes. The WAM model, with a spatial resolution of 1.0°× 1.0° (WAM1.0NA) on
a regular latitude-longitude grid, simulates large-scale wave generation and propagation
across the Atlantic basin (refer Figure 4.1.b). This model serves as the outer boundary for
subsequent nested models, enabling the transition of oceanic waves into more detailed
regional and coastal simulations. Daily sea ice concentration was incorporated into
WAM1.0NA simulations. As highlighted by Tuomi et al. (2019), the choice of sea ice
data source significantly influences the results, irrespective of the method employed.
For the current model setup, grid points with an ice concentration exceeding 30% were
excluded from model computations. To provide higher resolution boundary conditions
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for coastal modelling, one way nesting technique is applied in the WAM model. A finer
resolution WAM model with a spatial resolution of 0.5° (WAM0.5NEA) was set up for the
NEA, refining the wave field for regional analysis (black box in Figure 4.1(b) represents
the WAM0.5NEA domain). This domain covers the waters surrounding Ireland and
accounts for the wave transformations that occur as waves propagate from the deeper NA
towards the continental shelf. Wave boundary conditions for this domain are supplied by
the coarser WAM1.0NA model. However, sea ice was excluded from the WAM0.5NEA
simulations, as it was observed only in the Northwest Atlantic, outside the primary
domain of interest.
Both WAM models were implemented with 12 directional bins and 25 frequency bands,
with the energy balance equation integrated using a propagation time step of 10 minutes.
The lowest frequency resolved is 0.0418 Hz and all other settings were kept to default
values. The WAM model simulations were conducted using default ECMWF Cycle
45R1 physics for input and open ocean dissipation (IPHYS set to 0). Wave breaking
(BREAK) and the Phillips source function (PHILL) were both set to 0 as the focus was
on large-scale wave simulations where these processes are less critical. Depth scaling of
the source function (ISNL) was set to 0 making it suitable for deep water conditions
(Janssen and Bidlot, 2003).

4.3.2 SWAN Model
Another third-generation spectral wave model SWAN is used to simulate wave climate
around Ireland. Although WAM and SWAN have the same scientific principle, SWAN
has some additional formulations for shallow water simulations (Lemos et al., 2023; Rusu
et al., 2008). SWAN Cycle III 41.45 version is used to set up the regional model for NEA.
The current method uses one-way nesting, where WAM0.5NEA provides wave boundary
conditions to the finer SWAN model. This ensures that large-scale wave processes are
accurately represented while allowing the high-resolution SWAN model to simulate lo-
cal wave conditions at reduced computational cost. The nesting approach dynamically
downscales the wave field, ensuring that swells generated in the open ocean are trans-
ferred effectively to the regional and coastal models. The SWAN model, with a spatial
resolution of 0.025°× 0.025° (SWAN0.025), provides detailed simulations of the wave
climate around the Irish coast (red box in Figure 4.1(b) represents the SWAN domain).
The geographical extent of WAM and SWAN domains along with grid information and
inputs used are provided in Table 4.1. The model captures the wave transformation
processes as waves move into shallow coastal waters, influenced by local bathymetry and
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coastline features.
SWAN was configured with the same directional discretisation as WAM (12 bins), and
sensitivity tests showed only minor differences when using higher spectral resolution
(refer Figure A.5). The current SWAN set up consists of of 12 uniformly distributed
directions and 25 frequencies, which are logarithmically spaced from 0.046 Hz to 1.0
Hz. The SWAN model simulations are run in a non-stationary mode with a 30 minute
time step. SWAN is run in third-generation mode, incorporating the WESTH (non-
linear saturation-based white capping combined with wind input; SWAN Team, 2023)
formulation for wind-driven wave growth, the BSBT (Backward Space Backward Time)
scheme for wave propagation, and both triad and quadruplet wave-wave interactions.
The model incorporated white-capping as the primary open ocean wave energy dissipa-
tion mechanism, along with bottom friction in transitional waters. Depth-induced wave
breaking is additionally activated to capture wave transformation processes in shallow
coastal waters near the Irish coast. SWAN default formulations and coefficients are used
for all other physical processes.

Figure 4.2: Domain covering SWAN0.025 grid, showing high-resolution bathymetry used
for SWAN model set up. The bathymetry is derived from combination of INFOMAR
and GEBCO datasets. The locations of Irish observational buoys used for validation are
marked (cross) within the domain.
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4.3.3 Data
4.3.3.1 Bathymetry

Two datasets were used for model bathymetry development. GEBCO_2023 (General
Bathymetric Chart of the Oceans_2023) grid is a global model of ocean and land that
provides elevation data which is available on 15 arc-second interval grid (GEBCO Bathy-
metric Compilation Group, 2023). Both WAM models use GEBCO bathymetry interpo-
lated to a 0.5° grid. INFOMAR (Integrated Mapping for the Sustainable Development of
Ireland’s Marine Resources) maps Irish coastal and offshore waters at resolutions ranging
from 500 m to 2 m and is managed by the Geological Survey of Ireland (GSI) and the
Marine Institute (Sheehan, Kevin and INFOMAR Survey Team, 2021). To obtain high-
resolution bathymetry near the shore, SWAN uses INFOMAR and GEBCO bathymetry
interpolated to a grid of 0.025° resolution.

4.3.3.2 Wind

The study utilises two distinct wind datasets: the low-resolution MPI-ESM wind data
from the CMIP6 ensemble and the high-resolution ERA5 reanalysis data. To mitigate
the limitations associated with the coarse resolution wind data for wave modelling, I
employed ERA5 data as a high-resolution reference for generating surrogates for the
MPI-ESM winds. This is explained in detail in Section 4.4.
ERA5 is the fifth generation of ECMWF atmospheric reanalysis of the global climate
(ECMWF, 2019) which delivers atmospheric, land surface, and ocean wind wave data.
Wind components are available at 0.25° (31km) grid spacing and at an hourly frequency
(Hersbach et al., 2023; ECMWF, 2016). This work utilises 10 m u (u10) and v (v10)
components of wind spanning from period 2004–2023.
MPI-ESM (Max-Planck Institute of Earth System Model) is a comprehensive climate
model used for simulating Earth’s climate system and developed by Max-Plank Institute
of Meteorology, Hamburg, Germany (Garcia-Pereira et al., 2023). It couples different
components of the Earth system including the atmosphere - ECHAM6 (Stevens et al.,
2013), ocean dynamics and sea ice - MPIOM (Jungclaus et al., 2013), land surface
processes - JSBACH (Reick et al., 2013) and marine biogeochemistry - HAMOCC (Ilyina
et al., 2013).
The 10m u (uas) and v (vas) components of wind used in this study is obtained from the
first realisation (r1i1p1f1) model simulation of the CMIP6 version of the Max Planck
Institute Grand Ensemble (MPI-GE CMIP6) which is based on the MPI-ESM version
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1.201p7 (Olonscheck et al., 2023). The model includes simulations under five emissions
scenarios and the data used in the current study corresponds to SSP5-8.5. The low-
resolution (LR) configuration, MPI–ESM LR, has a horizontal atmospheric resolution
of 1.875° (200 km) and includes 47 vertical layers (Düsterhus and Brune, 2024).
For the present study, MPI-ESM LR wind from 2004 to 2023 (representing the present
climate) and 2081 to 2100 (representing future climate projections) were used.

4.3.3.3 Sea ice

The sea ice model is integrated within the ocean general circulation model MPIOM.
It provides daily sea ice concentration on a bipolar grid with a nominal resolution of
1.5° (Jungclaus et al., 2013). To make the sea ice data compatible with the wave models,
the data were interpolated to a regular grid of resolution 0.5°. According to recent
studies, Arctic sea ice is projected to experience a significant decline by 2100 (Ivanov and
Repina, 2018), with the oldest ice potentially disappearing around mid-century (Chen
et al., 2021). Chen et al. (2021), further indicates that sea ice thickness is anticipated
to decrease at an average rate of 0.22 m per decade after September 2060, accompanied
by a comprehensive decline in sea ice concentration and volume. Similarly, Dauner
et al. (2024), highlights a long-term decline in sea ice extent in the Greenland and the
NA sector based on historical data, model simulations, and proxy-based reconstructions,
which consistently predict significant reductions in sea ice. Considering these projections,
the presence of sea ice in the study region was neglected for the future simulations.

4.3.3.4 Sea level

Regional sea level data from the IPCC 6th Assessment Report (AR6; Fox-Kemper,
2021)under SSP5-8.5 are used for the present study. Data are available from 2020
to 2150 along with how these projections differ depending on future scenarios (Kopp
et al., 2023). To account for the effects of storm surges on sea level, the storm surge
anomaly (tideSurgeAnom) from the UK Climate Projections 2018 (UKCP18), based on
RCP8.5, was added to the regional sea level projection, creating a combined sea level
dataset used as input to the SWAN wave model. UKCP18 offers updated observations
and climate change projections extending to 2100 for the UK and globally (Lowe et al.,
2018). Since the UKCP18 data is available on an irregular grid, they were interpolated
to a 0.5° regular grid before being integrated with the sea level projections.
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4.3.3.5 Wave buoy data

Wave height data from observational buoys (M2-M6) are used to validate the models.
These buoys form part of the Irish Marine Data Buoy Observation Network (IMDBON),
which is managed by the Marine Institute and Met Éireann, and funded by the Depart-
ment of Agriculture, Food and the Marine (Marine Institute, 2022). IMDBON provides
hourly weather measurements as well as wave height and wave period since 2001.
The locations of the wave buoys are shown in Figure 4.2 and the distance from shore
along with latitude and longitude values are provided in Table 4.2. Buoy M6, situated
off the west coast of Ireland in deep water, was used to validate significant wave height
(Hs) outputs from the WAM0.5NEA model. The other buoys, M2 to M5, are located
closer to the shore and were employed for validating the SWAN model. Among these,
buoys M3 and M4, positioned along the west coast of Ireland, were of particular interest
as this region is directly influenced by NA swells. For further details on the validation
process, refer to Section 4.5.

4.4 Downscaling wind via surrogate data
generation

Dynamical downscaling of winds, which uses regional weather models to drive wave
simulations (Markina et al., 2018) or coupling them with wave models (Bento et al.,
2016) is a common approach in wave modelling. Instead I am using an analogue method
to downscale the climate model output. High-resolution ERA5 reanalysis data are used
to generate surrogate winds for the low-resolution MPI-ESM winds. The surrogate
winds follow daily evolution of MPI-ESM and preserve its large-scale spatio-temporal
characteristics, while providing realistic high-resolution representation through selected
ERA fields. This ensures temporal and spatial consistency between the coarse-resolution
driving model and the high-resolution surrogate data.

4.4.1 Analogue method for surrogate data generation
The analogue approach used here involves finding analogues or similar instances in a
reference dataset that match certain characteristics of the target dataset. This method
relies on identifying the instances from the reference dataset that closely resemble the
conditions observed in the target dataset. The corresponding values from the reference
dataset are then used as surrogates for the target dataset.
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In this study, the analogue approach is applied to generate surrogate wind data for both
present and future MPI-ESM simulations using ERA5 as the reference. The goal is to
construct surrogates that retain the large-scale structure and long-term trends of MPI-
ESM wind while preserving the resolution (both in time and space) of ERA5.
To ensure a consistent comparison during analogue selection, it is necessary to bring
both datasets to the same spatial and temporal resolution. Accordingly, the ERA5 data,
available at 0.25° are first spatially regridded to match the coarser MPI-ESM grid (1.8°).
Then, daily averages of the u10 and v10 wind components are computed from ERA5.
This preprocessing ensures that both datasets are aligned in space and time, enabling a
direct comparison of wind conditions over a defined spatial domain.
The choice of this spatial domain is a key aspect of the surrogate generation process, as
it strongly influences the ability of the selected analogues to reproduce relevant physical
conditions. In particular, the spatial domain determines which atmospheric features are
prioritised when computing similarity between the target and candidate wind fields. A
larger domain may emphasise large-scale wind patterns, while a smaller, regional do-
main focuses the comparison on localised wind conditions. A detailed discussion on the
sensitivity to domain size is provided in the Section 4.5.3.
To identify analogues, the daily wind fields from MPI-ESM are compared with daily
averaged wind fields from ERA5. For each target day in MPI-ESM (Mref ), a search
window of ±14 days around the same calendar day is applied to each year in the ERA5
dataset spanning from 2004 to 2023. This rolling 29-day window across 20 years resulted
in a candidate pool of 580 ERA5 days (En, n = 1, 2, . . . , N; N is the total number of
candidates) for each Mref . The ±14-day window was chosen to preserve seasonal con-
sistency, as wave climate along the Irish coast is strongly seasonal. Thus it is important
that the analogues must reflect the atmospheric conditions relevant to the target season,
including transitional days between seasons where wind patterns shift gradually. Ex-
tending the window beyond ±14 days would risk combining days from climatologically
distinct seasons, introducing spurious variability into the surrogate time series.
The similarity between Mref and En was quantified using the vector difference (VD) in
wind components. Specifically, the Euclidean distance (Senter and Lupo, 2024) between
the wind vectors was computed at each grid point using the formula:

V Dn =
√

(Mrefu − Enu)2 + (Mrefv − Env )2, n = 1, 2, . . . , N (4.1)

where N=580, depending on data availability (eg: leap year).
The VD field then quantifies the difference between MPI-ESM and ERA5 wind vectors
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at each grid point. The VD field is then spatially averaged over the domain to obtain a
single similarity score for each candidate day. The ERA5 day with the minimum spa-
tially averaged VD is selected as the best analogue for the corresponding Mref . The
schematic diagram Figure 4.3 illustrates the process of analogue selection for MPI-ESM
surrogate generation. An advantage of using the vector difference as the similarity met-
ric is that it inherently captures both wind speed and wind direction differences, thereby
simplifying the similarity assessment while still retaining the full vector characteristics
of the wind field.
Once the best analogue day is identified for each MPI-ESM day, the corresponding high-
resolution wind fields from ERA5 (u10 and v10) are extracted. These extracted wind
fields are then connected in temporal order to construct a continuous high-resolution
surrogate wind time series. As the analogue days are selected based on daily similarity
to MPI-ESM wind fields, the resulting sequence of surrogate days reflects the trends and
variability embedded in the original MPI-ESM simulations, while attaining the spatial
and temporal resolution of ERA5.
As an example, consider January 18, 2080, from the MPI-ESM simulation. A ±14 day
search window is applied around this date, spanning from January 4 to February 1. All
dates within this window are extracted from each of the 20 years in the regridded ERA5
record (2004 to 2023), resulting in a total of 580 candidate days. For each candidate
day, the spatially distributed vector difference between the MPI-ESM and ERA5 wind
components is computed, and the mean VD over the domain is calculated. Suppose
January 22, 2007, is identified as the day with the minimum spatially averaged VD, this
day is then selected as the best analogue for January 18, 2080.
If 3-hourly ERA5 wind data are used as the high-resolution reference, then the full 3-
hourly wind fields from the selected analogue day (in this case, January 22, 2007) are
used as the surrogate wind input for the MPI-ESM target day. This process is repeated
for each day in the MPI-ESM time series, resulting in a surrogate dataset with the res-
olution of ERA5 and the large-scale variability of the MPI-ESM simulation.
Using the same ERA5 dataset for both present and future scenarios offers a consistent
baseline, reducing the risk of introducing biases that could arise from using different
datasets. While this method assumes that present day ERA5 variability is a reasonable
proxy for the structure of future variability, it is a standard and robust approach in
climate modelling, especially when high-resolution observational datasets for the future
are unavailable. A similar approach was employed by Noël et al. (2021), who performed
statistical downscaling of CMIP5 projections using ERA5 as a reference dataset. In their
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study, they statistically downscaled historical data, validated it against ERA5, and used
the identified biases to correct the projected downscaled data. This demonstrates the
viability of using ERA5 as a reliable baseline for generating high-resolution data and
correcting model biases, further supporting the assumption that present day ERA5 vari-
ability can serve as a reasonable proxy for future scenarios in surrogate data generation.

4.4.2 Surrogate wind quality assessment
To assess the quality of the surrogate wind fields generated through the analogue method,
two complementary analyses were conducted. First, the distribution of minimum VD
scores across all analogue selections was examined to quantify the overall match qual-
ity. Second, the surrogate wind fields were compared visually against the corresponding
MPI-ESM and ERA5 wind fields for days representing different VD score ranges, to
confirm that the large-scale atmospheric patterns relevant for wave generation are well
reproduced.
The distribution of minimum VD scores across all analogue selections is shown in Ap-
pendix A.6. For the present period (2004–2023), the minimum VD scores range from
approximately 2 m/s to 8 m/s, with a median of 3.54 m/s, indicating that the ERA5
archive consistently provides good analogues for MPI-ESM wind patterns. For the future
period (2081–2100), the distribution is similar, with a slightly lower median of 3.44 m/s,
suggesting comparable analogue quality. Only 10% of days in both periods yield VD
scores above approximately 5 m/s, representing cases where the MPI-ESM circulation
pattern is less well represented in the ERA5 candidate pool (an inherent limitation of
any analogue-based downscaling approach).
To further assess the quality of the analogue selection across different VD score ranges,
the MPI-ESM, ERA5 and surrogate wind fields were compared for three example days
representing low, medium and high VD scores (Appendix A.7). Across all three cases,
the surrogate wind fields successfully reproduce the dominant large-scale circulation
patterns of MPI-ESM over the full NA domain, confirming that the analogue selection
captures synoptically relevant conditions for both local wind-sea and remotely generated
swell reaching the Irish coast, even for days with relatively high VD scores.
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4.4. Downscaling wind via surrogate data generation

Figure 4.3: Schematic representation of analogue finding for the surrogate wind data
generation. The method integrates coarser MPI-ESM and fine ERA5 data. The process
begins with selecting the spatial domain, after which datasets are regridded and resam-
pled to ensure consistent spatial and temporal resolution. For selected day in MPI-ESM
(Mref ), the vector difference (V Dn) between ERA5 (En(u&v)) and MPI-ESM (Mref(u&v))
wind components is computed over the selected domain. The spatially averaged vector
difference (An) is then used to identify the ERA day with minimum difference, which is
selected as the best analogue.
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4.5 Model Validation and Sensitivity Analysis
In this section, the two experiments, validation and the temporal sensitivity analysis,
are conducted using real wind data from ERA5 to assess the model’s ability to represent
current conditions. The validation involves computing the statistical metrics of model
outputs driven by high-resolution ERA5 winds against observed data. Following this,
a sensitivity analysis examines the impact of wind data resolution by comparing model
performance using high to low-resolution wind inputs. Based on the conclusions drawn
from this analysis, a second sensitivity experiment is carried out using surrogate winds
generated by selecting a different domain for computing the VD between the climate
model and reanalysis data.

4.5.1 Model Validation against Observational buoys
The study area chosen benefits from a dense network of in-situ buoy observations (refer
Figure 4.2 for locations). The validation period from 21 September 2023 to 10 October
2023 was carefully chosen, to ensure the availability of continuous, error-free observa-
tional data, thereby eliminating potential uncertainties associated with data gaps or
inaccuracies. For this simulation period, model outputs were saved at hourly intervals
to allow for detailed temporal comparison with observations.
Statistical validation of modelled Hs against buoy observation was undertaken to under-
stand the skill of the models WAM0.5NEA and SWAN0.025. The computed statistics of
Hs (refer Table 4.2) are the mean of measurements (Bm) and model simulations (Sm),
the bias, root mean square error (RMSE), scatter index (SI) and the Pearson Correlation
Coefficient (r).
The locations on the west coast of Ireland (M6, M4 and M3), directly influenced by the
NA swells, exhibit higher mean Hs than the locations on the east coast of Ireland (M2
and M5) during the validation period. In contrast, M2 and M5, which are sheltered from
the direct influence of swells and dominated by wind-sea conditions, have different sta-
tistical characteristics than M6, M4, and M3. Negative bias across all locations suggests
that the model tends to underpredict Hs relative to the observations, with higher bias in
the west coast locations where the influence of swell is stronger. RMSE follows a similar
pattern with higher values in the west coast. The lower bias and RMSE in the east
coast reflects the dominance of local wind-driven waves. Conversely, the lower scatter
index (SI) in the west coast indicates that the model predictions are more consistent
for swell-dominated locations but show greater variability (high SI on the east coast) in
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4.5. Model Validation and Sensitivity Analysis

regions where wind-driven waves dominate.
Correlation coefficients (r) further support these findings, with the highest correlations
observed on the east coast (M5: 0.922, M2: 0.899) and slightly lower values in the west
(M3: 0.871, M4: 0.867, M6: 0.766). The strong correlation across all locations suggests
that the model successfully captures temporal variations in wave height.

4.5.2 Sensitivity to temporal resolution of ERA5 wind
forcing

Simulations, similar to the validation period, were conducted by driving WAM-SWAN
setup using ERA5 wind data at different temporal resolutions – 1 hour, 3 hours, 6 hours,
and 24 hours – to assess the influence of wind forcing on wave model performance. Most
of the studies focus on the direct matching of wave time series or extreme events. The
focus of the present study is on the full distribution of wave heights along the Irish coast,
as it provides valuable insights for adaptation strategies.
The Hs distribution from SWAN0.025 simulations, driven by ERA5 winds, was compared
to observations from the M4 buoy. The temporal sensitivity analysis was conducted at
M4 as a representative western station, as the west coast of Ireland is the primary focus
of this study due to its direct exposure to the NA swell. As shown in Table 4.2, M3
and M4 exhibit very similar statistical performance (bias: −0.229 and −0.223 ; RMSE:
0.627 and 0.528 ; r: 0.871 and 0.867 respectively), and M4 was therefore selected as
representative of the west coast with results considered applicable to M3.
The results, as illustrated in Figure 4.4, indicated good alignment of the distribution
curve of Hs from the model (blue lines) with observations (orange lines) for 1-hourly
and 3-hourly wind data, while significant deviations were noted with 6-hourly and daily
forcings. In addition, the models successfully reproduced the frequent waves with heights
ranging between 2.5 and 4 m when driven by hourly and three-hourly wind forcing. How-
ever, this was not achieved with six-hourly and daily wind forcing.
To quantitatively assess the similarity between modelled and observed wave height dis-
tributions, the Earth Mover’s Distance (EMD) was computed for model Hs from each
wind forcing case with the buoy Hs. EMD is a metric used to compare two distributions
(Luzia et al., 2022; Düsterhus and Hense, 2012). It measures the effort required to trans-
form one distribution into another by considering the amount and distance of “mass”
that must be shifted (Luzia et al., 2022). The results provided in Phase I of Table 4.3
revealed that 3-hourly forcing produced a lower EMD value (0.38), indicating the closest
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4.5. Model Validation and Sensitivity Analysis

Figure 4.4: Comparison of Hs distribution from SWAN driven by ERA5 winds having
temporal resolution of 1 hour (a), 3 hours (b), 6 hours (c) and 24 hours (d) with sig-
nificant wave height from M4 buoy. The blue line represents the distribution curve of
Hs from M4 buoy, while the orange line represent the distribution curve of Hs from
SWAN0.025 model. The blue bars indicate the wave height distribution derived from
M4 buoy while the orange bars indicate the wave height distribution derived from the
model simulations.

match to the observed distribution. Although model results from the 1-hour wind forc-
ing appeared visually similar to the observations, they have a higher EMD than 3-hourly
wind forcing because the metric captures even small shifts across the full distribution.
The 6-hourly and 24-hourly wind forcing produced higher EMD values (1.44 and 1.08),
reflecting their inability to reproduce the observed Hs distribution accurately. Consider-
ing these findings, along with computational and storage requirements, 3-hourly ERA5
data were selected for generating surrogate winds for MPI–ESM simulations.

4.5.3 Sensitivity to spatial domain selection for surrogate
winds

To investigate the influence of spatial domain selection (represented as the first step in
the schematic diagram Figure 4.3) on surrogate wind quality and wave model perfor-
mance, surrogate datasets were generated using three different domains: the full NA,
the NEA region consistent with the WAM0.5NEA domain and the region around Ireland
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matching the SWAN0.025 model. In all cases, high-resolution surrogate wind fields were
generated by rearranging 3-hourly ERA5 wind data from the entire NA, based on time
indices identified through analogue matching. The resulting surrogate wind forcing was
then used to drive the nested model system to simulate wave conditions for the year
2023. The modelled daily Hs from each experiment was compared against observations
from the M3 and M4 buoys. Model performance was also evaluated by calculating the
EMD between the modelled and observed Hs distribution at both locations.
The wave height distribution curves shown in Figure 4.5 from the three surrogate wind
experiments show good overall agreement with observations at both M3 and M4 over
the one-year simulation period (2023). Examining the peak of the distribution, which
represents the most common wave states, all three surrogate configurations reproduce
the most frequently occurring wave heights reasonably well. However, differences emerge
in the high wave height tail of the distribution, representing extreme wave conditions,
where the choice of surrogate domain has a more pronounced effect.
The surrogate winds generated using the VD-Ireland domain produced the closest over-
all match to observations, supported by the lowest EMD values at both buoy locations
(0.09 at M3 and 0.10 at M4). However, it is noted that the use of the VD-Ireland domain
for analogue selection leads to a slight overprediction of wave heights at M3, particularly
in the high wave height tail of the distribution. This is attributed to the optimisation
of analogue selection over the smaller coastal domain, which may amplify local wind
conditions at this exposed western station. Despite this, the overall performance of the
VD-Ireland surrogate forcing remains superior to the NA and the NEA domain configu-
rations, highlighting that selecting analogues based on local wind conditions significantly
improves model performance in the nearshore region around Ireland.

The experiments described above determine the final model set up in this study. Using
ERA5 winds, the validation against buoy observations demonstrates that the nested
WAM-SWAN framework can reproduce observed wave conditions in Irish waters with
reasonable accuracy. The sensitivity analyses further indicate that 3-hourly wind forcing
provides the best representation of the full distribution of significant wave heights, and
that selecting analogues based on the Ireland domain produces surrogate wind fields that
generate realistic wave conditions. Based on these findings, 3-hourly wind data and the
Ireland domain were selected for generating surrogate winds. These surrogate winds,
derived from climate model data, are used to simulate wave conditions to examine the
present and future wave climate around Ireland. While biases exist in climate model
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4.6. Model Simulations and Computational Resources

Figure 4.5: Comparison of significant wave height distribution from SWAN driven by sur-
rogate winds generated through selecting different domain with significant wave height
from M4 and M4 buoy. The blue line represents the distribution curve of Hs from buoy
and the orange line represent the distribution curve of Hs from SWAN0.025 model driven
by VD-NA winds (a and d), VD-NEA winds (b and e), and VD-Ireland winds (c and
f). The top three plots represent comparison of model Hs with M3 buoy and bottom
three for that with M4 buoy. The bars indicate the histogram of wave heights from buoy
(blue) and model (orange).

winds, the focus of this study is the relative differences between present and future
simulations, rather than the absolute magnitude of wave heights.

4.6 Model Simulations and Computational
Resources

All wave model simulations were carried out on the Levante high-performance computing
system at the German Climate Computing Centre (DKRZ) under project ID uo1075.
The WAM simulations were executed in parallel using MPI across 5 nodes with 3 tasks
per node. For a 2-year simulation, WAM1.0NA required approximately 23 minutes and
WAM0.5NEA approximately 24 minutes of wall-clock time, corresponding to roughly
42–44 seconds of compute time per simulated day. The SWAN model was run in parallel
using OpenMP on a single shared node with 20 CPUs, requiring approximately 4.9 min-
utes of compute time per simulated day, with a peak memory usage of approximately
2.1 GB. Each 20-year SWAN simulation required approximately 25 days of wall-clock
time.
Two sets of 20-year simulations were conducted using the nested WAM-SWAN frame-
work, as summarised in Table 4.4:
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4.7. Wave projections in the Northeast Atlantic

1. Present climate (2004–2023): driven by surrogate winds from present-day
MPI-ESM under SSP5-8.5, with observed sea ice included in WAM1.0NA and
present-day sea level incorporated into SWAN.

2. Future climate (2081–2100): driven by future MPI-ESM surrogate winds un-
der SSP5-8.5, with sea ice set to zero and projected sea level rise incorporated into
SWAN simulations.

Table 4.4: Overview of wave model simulations conducted using the nested WAM–SWAN
framework.

Simulation Period Wind Forcing Sea Ice Sea Level

Present climate 2004–2023 MPI-ESM present MPI-ESM present Present-day

(SSP5-8.5)

Future climate 2081–2100 MPI-ESM future Set to zero Projected SLR

(SSP5-8.5) (SSP5-8.5)

Table 4.5: Computational resources used for wave model simulations on the Levante
supercomputer at DKRZ (Project ID: uo1075).

Model Run Mode Nodes CPUs Peak
Memory

Per
Simulated Day

WAM1.0NA MPI parallel 5 15 ∼147 MB ∼42 sec

WAM0.5NEA MPI parallel 5 15 ∼155 MB ∼44 sec

SWAN0.025 OpenMP parallel 1 20 ∼2.1 GB ∼4.9 min

4.7 Wave projections in the Northeast Atlantic
The present (2004–2023) and future (2081–2100) wave climate simulations were con-
ducted as described in Section 4.6, using surrogate winds generated under the SSP5-8.5
high-emissions scenario. Spatial and seasonal changes in significant wave height between
the two periods are analysed in the following sections.
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4.7.1 Spatial variation of wave height for Northeast
Atlantic

The analysis of Hs differences between future and present conditions, based on a 20-year
mean and seasonal averages, reveals notable spatial variations across the NEA under high
emissions scenario. These variations can be directly related to the projected changes in
wind patterns, which are the primary drivers of wave dynamics.
The spatial variation of 20-year mean Hs differences (Figure 4.6) indicates a significant
increase in wave heights in the northern part of the domain, mainly in the northwest of
Scotland and the west of Ireland. This is likely driven by stronger and more persistent
westerly winds associated with a general poleward shift in storm tracks and intensified
mid-latitude cyclones (Gentile et al., 2023; Pinto et al., 2013).
In contrast, a reduction in Hs is observed primarily in the central part of the domain,
particularly in the mid-latitudes of the NEA. These areas show a broad but moder-
ate decrease in wave heights, which may be attributed to a shift in storm trajectories.
The Iberian Peninsula exhibits relatively stable conditions, with minimal change in Hs

compared to the present, indicating little impact from projected wind changes in this
region. The semi enclosed seas such as the Irish Sea and the English Channel show
a slight reduction in Hs. The change in this area is smaller than in the central open
ocean, possibly due to the influence of local wind dynamics and the sheltering effect of
surrounding landmasses. Earlier studies have shown that the NEA is a region with
strong seasonal variations in Hs (Gallagher et al., 2016a; Tiron et al., 2013). Our analy-
sis also reveals pronounced seasonal differences under future climate conditions: winter
and summer show increased Hs, spring shows only minor changes, and autumn shows a
marked reduction in Hs. Quantitatively, the largest seasonal increase reaches up to 22
cm in winter and the strongest decrease of about 26 cm in autumn. Figure 4.7 illustrates
these seasonal differences and highlights the associated spatial patterns across the NEA
domain.
During winter, a pronounced increase in Hs is visible across the northern and western
parts of the domain, indicating stronger wave conditions likely associated with intense
and frequent winter storms. The region around Ireland, shows a widespread increase
in Hs under future conditions. Additionally, the Irish sea shows noticeable increase in
Hs, suggesting enhanced local wind forcing or greater wave penetration from the adja-
cent open Atlantic. In spring, the changes are minimal. Most areas are showing weak
positive or negative differences. This suggests that spring will bring relatively stable
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Figure 4.6: Spatial difference in the 20 year mean significant wave height (Hs) for the
Northeast Atlantic between future (2081–2100) and present (2004–2023) conditions. Pos-
itive values (red) indicate an increase in wave height, while negative values (blue) indicate
a decrease, highlighting regional variability in projected wave climate changes

wave conditions in the future. Summer shows a moderate increase in Hs in the northern
and southern parts of the NEA, while the central part shows reduction. Notably, the
western Iberian Peninsula, the area near the northern Ireland, and waters west of the
outer Hebrides experience higher Hs increases in summer than in winter. This highlights
the influence of seasonal wind shifts or persistent local wind forcing during this time. In
contrast, autumn shows a widespread and significant decrease in Hs, especially across
the central and southern parts of the domain, including the area of west of the Iberian
Peninsula and the Bay of Biscay. This is the only season showing a strong and consistent
negative anomaly across a broad area, suggesting a notable weakening of wave-generating
conditions during this period compared to other seasons.

4.7.2 Localized changes in wave height along the west
coast of Ireland

To understand how wave height distributions change locally, I compare the distributions
of Hs at the locations where the M3 (southwest of Ireland) and M4 (northwest of Ireland)
buoys are deployed (hereafter M3L and M4L will be used to represent the locations where
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Figure 4.7: Seasonal differences in the mean significant wave height (Hs) between future
(2081–2100) and present (2004–2023) conditions for the Northeast Atlantic. Each panel
represents a season (a - Winter, b - Spring, c - Summer, d - Autumn), with positive
values (red) indicating an increase and negative values (blue) indicating a decrease in
Hs. The plots highlight the seasonal variability in projected wave climate changes
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Figure 4.8: Distribution of Hs and comparison of future and present Hs at M3L and
M4L. The histogram plot (a) shows the comparison of Hs at M3L for present (blue)
and future (orange), while in (b) grey line represent the difference (Future - Present) in
bin frequencies of Hs and black line represent the difference in cumulative sum of Hs.
Like wise histogram plot (c) shows the comparison of Hs at M4L for present (blue) and
future (orange), while in (d) grey line represent the difference (Future - Present) in Hs

and black line represent the difference in cumulative sum of Hs.

the M3 and M4 buoys are deployed). The analysis compares the present and future Hs,
using histograms to examine the wave height distribution and to analyse the differences
in bin frequencies and cumulative sum of Hs. This comparison provides insights into
shifts in wave height characteristics such as whether future conditions involve more
frequent high waves, changes in moderate wave occurrences or shifts in calm conditions.
The climate change evaluation shown in Figure 4.8 and 4.9 is based on the full 20-year
simulation periods, covering 2004–2023 for the present climate and 2081–2100 for the
future climate. The analysis focuses on the locations in the west, M3L and M4L, as
the west coast of Ireland is the primary focus of this study due to its direct exposure
to North Atlantic swell. Locations in the east, M2L and M5L, located in the Irish
Sea, are dominated by local wind-sea conditions and represent a fundamentally different
wave climate regime, and are therefore not directly comparable to the swell-dominated
western stations in the context of this climate assessment.

The analysis of wave height distributions at the M3L and M4L shows notable differences
between present (2004–2023) and future (2081–2100). Histograms at both locations (see
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Figure 4.8(a), for M3L and Figure 4.8(c) for M4L) reveal contrasting trends. At M3L,
the orange bars (future Hs) are generally taller than the blue bars (present Hs) for Hs <

2 m, while blue bars are mostly taller for moderate waves (2-4 m). But for high waves,
from 4 to 8 m, the number of alternating blue and orange bars is roughly equal, making
it difficult to identify a clear pattern within that range. A few orange bars appear for
Hs > 8m at M3L. In contrast, at M4L, blue bars are taller than orange bars below 1.5
m, while from 1.5 to 4 m, the orange bars gradually increase and become taller. For
higher waves, M4L shows a pattern similar to that observed at M3L, and above 8 m,
orange bars are present but shorter than blue bars.
It is important to note here that the increase and decrease in each bin are not entirely
consistent within a given range. The trend described for each range is based on the
majority of bins being taller in either the present or future distribution, rather than
every single bin within that interval. While the histograms provide a visual summary of
these differences, they do not capture the full picture. The grey lines in Figure 4.8(b) and
4.8(d) which represents the bin to bin frequency differences capture these fluctuations;
however, these are often noisy and difficult to interpret. To better highlight the overall
shift between present and future distributions, the black cumulative sum difference line
was included.
At M3L (Figure 4.8b), there is a net positive shift below 2 m confirming that calm
conditions are projected to become more frequent. A dip across the 2-4 m waves indicates
a net reduction in moderate wave heights except around 3 m, where the dip is less
pronounced. Interestingly, the black line also reveals a distinct pattern for higher waves
at M3L that was not easily visible in the histogram plot. The line shows a decline from 4
to 6 m followed by a rise from 6 to 8 m suggesting a redistribution within the higher wave
categories. The curve then flattens after 8 m, highlighting slightly increased extremes.
At M4L (Figure 4.8d), the cumulative curve shows a sharp decline for calm conditions
and a steady increase for Hs in the moderate range. While the curve drops below zero,
this does not indicate that wave heights are decreasing overall. Instead, it shows that
the future has fewer calm wave events compared to the present. For Hs > 2 m, the
curve starts to rise, meaning that moderate waves become more frequent in the future.
Overall, the plot reflects a shift in the distribution, where calmer conditions reduce, and
moderate wave activity increases. More flatten curve afterwards confirms that extreme
conditions remain stable or slightly decrease.
Altogether, at M3L, wave conditions are shifting towards both calmer and more energetic
extremes with a reduction of moderate waves. M4L shows fewer calm states and modest
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Figure 4.9: Seasonal difference in cumulative Hs between future and present scenarios at
locations M3L (a) and M4L (b). The blue line represent spring, sky blue line represent
summer, the orange line represent autumn and the pink line represent winter.

increase in moderate waves and stable extreme wave frequencies in future. The shifts
towards moderate to high waves at M4L and those towards calm waves at M3L is in
line with the 20-year mean Hs difference, which clearly shows greater wave activity in
the northwest of Ireland compared to the southwest. Expanding on the histogram-based
analysis, the seasonal cumulative differences at M3L and M4L provide a detailed view
of how wave height distributions vary across different seasons. The seasonal cumulative
differences of Hs between future and present conditions at M3L (Figure 4.9a) and M4L

(Figure 4.9b) reveal distinct patterns in wave height distribution. At M3L, calmer waves
(Hs < 2 m) are more frequent in the future, while moderate waves (2-4 m) show a decline,
and those between 4 and 6 m (high waves) remain relatively stable in summer. No
extreme waves are observed in summer at M3L. During autumn, there is an increase in
waves between 1 and 3 m, indicating a shift to calmer, rather than moderate conditions.
However, the difference decreases between 3 and 6 m, while higher waves (above 6m)
show very less increase in the future, with the presence of extreme waves (> 8 m ). In
spring, a similar pattern to that of autumn is observed, with an increase between 1 and
3 m, followed by a decline up to 6 m. However, the magnitude of these changes is less
pronounced. Unlike in autumn, high waves above 6 m are expected to be more frequent
in spring. Winter, in contrast to other seasons, shows a negative cumulative difference
for calm to moderate waves, indicating a reduced frequency of these events, while the
occurrence of higher and extreme waves (> 6 m) increases. This suggests a shift toward
more energetic wave events during winter at M3L.
At M4L, small waves are projected to decrease in all seasons. In autumn, minimal
changes are seen across all wave heights marking a contrast to autumn at M3L, except
for extreme waves, which will remain similar to present conditions. Moderate waves
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become more frequent in spring, with higher and extreme waves showing little change
compared to present. Summer at M4L shows an opposite trend to that at M3L, with
a sharp increase in moderate waves and some high waves up to ∼ 7 m, suggesting more
energetic conditions. Winter indicates an increase in moderate waves, as well as a rise
in the occurrence of high waves and some extreme events in the 8-10 m range.
The seasonal cumulative differences at M3L and M4L can be further related to the
seasonal spatial patterns of wave height change across the NEA domain. In winter,
the spatial maps (Figure 4.7) indicate increased wave activity along the west coast of
Ireland, which is reflected in the increased frequency of high waves (Hs > 4 m) at both
M3L and M4L. In spring, the spatial maps show relatively stable or modest increases
in Hs along the west coast, consistent with the local distributions showing an increase
in moderate waves (1-3 m) at both locations and a decline in the 3-6 m range, alongside
some increase in high waves. In summer, the spatial maps show contrasting behaviour
between the southwest and northwest coasts, with increased wave activity at M4L but
reduced activity at M3L. This is reflected in the local distributions, where M3L shows an
increase in calm states with no extreme waves, while M4L exhibits higher wave activity
including waves up to approximately 7 m. In autumn, the spatial maps indicate a general
decline in wave height across the region, broadly consistent with the local results at M4L,
which shows more frequent calm waves and a decline in higher waves. However, M3L

shows a comparatively different response during autumn, with wave conditions remaining
more similar to present conditions. This contrasting behaviour between M3L and M4L

during autumn may be associated with the poleward shift of the North Atlantic storm
track during the transition from autumn to winter, which could differentially affect the
southwest and northwest coasts of Ireland. However, this interpretation requires further
investigation.

4.8 Discussions
4.8.1 Surrogate data as an efficient downscaling

alternative
Understanding future wave changes is crucial for long-term coastal planning and man-
agement. Global climate models (GCMs), serve as the primary source of future atmo-
spheric forcing. However, because of their coarse spatial resolution (typically ranging
from 100 to 250 km grid spacing), traditional GCMs, like MPI-ESM, have difficulty
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in adequately representing small-scale wind variability. To address this, various down-
scaling approaches, such as dynamical downscaling, statistical downscaling, and, more
recently, machine learning-based methods have been developed.
Dynamical downscaling offers detailed physical representations. However, it is com-
putationally intensive, requiring significant storage and long simulation times (Rozoff
and Alessandrini, 2022). In contrast, statistical methods are computationally efficient
but rely on predefined relationships, which may limit their ability to capture complex,
non-linear interactions between variables (Rozoff and Alessandrini, 2022). According
to Zhang et al. (2024), machine learning-based approach models intricate, non-linear
relationships and effectively handle high-dimensional datasets. However, they demand
significant computational resources, large training datasets, and domain expertise, which
can pose challenges for practical implementation (Getter et al., 2024).
This study employs an analogue-based approach as a simpler and more resource-efficient
alternative. By selecting analogue days based on the average vector difference with
MPI-ESM winds and rearranging high-resolution ERA5 data, the surrogate wind dataset
preserves the temporal evolution of the climate model while achieving both spatial and
temporal coherence with ERA5. In addition, this method captures the non-linear dy-
namics in the observational dataset and preserves the physical realism. The method
therefore overcomes the limitation of traditional statistical methods that often rely on
empirical fits or treat grid points independently. Furthermore, by using existing datasets
and rearranging them based on identified analogues, rather than generating new data
through complex simulations or extensive model training, this method aligns with the
principles of surrogate modelling – a concept commonly used in machine learning (Boc-
quet, 2023). Surrogate models simplify complex systems, enabling faster predictions
without the need for full simulations (Bocquet, 2023). Similarly, the analogue approach
effectively generates high-resolution surrogate data using statistical techniques. Thus,
the method avoids the computational demands of dynamical downscaling and machine
learning while providing reliable inputs for wave climate analysis. Furthermore, con-
sidering that machine learning methods often fail to outperform simpler interpolation
techniques, such as bicubic interpolation, in reconstructing extreme wind conditions
(Rezvov et al., 2022), the analogue-based approach provides a computationally efficient
and reliable solution for downscaling winds for nearshore wave modelling.
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4.8.2 Methodological considerations
The sensitivity of SWAN to the temporal resolution of ERA5 wind forcing underscores
the importance of high-frequency wind data for accurate wave simulations. The signif-
icant deviations observed with 6-hourly and daily wind forcings highlight the inability
to resolve the temporal variability needed for reproducing moderate and frequent waves.
This finding aligns with the study by Bauer and Weisse (2000), which demonstrated
that wave models driven by coarser winds (temporal resolution) significantly underes-
timate significant wave height. EMD values computed in this study further strengthen
this. The model performance with 1-hourly and 3-hourly wind forcings aligns with the
previous studies, reinforcing the decision to use 3-hourly wind data for surrogate wind
generation. This decision balances computational efficiency and model accuracy which
are critical for long-term simulations.
The choice of spatial domain is an important part of the surrogate data generation pro-
cess, as it affects how well the selected analogues represent the target conditions. The
domain should be chosen based on the specific goals of the study. In this study, the
surrogate wind data are used to drive wave models. So, it is important to make sure
that the selected domain captures the wind patterns that generate waves affecting the
region of interest.
Even when the analogue selection was based on a smaller region around Ireland, the
resulting surrogate winds were created by shuffling ERA5 data covering the full NA, us-
ing the selected time indices. Since the prevailing winds reaching Ireland are westerlies,
the regional domain inherently reflects large-scale atmospheric patterns over the NA.
This means that even though the analogue selection is performed from a smaller area,
the chosen time indices can reflect the larger weather patterns. Preserving large-scale
wind effects is crucial for simulating waves near Ireland, as swells significantly shape the
Irish wave climate (Gaughan and Fitzgerald, 2020; Gallagher et al., 2016b). The good
agreement (low EMD value) achieved by SWAN model nested in WAM forced by same
surrogate winds suggests that the surrogate data not only reproduced the local wind con-
ditions but effectively captured the large-scale wind patterns over the NA basin, which
are also responsible for the waves along the Irish coast.
The Euclidean distance between MPI-ESM and ERA5 wind fields computed using the
vector components of wind allowed to incorporate both wind speed and direction in
similarity assessment. For each day in MPI-ESM, the analogue was identified as the
day in ERA5 with the minimum spatially averaged vector difference. Following this, the
3-hourly wind data were rearranged according to the new time sequence derived from
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the comparison.

4.8.3 Key findings
Model validation, sensitivity analysis, and projected wave height changes provide a de-
tailed understanding of the wave climate in the study area under the current and future
scenarios. Validation of the models against buoy observations confirms that both WAM
(WAM0.5NEA) and SWAN (SWAN0.025) adequately capture wave conditions, but their
performance varies depending on location. The WAM model was effective in capturing
wave dynamics in open waters and its limitations nearshore underscore the need for
models like SWAN to resolve fine-scale features. The accuracy of SWAN in representing
nearshore wave characteristics further reinforces its suitability for coastal applications,
especially in regions having complex geomorphology like the Irish coast.
The future projections show noticeable spatial variations in wave height changes across
the NEA under the RCP8.5 scenario. An intensification of wave activity is observed in
the northern parts of the domain, while the southern and eastern regions experience a
reduction in wave heights. These changes can be linked to the influence of shifting wind
patterns. The NEA region around Ireland exhibits contrasting trends, with the west
coast showing an increase in mean significant wave height, while the east coast remains
more stable. Seasonal variations in wave height changes provide additional insights, with
the most pronounced increases occurring in winter (up to 22 cm) and summer (up to 15
cm), while autumn exhibits the largest decrease in wave height (up to 26 cm).
However, these findings contrast with those of Gallagher et al. (2016a) and Gallagher
et al. (2016b), which projected an overall decrease in Hs, with the greatest reductions
occurring in winter and summer under the RCP8.5 scenario near Ireland. Gallagher
et al. (2016a) conducted a 30-year future projection compared with a 30 year hindcast
of wind-waves using WW3 and wind data from the EC-Earth global climate model. In
contrast, the present study focuses on a 20-year comparison of future projections with
present conditions, incorporating present and future sea level rise scenarios.
The seasonal variations in wave heights follow a pattern similar to the seasonal differ-
ences in 20-year mean wind patterns between the future and present from surrogate data
(refer Figure A.9). This similarity confirms that NEA waves are predominantly wind-
driven. However, in spring, the Hs pattern does not directly mirror the wind speed
changes, which show weak and spatially mixed signals across the domain. This can be
attributed to the transitional nature of spring, where wave conditions retain the mem-
ory of the preceding winter storm activity while simultaneously experiencing the onset of
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the less active summer circulation, where the expanding Azores High begins to suppress
westerly winds across the NEA. The combination of these competing influences, residual
winter wave energy and emerging summer suppression, results in a spring wave height
pattern that does not directly reflect the concurrent wind forcing, but rather represents
a transition between the energetic winter and calmer summer wave regimes.
Despite the resolution difference between the raw MPI-ESM winds (1.8°) and the sur-
rogate winds (0.25°), the seasonal difference patterns show broad agreement in their
spatial structure across all seasons (refer Appendix A.8 and A.9). This agreement con-
firms that the surrogate method successfully captures the large-scale climate change
signal projected by MPI-ESM, while simultaneously providing a higher resolution and
more physically realistic representation of the wind field over the ocean. The winter
differences between the two patterns, where the MPI-ESM signal appears displaced to-
ward coastal grid points, are attributed to the known equatorward bias of the North
Atlantic storm track in coarse-resolution CMIP models (Harvey et al., 2020). As the
surrogate method selects high-resolution ERA5 days based on their synoptic similarity
to MPI-ESM patterns, the resulting surrogate wind fields inherit the higher spatial res-
olution of ERA5, which may partially reduce the influence of this bias over ocean grid
points. The overall consistency between the MPI-ESM and surrogate seasonal wind pat-
terns nonetheless provides confidence that the surrogate method successfully captures
the large-scale climate change signal projected by MPI-ESM.
While future projections indicate an increase in mean wave heights over the northern
NEA, the regional variability in wave climate needs to be carefully analysed. This need
is reinforced by the contrasting trends observed at locations M3L and M4L. At M4L,
a decline in calm sea states along with an increase in moderate and higher wave heights
indicates a transition toward more energetic and active wave conditions. The Hs dis-
tribution at M3L reflects a shift in waves where moderate waves become less frequent,
while both calm and high waves are becoming more dominant. A potential increase in
high wave events at M4L (located NW of Ireland) could be attributed to its exposure
to the poleward shifting storm tracks. Projected higher waves and stable extreme waves
at both locations may reflect increased storm severity or regional response of the wave
climate under future conditions.
The seasonal spatial plots show that autumn experiences the greatest overall reduction
in Hs and winter showing an increase in Hs across the NEA domain; the location specific
analysis at M3L and M4L further validates this trend. In autumn, M3L shows a shift
towards calmer waves and M4L exhibits stable conditions across all Hs ranges. Both
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findings support the broader regional signal of declining wave activity in autumn. In
winter, when increased Hs is observed along the west coast of Ireland, both locations
show an increase in moderate to very high waves. However, extreme wave events con-
tinue to occur at both sites across both seasons, emphasizing that while regional trends
are useful, location-specific assessments are essential to capture the full range of wave
height behaviour.
The significant increase in extreme waves during winter at both M3L and M4L high-
lights the elevated risks associated with winter storms in future scenarios. Conversely,
summer month Hs are less influenced by extreme events, making summer more suitable
for activities like sailing. At M3L, the increase in calm conditions across most seasons,
except winter, suggests that spring, summer, and autumn offer suitable windows for
marine operations. At M4L, autumn appears to be the most favourable period as it
remains relatively stable across all wave height ranges.

4.9 Study specific limitations
The same reference period (2004–2023) is used to generate surrogates for both present
and future scenarios, since ERA5 data are only available up to the present. However,
this does not imply that the same wind represent both time periods. Instead, ERA5
days were selected based on their similarity to MPI-ESM wind patterns for the present
and future, allowing the surrogate wind fields to reflect the projected climate signal while
maintaining high-resolution physical realism.
This study relies on a single ensemble member of MPI-ESM under the SSP5-8.5 scenario.
Even under the same emissions scenario, the climate in 2081–2100 can evolve differently
depending on the model used and its internal variability which refers to the natural ran-
dom fluctuations within the climate system that are not driven by external forcing (Wu
et al., 2022; Morim et al., 2019). The use of a single ensemble member means that the
projected wave climate changes presented here represent one plausible future scenario.
Other ensemble members of the same model, or different climate models entirely, may
produce somewhat different projections in terms of the magnitude and spatial pattern
of wind and wave height changes. The results should therefore be interpreted with this
uncertainty in mind. A multi-model or multi-member ensemble approach would provide
a more robust assessment of the uncertainty in future wave climate projections and is
recommended for future work .
The MPI-ESM simulations used in this study project generally lower or comparable wind
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magnitudes in the future relative to the present. Figure A.10(a-d) shows that MPI-ESM
projects a notable decrease in both the 95th percentile and maximum wind speeds in
the future, especially over the NA storm track region. As future wind magnitudes are
generally lower than or comparable to those already captured in ERA5, this reinforces
that ERA5 remains a valid and appropriate source for analogue selection under projected
future conditions.
Furthermore, Figure A.10 (e) and (f) show that ERA5 includes a broad range of wind
conditions, including extreme values exceeding 30 m/s. This confirms that ERA5 pro-
vides a sufficiently wide and realistic pool of wind events for analogue selection, even
when generating surrogate data for future conditions.
In the NEA, where the prevailing winds are predominantly westerlies, surrogate winds
generated through the analogue method effectively captured the seasonal variations in
wind seen in MPI-ESM. The resemblance of seasonal wave patterns with those of wind
variations also demonstrates the robustness of the approach in regions with relatively
consistent wind regimes. However, in more complex environments like the Indian Ocean,
where wind patterns exhibit significant seasonal and spatial variability due to phenom-
ena such as monsoons, the domain selection for the surrogate data generation method
requires careful evaluation.
Thus, the method of surrogate generation has certain limitations that did not signifi-
cantly affect the study. However, it should be carefully used when applied to extreme
events or to regions with projected increases in wind or highly complex wind regimes.
While this study focuses on significant wave height (Hs) as the primary parameter for
climate change assessment, wave peak period (Tp), mean period (Tm), spectral moments
and wave direction are also important parameters for coastal protection design and
seabed erosion studies. These parameters are available as standard outputs from both
the WAM and SWAN simulations.
Explicit tidal forcing was not applied in the wave simulations. Instead, projected sea
level rise from IPCC AR6 and the storm surge anomaly from UKCP18 were incorporated
as sea level inputs into SWAN, accounting for the mean change in water depth under
both present and future climate conditions. Generating consistent tidal forcing fields for
the full 20-year present and future simulation periods would require a dedicated tidal
modelling exercise, which was beyond the scope of this study. The exclusion of tidal
forcing is acknowledged as a limitation, and its inclusion is recommended for future
work focused on nearshore wave processes
Another important aspect concerns sea level rise. Although sea level rise consistent with
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the high emissions scenario (RCP8.5) was incorporated in the wave model, its influence
on wave simulations was not explicitly analysed in this chapter. The impact of sea level
rise are most pronounced in the coastal areas, where even small increases in water level
significantly amplify the coastal wave impacts leading to flooding and erosion (van de
Wal et al., 2023). Understanding the combined effect of sea level rise and waves are
important for evaluating the potential climate change impacts on the coast and remains
an important area of research. The detailed analysis of the combined effect sea level rise
with coastal waves and their impacts are presented in the following chapter.

4.10 Conclusion
In this study, the robust wave modelling framework developed includes finer resolution
models for the NEA and the Irish coastal waters. The models driven by high-resolution
surrogate winds were able to capture the spatiotemporal variability of the wave climate
which is predominantly wind driven. The analogue method was more efficient in terms
of computational time and expenses compared to common downscaling techniques which
made the surrogate data a practical resource for long-term assessments of wave climate.
The findings provide a reliable foundation for understanding wave dynamics and sup-
porting coastal management under future climate scenarios.
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CHAPTER 5
Translating Offshore Waves to

Coastal Wave Impact Assessment:
Wave Run-up on Galway Bay

The previous chapter explored offshore wave dynamics using WAM and SWAN, providing
a detailed understanding of wave conditions in the deep and nearshore waters of the NEA
region around Ireland. However, they do not directly capture the impacts of wave events
on the coast. In this chapter, the focus shifts towards assessing impacts by analysing
wave-driven run-up, a key indicator of the potential coastal flooding and erosion. Both
the magnitude and frequency of high run-up events are evaluated under present and
future climate conditions. This approach enables a more impact oriented analysis of
how changing wave climates and sea level rise may affect coastal risk at Fanore Beach.

5.1 Introduction
Regional wave climate projections are essential for understanding large-scale oceano-
graphic changes, yet they cannot directly inform coastal management decisions or in-
frastructure design (Guisado-Pintado and Jackson, 2019). The projected wave height
changes observed across Irish waters, as established in the previous Chapter 4, carry
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significant implications for Ireland’s maritime planning and regional risk assessments.
However, such regional-scale informations provides little guidance for coastal engineers
determining heights of sea walls, for flood risk managers planning evacuation routes, or
for local authorities assessing vulnerable communities. This highlights a critical gap:
the need to translate these offshore wave climate projections into quantifiable coastal
impacts. In particular, an open question remains - how do changing offshore wave con-
ditions manifest as run-up elevations at a specific coastal location?
Wave run-up is the final stage of wave energy transformation as waves propagate from
deep to shallow water environments (Brocchini and Baldock, 2008). In deep water, waves
travel unaffected by the sea bed. However, when waves enter shallow water (typically
defined as depths less than half of the wavelength; Simmonds et al., 1996), they begin
interacting with the bottom bathymetry. This interaction creates bottom friction that
slows the lower part of the wave while the upper part continues at its original speed,
resulting in steepening and eventually breaking. After breaking in the surf zone, waves
continue into the swash zone, where uprush on the beach face or coastal structure is
observed as run-up (Brocchini and Baldock, 2008).
Numerous definitions of wave run-up exist. In this study, run-up is defined following
Van der Meer (2017), as the vertical height from the still water level to the maximum
uprush on a beach or coastal structure (see Figure 5.1). This process depends on both
offshore wave conditions and local coastal morphology (Dodet et al., 2018), making it a
complex but critical parameter for coastal impact assessment.

Figure 5.1: Conceptual schematic of wave run-up (adapted from; Villarroel-Lamb and
Williams, 2022). The dashed line below the black arrow represents the still water level.
Wave run-up, R, is the maximum vertical elevation reached by waves from the still water
level across beach profile having steepness β.
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Wave run-up is a driving force for coastal processes, such as sediment transport, in-
cluding beach erosion and coastal flooding. It also plays a central role in swash zone
sediment transport through the uprush and backwash cycle, with wide-ranging implica-
tions for both engineering applications and coastal dynamics (Lerma et al., 2017; Zijlema
and Stelling, 2008). It influences the design of protection structures, beach nourishment
projects, and flood mitigation strategies (Solano et al., 2025; Senechal et al., 2011). Un-
der high-energy conditions, run-up plays a central role in coastal erosion and flooding
(Lee et al., 2024; Li et al., 2021; Earlie et al., 2018; Dewey and Ryan, 2017; Wahl et al.,
2016). Run-up levels are also a major factor in overtopping, as uprush exceeding the
crest of sea walls or revetments can allow water to pass landward, leading to flooding
and damage to coastal structures (Solano et al., 2025; Pullen et al., 2007). In addition,
run-up governs the extent of coastal inundation, an impact expected to intensify under
projected sea level rise and posing risks to low-lying communities and infrastructure
(Senechal et al., 2011). Large run-up events also pose direct safety risks, such as those
documented along the Pacific Northwest coast of the United States, where they con-
tribute to fatalities and severe beach hazards (García-Medina et al., 2017).
Ireland’s exposure to the energetic NA wave climate makes run-up assessment crucial
for coastal protection and flood risk management. Irish coastal research has provided
valuable insights into run-up impacts during storm events, yet dedicated quantitative
run-up studies remain limited. For example, a study by Guisado-Pintado and Jackson
(2019), on Ireland’s northwest coast demonstrated that the coincidence of energetic wave
conditions with favourable hydrographic conditions – particularly higher water levels –
matters more for coastal impact than wave energy alone. When high waves arrive at
high tide, the elevated water depth allows waves to propagate further into the nearshore
zone before breaking, delivering more energy directly to the beach face and producing
greater run-up heights. Their study at Five Finger Strand, County Donegal, compared
two storms: Storm Ophelia (2017) and Storm Hector (2018). Despite Storm Hector
having lower wave energy than Ophelia, it caused more dune erosion because its wave
run-up occurred during high tide, allowing waves to reach and damage the dune. This
study aligns with Cooper et al. (2004), who found that Ireland’s west coast beaches are
normally protected by their wide, energy-dissipating surf zones. However, they become
vulnerable when severe waves coincide with high tide, enabling wave run-up to reach
dune face. Numerical studies suggest significant run-up amplification is possible under
certain wave and bathymetric conditions (Herterich and Dias, 2017). However, compre-
hensive run-up quantification remains limited for Irish coastal environments.
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To address this limitation, I developed a one-dimensional numerical model for wave
run-up, SWARM-1D: Shallow WAter WAve Run-up Model in 1 Dimension. Existing
models for simulating nearshore processes like XBeach (Smit et al., 2010), SWASH (Zi-
jlema et al., 2011), or OpenFOAM (Jasak et al., 2007) are powerful but computationally
demanding and require substantial resources to operate at high resolution over long sim-
ulation periods. The motivation for developing a one-dimensional model is to create a
tool that can run efficiently on modest computational resources while still resolving the
key physics of wave run-up.
SWARM-1D is based on the first order finite difference solution of the non-linear shallow
water equations (NSWE). The model is used to compute wave run-up along a represen-
tative coastal profile at the entrance of Galway Bay, using the wave boundary conditions
from SWAN simulations (from Chapter 4). This framework enables the quantification
of present and future run-up levels, including the effect of sea level rise (SLR).

5.2 Site description
Galway Bay (see Figure 5.2 b), is a large semi-enclosed marine embayment located on
the central west coast of Ireland. The bay is partially sheltered from direct Atlantic ex-
posure, though significant wave energy still enters through the North and South Sounds,
particularly during storm events (Calvino, 2021; Bento et al., 2018). The bay is approx-
imately 62 km long and 30 km wide, with depth varying from 70 m (outer bay) to 30 m
(inner bay) (Calvino, 2021; McCullagh et al., 2020). It also experiences significant tidal
variation ranging from 2 to 5 m (Calvino, 2021).
Galway Bay is one of the most severely wave-impacted regions in the western Ireland
(Scheffers et al., 2009). The bay’s exposure to wave energy is evidenced by coastal boul-
der deposit with individual boulders exceeding 50 tons found at least 15 m above the
coastal mean high water (Erdmann et al., 2017). The region also faces increasing coastal
flood risk, with Galway County identifying severe storm events as the most significant
climate hazard during the period 1973–2022 (GCC, 2024). Galway City Council’s (GCC)
first Climate Action Plan (GCC, 2024) indicates a sea level rise up to 24 cm by 2050,
which will increase the frequency of coastal inundation. The significance of these coastal
risks is amplified by the region’s substantial population exposure, with Galway County
home to approximately 193,000 inhabitants, of which 43% live in Galway city (CSO,
2022). These concerns have led Galway City Council and the Office of Public Works
(OPW) to identify the area as requiring detailed wave climate assessment for coastal
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flood risk management (Neill, 2021).

(a)
(b)

(c)

Figure 5.2: Study site location and boundary setup for SWARM-1D simulations. (a)
Map of Ireland with Counties Galway and Clare highlighted. (b) Zoomed in view of
Galway Bay (shaded in blue). The red dot marks the Fanore Beach. (c) Google Earth
image of Fanore Beach, with shorelines extracted for three consecutive months in 2022
illustrating the dynamic nature of the beach (The map includes data from: Data SIO,
NOAA, U.S. Navy, NGA, GEBCOMaxar TechnologiesAirbus; Google Earth, 2025).

Fanore Beach, located at Galway Bay’s southern entrance, was selected as the specific
case study location for wave run-up analysis. Visual analysis of shoreline change illus-
trated in Figure 5.2(c) using Google Earth satellite imagery, demonstrates the dynamic
nature of the beach. Being a sandy beach within Galway Bay (Erdmann et al., 2017),
Fanore provides an ideal setting to investigate wave run-up processes on dissipative beach
profiles typical of Ireland’s Atlantic coast. The location combines extreme wave expo-
sure with representative coastal morphology, making it suitable for examining run-up
dynamics under both current and projected climate conditions.
Though Fanore beach is situated along the County Clare coast, it serves as the primary
passage through which the NA wave energy entering the bay. Despite being located in
County Clare, this entrance point directly influences wave conditions throughout Galway
Bay and the flood risks identified by the GCC and the OPW.
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5.3 Model development choices
The development of one-dimensional model began with the aim of creating a stable and
computationally efficient numerical model for simulating wave transformation near the
shore. Initially, higher-order Boussinesq type equations following the approach of Liang
et al. (2013) were considered to better represent the dispersive effects of waves. Prelim-
inary tests showed that these equations could successfully propagate solitary waves over
flat bathymetry. However, when applied to sloping bathymetry, an essential feature for
nearshore wave transformation and run-up studies, the formulation showed numerical
instabilities and accuracy issues. Developing a robust and stable Boussinesq solver ca-
pable of handling variable bathymetry was beyond the practical scope of my research.
Consequently, the decision was made to adapt an existing shallow water model, by ex-
tending it with first-order non-linear terms, to provide a computationally effective and
stable framework for predicting wave run-up.
As a result, I revisited work undertaken during my model development training, where
I developed a one-dimensional shallow water model based on the approach of Kämpf
(2009). In that exercise, tsunami waves propagating over an island were simulated using
the shallow water equations. It successfully captured how waves deform as they travel
over varying bathymetry. While testing the model, I recognised that the same physics
applies to waves approaching a beach; this framework was adapted to study wave run-up
on a sloping coastal profile.
The main modification in the present work is the inclusion of non-linear advection and
flux terms in the governing equations, thus extending the linear shallow water into a
fully non-linear form. These additions enable the model to capture essential nearshore
processes of wave shoaling, wave steepening, and wave run-up to the beach (Zijlema and
Stelling, 2008). The resulting one-dimensional framework was then discretised using
explicit finite difference methods, which form the basis of the SWARM-1D. Overall, the
model maintained numerical stability and computational efficiency which were one of
the main objectives of developing a model rather than using an existing one.
Furthermore, the NSWE have been successfully employed by numerous researchers for
modelling nearshore wave transformation (Noor et al., 2024; Fatihah and Loy, 2023;
Harris et al., 2015; Kuiry et al., 2012; Brocchini and Dodd, 2008; Zijlema and Stelling,
2008), demonstrating their ability to capture the dynamics of waves near the shore.
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5.4 SWARM-1D: Numerical approach
In this section I am presenting the mathematical formulation and numerical implemen-
tation of the SWARM-1D model. The model solves the NSWE in one dimension using
finite difference methods with the explicit time-stepping and upwind spatial discretisa-
tion. The foundational numerical approach is based on the work by Kämpf (2009), but
extends it through the inclusion of the advection and flux terms, thereby making the
model fully non-linear.
Spatial discretisation employs a mixed finite difference scheme, combining forward differ-
encing with an upwind approach to ensure stability and accurate momentum transport.
The use of the upwind scheme for non-linear terms was independently developed during
this study (in 2023) and later found to be consistent with the approach by Noor et al.
(2024).

5.4.1 Governing equation : NSWE
The classic NSWE (Mousa, 2018; Gedik et al., 2005) are:

∂η(x,t)
∂t

+
∂(uh)(x,t)

∂x
= 0, (5.1)

∂u(x,t)
∂t

+ u(x,t)
∂u(x,t)

∂x
= −g

∂η(x,t)
∂x

(5.2)

where η denotes the water surface elevation above the still water level, u is depth-
averaged horizontal velocity, and h = h0 + η is the total water depth. The variable g is
the acceleration due to gravity, x is the horizontal coordinate, and t is time.
For clarity, the spatial and temporal dependencies (x, t) of variables are shown only once
here and are omitted in the following equations.
In Eq. 5.1, which is the conservation of mass (continuity equation), ∂η

∂t represents the
rate of water level, that is, change that is how quickly the water surface is rising or
falling at a point. In addition, ∂(uh)

∂x is the flux gradient, which shows how the flow rate
changes over time.
Eq. 5.2 is the momentum conservation equation, ∂u

∂t , is actually the acceleration term
representing how quickly the water velocity is changing at a point (for example there
might be a sudden acceleration if a tsunami arrives), u∂u

∂x is the advection term (transport
of momentum by flow), and ∂η

∂x is the slope of the water surface showing the surface
elevation changing over distance.
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5.4.2 Numerical discretization
The model implements an explicit finite difference scheme to solve the coupled system
of the NSWE. It involves the sequential updates of momentum and mass conservation
at each time step.
The numerical implementation of model employs a forward Euler scheme for temporal
discretization, providing an explicit time-stepping approach. Spatial discretization is
carried out using a mixed finite-difference (forward difference and upwind scheme) ap-
proach to ensure numerical stability.
The computational domain is divided into Nx grid points with uniform spacing ∆x,

xi = xmin + (i − 1)∆x, i = 1, 2, ........, Nx (5.3)

where i is the grid index and xmin is minimum distance.
Time is discretised as follows:

tn = n∆t, i = 1, 2, ........, Nt (5.4)

where ∆t is the time step, Nt is total number of time steps, n is the time index.
The NSWE are discretised as follows:

un+1
i = un

i + ∆t [−g
ηn

i+1 − ηn
i

∆x
− (u∂u

∂x
)
n

i
] = 0 (5.5)

ηn+1
i = ηn

i + ∆t

∆x
(F n+1

i+ 1
2

− F n+1
i− 1

2
)) = 0 (5.6)

where Fi+ 1
2

= (uh)i+ 1
2

represents the mass flux at the cell interface.
The subscripts and superscripts used in these equations are numerical indices rather
than mathematical powers. This notation is standard in finite-difference schemes. The
subscript i refers to the spatial grid point, while the superscript n indicates the discrete
time level. For example, ηn

i represents the water surface elevation at grid point i and
time step n; ηn+1

i corresponds to the next time step; and ηn+1
i+1 refers to the elevation at

the neighbouring grid point at the next time step.
It should be noted that the advection term in Eq. 5.6 is retained in differential notation in
Eq. 5.8 because its discretized form is conditional on the local flow direction. Depending
on the sign of the velocity, two different differencing stencils are applied following the
upwind scheme, and the conditional discretisation of this term is therefore presented
separately in Eq. 5.8.
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5.4.2.1 Spatial discretization

The pressure gradient term in the momentum equation employs a forward difference
scheme:

∂η

∂x

∣∣∣∣
i

≈
ηn

i+1 − ηn
i

∆x
(5.7)

The approach evaluates the gradient using the current and downstream points, ensuring
that the pressure forcing is aligned with the shoreward direction of wave propagation.
While the non-linear advection term u∂u

x utilises a first order upwind scheme that adapts
the differencing method based on local flow conditions:
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(5.8)

The method selects the derivative based on the sign of the velocity. When the flow is
directed onshore (u>0), the backward-difference form is used, while offshore directed
flow (u<0) is resolved using forward differencing. This ensures that the information
always propagates from the upstream side.
The continuity equation employs a conservative control volume approach to ensure mass
conservation. The numerical flux (in Eq. 5.6) at cell interfaces is computed using an
upwind scheme as follows:

Fi+1/2 =

un+1
i Hn

i if ui+1/2 ≥ 0

un+1
i+1 Hn

i+1 if ui+1/2 < 0
(5.9)
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i−1 Hn

i−1 if ui−1/2 ≥ 0

un+1
i Hn

i if ui−1/2 < 0
(5.10)

where ui+ 1
2

= 1
2(un+1

i + un+1
i+1 ) and ui− 1

2
= 1

2(un+1
i−1 + un+1

i ).
In Equations 5.9 and 5.10, if the velocity at the interface is positive, the flux is taken
from the left (upstream) cell, whereas if the velocity is negative, flux is taken from the
right cell. This guarantees that volume transport is always resolved according to flow
direction, preventing non-physical oscillations and thus preserving stability.

5.4.3 Temporal discretization
The model is implemented using explicit forward Euler time integration for both mo-
mentum and continuity equations. Explicit forward Euler is a time-stepping method in
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5.4. SWARM-1D: Numerical approach

which new values, at n+1, are calculated directly using known values, at n (Rapp, 2016).
It is simple to implement but requires small time steps for stability.

5.4.4 Stability criterion
The explicit time approach requires satisfying stability criterion for the above equations,
known as the Courant-Friedrichs-Lewy condition or the CFL condition (Courant et al.,
1928)

∆t ≤ ∆x√
ghmax

, (5.11)

where hmax is the maximum water depth. This constraint ensures that the fastest
wave cannot propagate more than one grid cell per time step. The model implements
automatic CFL checking and terminates execution if the condition is violated.

5.4.5 Numerical filtering
To suppress the high-frequency numerical oscillations that often arise in finite-difference
schemes, a selective Shapiro filter is applied to the water surface elevation.

η̃i = (1 − εWi)ηn+1
i + εWi

2 (ηn+1
i+1 + ηn+1

i−1 ) (5.12)

The filter acts by replacing the raw water level at a grid point with a weighted average
of its own value and those of its two nearest neighbours. The weighing parameter, ε,
controls the amount of smoothing applied. In this study, ε = 0.2 was selected based
on sensitivity tests that confirmed this value suppresses spurious oscillations without
significantly damping the physical wave signal. Values of ε between 0.1 and 0.5 are
commonly used in shallow water models (Kämpf, 2009). ε = 0.2 was found to provide
the best balance between numerical stability and wave amplitude preservation for the
grid resolution and wave conditions used here.
The wet cell indicator, Wi, ensures that filtering is performed only in wet computational
cells. A cell is classified as wet when Wi = 1 (i.e., when the total water depth h ≥ Hmin),
and as dry when Wi = 0.. Filtering is applied only to wet cells to avoid unphysical
smoothing near the wet/dry interface.
After this step, the water surface elevation at the new time level (n+1) is updated with
the filtered elevation, i.e., ηn+1

i = η̃i
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5.4. SWARM-1D: Numerical approach

5.4.6 Wetting and Drying algorithm
The wetting-drying algorithm provides a simple but robust way to represent the moving
shoreline in the 1D model. This algorithm addresses the fundamental challenge of shallow
water equation becoming mathematically singular (becoming unstable due to division
by 0) as water depth approaches zero.
At each time step, every computational cell is checked against a minimum water depth
(Hmin). If the total water depth, h, in a cell is greater than or equal to this threshold,
the cell is classified as wet (Wi = 1). The full NSWE are applied in wet cells. If the
depth is smaller, the cell is classified as dry (Wi = 0) and is treated with a simplified
momentum condition that prevents the unrealistic velocities from developing in near dry
regions. The unrealistic flow is prevented by setting velocities to zero and only allowing
momentum changes when water is being pushed into the dry cell from adjacent wet
areas.
As water moves shoreward, cells that were initially dry may become wet when local water
depth exceeds the threshold. These newly wet cells are initialised with appropriate water
surface elevation and velocity, making them part of full dynamics of the flow. When
water retreats and the depth in a wet cell drops below the threshold, the cell transitions
into dry state. Its velocity is set to zero and its depth is fixed at the minimum value to
avoid negative depth, thereby preserving mass conservation.
Thus SWARM-1D naturally captures the advance and retreat of the shoreline through
dynamic switching of wet and dry states. The maximum landward extent of wet cells
therefore corresponds to the run-up distance. In practice, the model records the index
of the last wet cell at each time step and determines the run-up position relative to the
still-water line. The vertical run-up or run-up height is computed as the elevation of this
shoreline point above the still-water line.

5.4.7 Boundary conditions
5.4.7.1 Offshore wave generation

Time-varying wave conditions are applied at the offshore boundary using wave data from
SWAN simulations:

ηn+1
1 = A(t)sin(ω(t)t) (5.13)

un+1
1 = ηn+1

1

√
g

h0,1
, (5.14)
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5.5. Model run-up comparison against empirical run-up

where
A(t) = Hs(t)

2 (5.15)

ω(t) = 2π

Tp(t) . (5.16)

A(t) is the time varying wave amplitude, Hs is the wave height, and ω(t) is the angular
frequency, Tp is the wave period, and π = 3.14

5.4.7.2 Onshore boundary condition

At the onshore boundary, a zero-gradient (Neumann) boundary is applied to prevent the
artificial inflow from the landward side (Kämpf, 2009). In this method, the free surface
elevation and velocity at the boundary cell are set equal to those of the adjacent interior
cell:

ηn+1
Nx

= ηn+1
Nx−1 (5.17)

un+1
Nx

= un+1
Nx−1 (5.18)

The wetting-drying algorithm controls the movement of the shoreline within the com-
putational domain. This naturally stops the inland propagation of momentum once a
cell becomes dry, thereby representing the run-up limit within the grid. However, the
numerical scheme also requires a boundary condition at the fixed landward edge of the
domain. Without such a condition, the finite-difference stencil would attempt to access
points outside the grid. This can lead to numerical instabilities or spurious wave sig-
nals. Reflective boundary is implemented to avoid these spurious oscillations, effectively
acting as a solid wall that prevents artificial inflow or outflow.

5.5 Model run-up comparison against empirical
run-up

To evaluate the performance of SWARM-1D, a comparison test was carried out using an
idealised sloping beach with a uniform slope of 1:10 and a maximum depth of 18 m. The
choice of 18 m was made to match the conditions of Holman (1986), whose empirical
formula was derived using field data collected at Duck, NC, with a wave height measured
in 18 m water depth. A sinusoidal boundary condition was prescribed at the offshore
boundary with Hs = 4m and Tp = 10s. Waves were propagated across the profile under
these forcing conditions.
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5.5. Model run-up comparison against empirical run-up

Figure 5.3: Simulated wave run-up on an idealised 1:10 sloping beach profile with a
maximum offshore depth of 18 m. The black line shows the beach profile, the dashed
line indicates the still water level, and the blue line represents the final simulated water
surface after wave propagation.

Figure 5.3 shows the simulated water surface elevation after a representative time step.
The beach profile is shown in black, still-water level is indicated by the dashed line and
the computed free surface is plotted in blue. It can be seen that the blue line extends over
the beach face and continues upward to the top of the profile. This extension is purely
a feature of the visual representation, as the free surface η was initialised along the full
domain for plotting. In the numerical model, values of η in dry cells are excluded from
the computation, and the shoreline position is determined solely by the wetting-drying
algorithm. Thus, the apparent overshoot of the blue line on land has no influence on the
simulated dynamics or the calculated run-up height.
It can be seen from the figure that waves, on approaching the shore, they shoal (shows
a slight increase in height) and steepen due to decreasing depth. Finally runs up to the
beach. The resulting run-up height was computed using the wetting-drying algorithm
as described in Section 5.4.6.
For comparison, the run-up height from the model was evaluated against the empirical
predictor of Holman (1986), which relates the 2% exceedance value of run-up height
(R2%) to the offshore wave height and the Iribarren number (or surf similarity parameter,
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ξ0):
R2% = Hs(0.83ξ0 + 0.2) (5.19)

with Hs measured at 18m depth. The numerical simulation produced a maximum run-up
of 3.10 m, while the empirical formula predicted 2.87 m under the same input condi-
tions. This close agreement demonstrates that SWARM-1D predicts run-up dynamics
with good accuracy. This also provided confidence in applying it for studying run-up in
a selected profile on the west coast of Ireland under both present and future conditions.
The Holman (1986) formula was selected for this comparison because the validation test
was deliberately configured to replicate the exact observational conditions from which
the empirical formula was derived. The most widely used Stockdon-type empirical mod-
els (Stockdon et al., 2006), are derived from a broader range of spectral wave conditions
and beach types. Applying them to a monochromatic, single-slope validation case would
introduce inconsistencies between the model forcing and the empirical derivation condi-
tions. The Holman (1986) model therefore represents the most consistent and physically
appropriate benchmark for this specific validation configuration.

5.6 Model set up: Application on Fanore beach
Following the comparison, the SWARM-1D model was applied to a real-world site at
Fanore beach on the west coast of Ireland. A one-dimensional cross-shore profile of
approximately 3 km was selected, extending from offshore to a maximum depth of 30
m. The profile was extracted from the EMODnet dataset (EMODnet, 2024). The data
was then interpolated to a uniform computational grid with ∆x = 5m, providing high-
resolution representation of the coastal profile (refer Figure 5.4)
The model was forced with Hs and Tp obtained from SWAN simulations for both present
and future conditions. The model time step was set to ∆t = 0.1s, ensuring numerical
stability. The wetting-drying algorithm was configured with a minimum water depth
threshold of Hmin = 0.1m, while the Shapiro filter smoothing parameter was set to
ε = 0.2
The offshore wave conditions from SWAN simulations were applied at daily resolution.
These values were used as constant boundary conditions for each 24-hour SWARM-1D
simulation. Although this approach does not capture the sub-daily variability in the
offshore wave climate, it provides a computationally efficient method for assessing the
daily maximum run-up under representative forcing conditions, which is appropriate for
the long-term climate-scale objectives of this study. The aim of this study is to assess
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long-term climate-driven changes in run-up statistics, rather than to simulate individual
storm events, for which daily resolution is sufficient. In addition, the daily mean values
are derived from SWAN simulations that resolve the full North Atlantic storm clima-
tology, and therefore reflect the statistical influence of storm activity on the long-term
wave climate.
Under these conditions, the shoreline evolution was tracked dynamically, and the maxi-
mum daily run-up was recorded and written to file for subsequent analysis. An illustra-
tion of SWARM-1D capturing the basic shallow water wave propagation and run-up to
shore is provided in Appendix A.12.
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Figure 5.4: Cross-shore profile at Fanore Beach extracted from EMODnet. The brown
shading represents the seabed, light blue the water column, and the solid blue line the
initial water surface at t = 0, where t is the time. The water surface is extended along
the topography for visual clarity only, this has no effect on the model computations.
The horizontal dotted line indicates the still water level (SWL).

5.7 Results
Run-up events at Fanore Beach were analysed under three scenarios: the present climate
(2004-2023), a future climate scenario (2081-2100) based on the projected wave condi-
tions, and a future + SLR scenario, in which still-water levels were uniformly increased
by 0.70 m to represent long-term SLR. The analysis was carried out in two stages: a
return-level analysis using annual maxima and a seasonal exceedance frequency analysis.
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Together, these approaches provide insights into both the magnitude and the frequency
of hazardous run-up events, and how they are expected to evolve under changing climate.

5.7.1 Return period using annual maximum run-up
A return-level analysis was carried out using the Generalised Extreme Value (GEV)
distribution fitted to annual maximum run-up values. Annual maximum run-up values
were ranked in ascending order and assigned empirical return periods using the formula
T = N+1

m , where N is the total number of years and m is the rank (Makkonen, 2006).
The GEV distribution was then fitted to these annual maxima using maximum likeli-
hood estimation, providing a theoretical framework for extrapolation to longer return
periods (Rydén, 2024).
To account for uncertainty in the fitted return levels, a bootstrap resampling approach
was used. For each scenario, the annual maxima were resampled 1000 times, the return
levels were recalculated, and the GEV fit was repeated. The shaded regions in Figure
5.5 represent the 95% range (2.5th-97.5th percentiles) of these return-level estimates,
providing a measure of the spread in possible run-up values for each return period.
The GEV fitted curves in Figure 5.5 show a steep initial section for return period ap-
proximately below T = 1.1, where no model data (annual maximum values) are present.
With 20 years of simulated data, the smallest observed annual maximum of run-up cor-
responds to return period of approximately T = 20+1

20 = 1.05years. Therefore, the GEV
fitted curve extrapolates downward to T=1 year to estimate the theoretical location
parameter. As shown in Figure 5.5 that the empirical data points (triangles and dots)
and the associated uncertainty bands begin above 1.05 years. The curves are also ex-
trapolated beyond T = 20 to estimate the return levels of rare events (up to 30 years).
Although this extrapolation is a standard feature of GEV analysis, it should be inter-
preted with caution as it extends beyond the actual available data (Charras-Garrido and
Lezaud, 2013).
The fitted return-level curves in Figure 5.5 show a clear upward shift in run-up magni-
tude under future conditions when sea level (Future+SLR) was included. For example,
a 10-year return-level increases from approximately 3.32 m in the present to over 3.6
m in the Future+SLR scenario. Similarly, the return period associated with a 3.30 m
shortens. The occurrence of 3.30 m once every in 2.5 to 3 years in present has shortened
to once in every 1 to 1.3 years in the future with increased SLR.
It is important to note here that the run-up values in this study are measured above
the still-water level, representing the vertical elevation of the water surface above the
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still-water level for each scenario. Therefore, the higher run-up values observed in the
Future+SLR scenario represent run-up above an elevated baseline, not just the effect of
higher water level.
In the Future+SLR scenario, the highest run-up each year is always greater than 3.30
m. This means that 3.30 m is expected to be exceeded annually in the future as sea
levels rise. Based on this, a run-up threshold of 3.30 m was selected as a critical impact
level for the seasonal exceedance analysis.
The uncertainty patterns in the GEV fitted return-level curves reveal important char-
acteristics about the reliability of extreme run-up value predictions. The uncertainty
at shorter return periods (1–5 years) is narrower and indicates greater statistical relia-
bility of the GEV model for predicting frequently occurring events. All three scenarios
consistently show higher run-up magnitudes with increasing return periods. However un-
certainty bands widen for longer return periods (20–30 years). This indicates increased
variability and less confidence in predicting the magnitude of very rare run-up events,
especially under the Future + SLR scenario. This is expected, as extreme events become
harder to estimate accurately due to fewer data points in the tail.
The Future+SLR uncertainty bands are clearly separated from the other two scenarios
showing that SLR consistently produces higher run-up estimates across all bootstrap
samples. This separation indicates that the higher run-up under sea level rise is a reli-
able finding, it appears in all 1000 bootstrap samples, not just one of them.
In contrast, only minor differences were observed between the present and future (with-
out SLR) scenarios. The return-level curves for these two cases are closely aligned across
all return periods, with differences (e.g., at the 10-year return level) falling well within
the bootstrap uncertainty range. This suggests that projected changes in wave climate
alone result in limited increases in extreme run-up magnitudes and that SLR is a major
factor in predicting future run-up.
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Figure 5.5: Return level plots fitted with GEV distribution for annual maximum under
Present, Future and Future + Sea Level Rise (SLR) scenarios. The curve shows the
estimated run-up heights (m) corresponding to return periods ranging from 1 to 30
years. Shaded area represent the 95% uncertainty range from bootstrapped samples of
annual maximum run-up. Markers indicate observed annual maxima: circles for Present,
squares for Future, and triangles for Future + SLR.

5.7.2 Seasonal exceedence frequency
To understand how the frequency of run-up events may change throughout the year, a
seasonal analysis was carried out. This focused on how often the run-up exceeded the
critical threshold of 3.30 m during each season. The approach used was the Peaks Over
Threshold (POT) method. This method identifies and counts every instance (or data
point) where the run-up exceeds the chosen threshold (Bommier, 2014). The average
number of such exceedances was calculated for each season and scenario, providing a
measure of how frequently events occur at each time of the year. This frequency is
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expressed as Λ, or the average number of events per season.

Figure 5.6: Average number of run-up exceedence events per season (Λ) exceeding 3.30m,
based on daily run-up data for Present, Future, and Future + SLR scenarios. Seasons
are defined as: DJF (Winter), MAM (Spring), JJA (Summer), and SON (Autumn).

As illustrated in Figure 5.6, under present-day conditions, run-up events exceeding 3.30
m occur most frequently in winter and autumn, with average rates of 9.76 and 6.01
events per season. Spring shows moderate exceedance rates at 3.52 events per season,
while summer experiences the fewest, with only 0.20 events per season.
In the future scenario without sea-level rise, the seasonal frequencies change only slightly
compared to the present. Winter (+12%) and summer (+15%) show minor increases,
while spring (-11%) and autumn (-30%) show small decreases. The overall seasonal
pattern remains similar to the present. This further confirms that wave climate changes
alone are not sufficient to produce large shifts in seasonal hazard.
The percentage change was calculated using the formula:

% Change = ΛF uture − ΛP resent

ΛP resent
× 100 (5.20)

where ΛP resent and ΛF uture are the average number of exceedances for present and fu-
ture.
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However, when SLR is included in the future scenario, all four seasons exhibit dramatic
increases in the frequency of exceedance events. In winter, the number of events rises
from 9.76 to 27.43 events per season with a relative increase of 181%. In spring, the
frequency increases from 3.52 to 14.03 events per season, marking a 298% increase. The
most extreme relative increase is observed in summer, where events rise from just 0.20
to 2.98 per season, representing a +1360% relative change. In autumn, events increase
from 6.01 to 15.24 resulting in a relative increase of 253%.
Together, these results indicate that the impact of SLR on run-up exceedance frequency
is not only substantial but also seasonally widespread. Although the present-day haz-
ard is mostly concentrated in winter and autumn, the future scenario with SLR shows
that every season is affected, and that the window of hazardous conditions will extend
throughout the year.

5.8 Discussion
The extreme value analysis of SWARM-1D results revealed the role of SLR in amplifying
the extreme coastal run-up at the selected location on Fanore beach. Present and future
wave climate scenarios without SLR produced only minor differences in both return levels
and seasonal exceedance frequencies. In contrast, the inclusion of a uniform 0.70 m sea
level rise led to an increase in run-up magnitude, frequency, and variability. A 70 cm
rise elevated extreme run-up values by about 30 cm relative to the present, representing
approximately 42% of the imposed SLR. Seasonal analysis further showed that present-
day hazards are concentrated in winter and autumn, with calm spring and summer
months. However, SLR extends the hazard window across all seasons in the future.
In this section, I discuss the findings in the context of existing literature, considers
methodological strengths and limitations, and their implications for future coastal risk
assessment and management.

5.8.1 Role of SLR
The finding that sea level amplifying wave run-up is consistent with previous studies
that highlight the role of elevated water level leading to increased wave run-up (Almar
et al., 2021; Liu et al., 2020; Kim and Suh, 2018; Arns et al., 2017; Chini et al., 2010).
As sea level increases, waves are no longer constrained to break as far offshore, allow-
ing long-period and higher-amplitude waves to propagate closer to the shoreline before
losing energy (Arns et al., 2017). As a result, waves that previously dissipated much of
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their energy in deeper water will increasingly reach coastal defences directly producing
higher run-up heights (Chini et al., 2010). More broadly, elevated water levels delay
depth-induced breaking and reduce bottom friction, which enhances the energy trans-
ferred to the shoreline (Dean and Dalrymple, 2004).
Medellín et al. (2021) assessed the effects of climate change on coastal flooding in the
southeastern coast of Gulf of Mexico by analysing wave run-up and storm impacts under
RCP8.5 scenario. Their model results showed no significant increase in storm impact
between present and future conditions unless sea level was included. This outcome is
consistent with the findings of the present study, where run-up extremes at Fanore beach
showed little difference between present and future wave climates alone, but increased
substantially when a uniform +0.70 m SLR was imposed.
A potential concern is whether including SLR in both SWAN and SWARM-1D models
might lead to double-counting of its effect. However, the SWARM-1D wave boundary
conditions are largely unaffected by SLR (refer Figure A.11, where the percentile distri-
butions of Hs and Tp from SWAN simulations confirm that present and future scenarios
show minor differences in offshore conditions). This is consistent with the finding of
Chini et al. (2010), who demonstrated that SLR has minimal influence on the offshore
wave climate. Thus, the inclusion of SLR within SWAN does not significantly affect the
offshore wave parameters used as boundary conditions for SWARM-1D.
The addition of 0.70 m SLR in SWARM-1D captures the critical nearshore processes
that are strongly affected by water depth. The observed amplification in run-up can be
attributed to the delayed depth-induced breaking and longer period waves propagating
closer to the shoreline due to elevated still water levels. This distinction explains why the
present and future scenarios in SWARM-1D (same offshore waves, unchanged nearshore
depth) produced nearly identical extreme run-up results, while the Future+SLR sce-
nario (same offshore waves, but deeper nearshore water) resulted in substantially higher
extreme values.
When comparing the seasonal exceedance of run-up events in the future (without SLR)
with the present, a shift in the seasonal pattern is observed. Winter and summer showed
a relative increase in extreme run-up whereas spring and autumn showed a decrease.
This pattern is consistent with the projected significant wave height climatologies for
the NEA, where future scenarios suggest enhanced wave activity in winter and summer
but reduced activity during spring and autumn.
However, once SLR is included, all four seasons show increases in exceedance frequency.
Winter remains the most hazardous season in both scenarios, while summer, which was a
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low-risk season, experiences more than a tenfold increase when SLR was included. This
demonstrates that the effect of SLR on nearshore waves can transform seasons that are
currently considered low risk into periods of significant coastal hazard, extending the
window of exposure across the entire year.

5.8.2 Methodological limitations and scope
The use of NSWE for simulating wave run-up is well established in the literature. For
example, Noor et al. (2024) developed a finite difference scheme incorporating an up-
wind scheme for non-linear terms to predict run-up at Canti Beach in South Lampung.
Harris et al. (2015) applied a one-dimensional analytical approach based on averaged
NSWE to investigate long wave run-up in trapezoidal bays. Fatihah and Loy (2023)
solved the NSWE using a fourth-order Runge-Kutta method for time integration and
a second-order central difference scheme for spatial discretisation. Furthermore, Kuiry
et al. (2012) implemented a high-resolution finite-volume model with a Godunov-type
scheme and HLL Riemann solver to achieve second-order accuracy. More advanced for-
mulations have coupled NSWE with dispersive Boussinesq-type terms, as in the hybrid
model of Orszaghova et al. (2010), or used high-resolution shock-capturing methods
such as the TVD-WAF (Total Variation Diminishing version of Weighted Average Flux)
scheme with approximate Riemann solvers (Mahdavi and Talebbeydokhti, 2009).
Although these approaches demonstrate the ability of higher-order or Boussinesq-type
schemes to be less diffusive, more accurate, and better at capturing dispersive processes,
the main objective of my study was to develop a computationally efficient (the model
runs quickly on a local computer), stable and easy to implement scheme for long-term
climate-scale simulations. The primary test results show that SWARM-1D reproduces
the key nearshore physics of wave shoaling, steepening, and run-up. Thus the model
developed provides a robust basis for assessing present and future changes in run-up,
including the influence of SLR.
Despite these strengths, SWARM-1D has several limitations that must be acknowledged.
The one-dimensional framework represents wave transformation and run-up along a sin-
gle cross shore transect. It neglects alongshore variability, oblique wave incidence and
complex wave interactions that may influence wave run-up in morphologically complex
coasts (Harris et al., 2015; Bradford and Sanders, 2002). However, this approach is suited
to Fanore beach, which exhibits a relatively straight shoreline orientation. For straight
geometries, cross shore processes typically dominate the run-up magnitude (Guza and
Feddersen, 2012; Harley et al., 2011). Thus, the approach of 1D simulations is appro-
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priate for assessing climate-driven changes in extreme wave events in the selected profile
while maintaining computational efficiency for long-term analysis.
The one-dimensional framework does not resolve longshore wave dynamics or wave re-
fraction, assuming an idealised coastal geometry in which the model axis is oriented
perpendicular to the shoreline, an assumption that is satisfied at Fanore Beach but
limits applicability elsewhere. The absence of directional spread in the monochromatic
boundary forcing, unlike models such as XBeach, may lead to an overestimation of wave
run-up compared to more realistic spectral wave conditions. Furthermore, SWARM-
1D solves the non-dispersive shallow-water equations, whereas the SWAN model that
provides the boundary conditions is dispersive. The further offshore the SWARM-1D
domain boundary is positioned, the greater the accumulated error from missing wave
dispersion; sensitivity tests with different domain lengths would help quantify this effect.
Finally, applying both Hs and Tp at the offshore boundary may introduce an inconsis-
tency when swell energy is present, as the swell component of Hs would be propagated
using the wind-sea peak period and frequency rather than its own, potentially misrep-
resenting the spectral energy distribution at the boundary.
Furthermore, SWARM-1D framework is not suitable for modelling wave run-up on rocky
beaches, due to the fundamentally different wave interaction processes involved, includ-
ing high wave reflection from impermeable rock surfaces, the absence of wave energy
dissipation through infiltration, abrupt surging/collapsing wave breaking on steep rock
faces, and spatially variable bed roughness from irregular rock topography, which are
not represented in the shallow water equation framework. The model presented in this
chapter is applicable only to the assessment of sandy beaches like Fanore beach.
SWARM-1D uses a single sinusoidal wave at the boundary which simplifies the complex
spectral nature of real wave behaviour. The approach of using a sinusoidal boundary
is widely accepted in coastal engineering, as Dean and Dalrymple (1991) showed that a
single sinusoidal wave provides reasonable accuracy for run-up studies. Recent work by
Noor et al. (2024) successfully applied the same approach for run-up analysis at Canti
Beach. This simplification captures the essential wave energy needed for run-up predic-
tion while enabling efficient long-term climate analysis.
A further limitation concerns the temporal resolution of the offshore wave forcing. Wave
conditions derived from SWAN simulations were applied at daily resolution, with each
daily mean Hs and Tp used as a constant boundary condition for a 24-hour simulation.
Although this approach does not capture sub-daily variability in the offshore wave cli-
mate, it provides a computationally efficient method for assessing the daily maximum
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run-up under representative forcing, which is appropriate for the long-term climate-scale
objectives of this study.
However, it should be noted that daily averaging smooths the sub-daily variability within
individual storm events. While the daily mean Hs reflects the statistical presence of
storms in the long-term wave climate, it does not capture the peak wave conditions
that typically occur over only a few hours at the height of a storm. As a result, the
model outputs represent the daily maximum run-up under average daily forcing rather
than the absolute extremes driven by peak storm conditions. In addition, storm surge
contributions to sea level, which are also short-duration phenomena, are not accounted
for. Furthermore, if future climate change leads to more intense individual storm peaks
rather than simply more frequent storms, this would not be fully reflected in the daily
mean boundary conditions, and its influence on future run-up extremes would therefore
be underestimated.
These limitations may influence the results in Figures 5.5 and 5.6, where SLR is identi-
fied as the dominant driver of future changes in extreme run-up. However, the relative
dominance of SLR, which raises the still-water level uniformly across all wave conditions,
would likely be preserved even if sub-daily storm peaks were included, as demonstrated
by Medellín et al. (2021), who reached the same conclusion using a different model and
forcing approach.
The first-order finite-difference solution with explicit time-stepping and upwind flux
schemes introduces numerical diffusion (Toro, 2013; Hecht et al., 1995). That is, it may
reduce the peak wave amplitudes during propagation and may lead to underestimation
of maximum run-up. However, this creates a conservative bias generally favourable for
hazard assessments (?Burguete and Navarro, 2000). Additional stabilisation algorithms
(Shapiro filtering and the wetting-drying algorithm) introduce further approximations
but are necessary for numerical stability. The comparison of model run-up with empiri-
cal predictions (over estimation by 8%) suggests these effects remain within acceptable
bounds.
Validation of SWARM-1D was constrained to comparison with an empirical relationship
due to the absence of site-specific observational data. While model reproduced results
consistent with the theoretical expectations, its output should be interpreted as a rep-
resentative estimate of climate driven changes in run-up at Fanore beach. The results
are appropriate for climate impact assessment, relative risk evaluation, and preliminary
hazard analysis, though more detailed site-specific studies with observational validation
would be required for precise engineering design.

127



5.8. Discussion

5.8.3 Future work and applications
While this study provides a first step in quantifying wave run-up under SLR on a simpli-
fied cross shore profile, it also opens several doors for future development. The current
implementation of SWARM-1D is in one-dimension and uses daily wave boundary condi-
tions, which are appropriate for climate-scale assessments but do not resolve alongshore
variability or capture coastal responses from short-term storm dynamics. The frame-
work already includes features such as the Manning’s friction formula, but this was kept
inactive in the current study. Activating and calibrating this component along with in-
corporating tides and storm surges would allow assessment of compound flooding events
and site-specific extremes. Higher resolution forcing, including sub-daily wave condi-
tions, storm surge, and climate-driven changes in storm intensity, would provide a more
complete assessment of future run-up extremes. Validation against field observations
would further enhance confidence in the model projections. Additionally, testing multi-
ple SLR scenarios (e.g., 0.5 m and 1.0 m) would provide a more comprehensive picture
of the coastal risk envelope under different sea level rise trajectories.
Traditionally, climate effects in coastal engineering have been addressed by simply rais-
ing the height of coastal defences by the projected amount of SLR (Hunter, 2010). This
method neglects the fact that elevated water levels also modify wave characteristics and
nearshore processes. A recent study by Arns et al. (2017) shows that sea-level-driven
changes in waves and to a lesser extent tides can amplify design heights by 48-56% be-
yond what is explained by SLR alone. The results from this study reinforce this point:
a +0.70 m rise in sea level produced an increase of approximately 0.30 m in extreme
run-up, equivalent to about 42% of the imposed rise. In this way, SWARM-1D can pro-
vide engineers with quantitative estimates of how SLR translates into additional run-up,
offering more robust guidance than simply adding projected SLR to the design coastal
structures.
In future developments, implementing higher-order numerical schemes that reduce nu-
merical diffusion and capture dispersive effects would extend the applicability of SWARM-
1D beyond climate-scale assessments. Such improvements would make the model suitable
for detailed engineering applications, including the design and optimisation of coastal
structures, more accurate estimation of run-up heights, and the evaluation of overtopping
rates under extreme conditions.
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5.9 Conclusion
In conclusion, this chapter presents the development and application of SWARM-1D, a
fast and computationally efficient run-up model based on first-order numerical schemes.
The model results were used to investigate how SLR modifies wave impacts at the coast
through extreme value analysis of annual maxima. Seasonal exceedance analysis further
revealed that higher run-up events, currently concentrated in winter and autumn, are
projected to extend into spring and summer under Future+SLR conditions, transforming
the calmer seasons into periods of frequent hazardous run-up. Overall, the study shows
that a fast and efficient one dimensional modelling framework can be used to assess long-
term climate impacts and that SLR is the one of the factors driving future increases in
coastal run-up risk.
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CHAPTER 6
Conclusions

This chapter summarises the main findings of the thesis and explains how they address
the research questions set out at the beginning of the study. It then highlights the
contributions the research made to the field and identifies the groups who can benefit
from these findings. Finally, the chapter discusses possible further developments and
directions of research.

6.1 Thesis overview
Ireland’s position on the eastern NA edge makes it directly exposed to energetic surface
waves. These waves are not only a feature of the Irish maritime environment, but also
a source of growing risk to the coastal communities.
Thus the thesis tries to answer a broad question: how can the wave climate around
Ireland be better understood, both for present and future, and how can large-scale wave
forcing be linked to the impacts felt along the coast?.
To answer this question, the research follows three main parts. Firstly, the influence of
remotely generated swells on the Irish coast was identified through statistical analysis.
Secondly, surrogate wind data was developed to drive high-resolution wave models, along
with other climate drivers (sea ice and sea level). Finally, a one-dimensional model was
designed to predict wave run-up at the selected beach on the west coast of Ireland.
Together, these strands represent a journey from large-scale processes down to localised
coastal impacts at the shoreline.
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6.2 Linking North Atlantic swells and shoreline
impacts

The research progressed from large-scale climatological analysis to regional wave simu-
lations and finally to coastal-scale modelling with each stage providing the foundation
for the next. This progression helped to answer the three research questions set out in
Chapter 1.

6.2.1 Understanding swell influence on the Irish wave
climate

Many previous studies have highlighted the influence of remotely generated NA swells
on the Irish wave climate (Shanahan and Fitzgerald, 2025; Nic Guidhir et al., 2022;
Gaughan and Fitzgerald, 2020; Scott et al., 2021; Gallagher et al., 2014; Fusco et al.,
2010). However, the specific source regions contributing to Ireland’s wave climate and
the variability in their influence had not been systematically quantified. It was there-
fore important in my study to identify the regions of the NA that strongly affect Ireland
and to establish broader climatological context by identifying the origins, variability and
travel times of swell reaching the Irish west coast.
In Chapter 3, I tried to address this by selecting seven source regions across the NA
and correlating the swell period from each source region to a target region in the west
of Ireland. A lagged cross correlation method was applied to determine the dominant
swell sources and their travel time to the target. Additionally, a block bootstrapping
resampling was done for each source-target pair to quantify the uncertainty. This statis-
tical analysis using 20-year swell period data from ERA5 helped me to address the first
research question,

• Which are the dominant North Atlantic swell source regions influencing the west
of Ireland, and how does their influence vary with season?

The analysis revealed that multiple regions across the NA contribute to Ireland’s wave
climate. The source regions in the extra-tropical NA showed the strongest and most
consistent correlations with swell conditions along the west of Ireland. The results also
indicated clear seasonal variations in the influence of different NA sources, with winter
months showing the most pronounced and widespread swell activity. Interannual vari-
ability was also evident, which can be linked to large-scale atmospheric conditions such
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as the NAO. For example, different NAO phases can modulate the strength of winds
across the basin (Iversen and Burningham, 2015; Phillips et al., 2013), which in turn can
affect swell generation and propagation in regions under its direct influence.
Thus the results from swell analysis reveal that Ireland’s wave climate is driven by
large-scale atmospheric systems and westerly winds over the NA. These strong winds
transfer energy to the ocean surface, generating long-period swells (Hell et al., 2021).
These swells travel thousands of kilometres to reach the Irish coast, demonstrating that
Ireland’s wave conditions are strongly connected to atmospheric activity over distant
regions. Seasonal differences in swell reflect changes in storm intensity and position,
which are largely controlled by the NAO and associated shifts in wind patterns. This
finding is consistent with studies showing that NA swells can transport energy across
the basin and shape coastal wave climates far from their generation zones (Alves, 2006).
In simple terms, the waves that we see along the Irish west coast are part of large-scale
atmospheric systems that occur far out in the NA. These distant weather systems gener-
ate swells that carry energy across the ocean and play a major role in shaping Ireland’s
wave climate. The analysis further confirmed that Ireland’s wave climate cannot be
fully understood without considering large-scale processes of the NA. This established
the first link in the physical chain from atmospheric to coastal processes.

6.2.2 Exploring present and future wave climate around
Ireland

After identifying the dominant swell generating regions and recognising the influence
of large-scale NA atmospheric processes on the Irish wave climate, the next step was
to generate waves from atmospheric forcing and transform the deep-water waves to the
nearshore. Thus, a nested wave modelling framework is developed to simulate wave
conditions from the deep NA waters to Irish waters.
Extending the analysis to future projections required the use of wind fields from climate
models, as they are the only available source of wind projections. However, the coarse-
resolution of these models limits their ability to capture the spatio-temporal variability
of wind patterns relevant for regional wave generation. Therefore, instead of adopting
computationally demanding dynamical downscaling or complex statistical and machine
learning approaches, an analogue method was implemented to downscale the MPI-ESM
wind data. The surrogate winds generated from the analogue method provided physically
consistent and fine-scale wind forcing to drive the nested wave model and aided in
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answering the second main research question,

• Is it possible to predict wave climate around Ireland using WAM–SWAN modelling
system driven by statistically generated surrogate wind data over multi-year pe-
riods representative of climatological scales? What are the projected changes in
wave heights under future high-emission climate scenario (SSP5-8.5)?

To answer this, I used a nested modelling framework consisting of WAM models for the
NA and the NEA and a high-resolution SWAN model for Irish waters in Chapter 4.
The models were driven by surrogate winds generated for both present (2004 to 2023)
and future periods (2081 to 2100), providing realistic atmospheric forcing representative
of climatological conditions. In addition to wind forcing, the simulations incorporated
the effects of sea level and sea ice, not for separate analysis, but to ensure that their
physical influence on wave generation and propagation is appropriately represented in
the models.
The WAM-SWAN modelling system, driven by surrogate winds, successfully reproduced
Ireland’s observed wave climate at climatological timescales during the present period,
providing a physically credible basis for projecting future wave conditions under the
SSP5-8.5 scenario. Surrogate winds generated from ERA data reproduced observed
wave statistics (detailed in Section 4.5.3) and captured the variability of climate model
outputs (refer Figure A.8 and A.9 which show a similar seasonal pattern) while maintain-
ing physical realism. Furthermore, the surrogate approach provided a computationally
efficient alternative to the conventional downscaling methods of wind in wave modelling
purposes.
Under the high emission scenario, projected changes in Hs in the NEA domain show
strong spatial and seasonal variability. Northern parts of the NEA are projected to ex-
perience an increase, particularly in winter (up to 22 cm); while central and southern
regions may see a decrease, most pronounced in autumn (up to 26 cm). Local wave height
assessments revealed contrasting trends. Southwestern Ireland is projected to experience
more calm conditions, while the northwestern area is expected to experience fewer calm
conditions and a modest increase in moderate waves. These findings demonstrate that
Ireland’s future wave climate will not change uniformly but will reflect complex regional
patterns.
The projected Hs change in the NEA represents the redistribution of wind energy as-
sociated with large-scale atmospheric circulation shifts. The increased wave height in
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the northern NEA can be linked to intensified and poleward-shifting NA storm tracks
that enhance westerly winds in the northern regions of the domain (Gentile et al., 2023;
Pinto et al., 2013). On the other hand, the reduction in Hs in the southern region
can be because of the weakening of subtropical pressure gradients (Lemos et al., 2021).
Location-specific results further support this pattern: the northwest location is projected
to experience fewer calm waves and an increased frequency of moderate to high waves,
consistent with the location’s exposure to the shifting storm track corridor. Meanwhile,
the relative stability of extremes at northwest and southwest locations may reflect com-
pensating regional effects where enhanced storm activity is balanced by local winds or
bathymetry influence. These findings align with studies showing that poleward migra-
tion of storm activity alters the regional balance between wind-sea generation and swell
propagation (Woollings et al., 2012). Overall, the modelling results illustrate how pro-
jected changes in the large-scale wind and pressure patterns over the NA can modify the
spatial and location-specific distribution of wave heights across the NEA and ultimately
influence Ireland.

6.2.3 From deep water to the shoreline: Understanding
coastal responses

The large-scale simulations from the previous section capture the oceanographic response
to climate forcing. Their relevance to coastal communities depends on how these off-
shore waves transform as they reach shore. Waves undergo processes such as shoaling,
refraction, and breaking, which redistribute their energy across the surf zone. It is these
nearshore transformations that finally determine the intensity of coastal hazards such
as overtopping and flooding (Lemos et al., 2024). Understanding this translation from
offshore to the coast is therefore essential for linking large-scale wave climate projections
with real-world coastal impacts and adaptation purposes. Recent studies have shown
that the relationship between offshore wave changes and coastal impacts is not linear and
is mediated by complex nearshore processes. For example, d’Anna et al. (2025), showed
that even if projected deep water wave changes do not directly intensify flooding risks,
their indirect effects on nearshore processes, such as mud-bank dynamics, can strongly
influence future coastal evolution.
To understand how the offshore wave height variations observed from wave simulations in
Chapter 4 impact the coast, I developed a one-dimensional model: SWARM-1D (Shallow
Water Wave Run-up Model in 1 Dimension ), to answer the final research question,
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• How do waves transform in the nearshore surf zone under future conditions, and
what are the implications for coastal impacts such as run-up?

SWARM-1D is based on the non-linear shallow water equations. As a case study,
SWARM-1D was used to predict coastal wave run-up at Fanore Beach in the west coast
of Ireland. Offshore wave conditions from SWAN were taken as boundary input for
present and future climates with and without sea level rise.
The extreme value analysis from the SWARM-1D model outputs in Chapter 5 revealed
that future offshore wave changes alone produced minimal changes in run-up values.
However, when sea level was increased by 0.7 m in future scenario, a clear increase in
extreme run-up was observed. A similar trend was also observed in the seasonal ex-
ceedance analysis. Under present conditions, hazardous run-up events (exceeding 3.30
m) occur primarily in winter and autumn, with minimal summer occurrences. Future
wave changes alone produced only minor shifts in this seasonal pattern. However, in-
corporating SLR dramatically increased exceedance frequencies across all seasons, with
summer experiencing the most striking relative increase, transforming historically low-
risk periods into potentially hazardous times of year.
These results highlight the critical importance of considering multiple climate drivers
when assessing coastal risk, as the wave changes and SLR have compound effects on
shoreline impacts.
The amplification of run-up when sea level was increased in the model simulations arises
from fundamental nearshore processes. As sea level rises, waves shoal and break closer
to shore, experiencing reduced bottom friction and delayed energy dissipation (Dean and
Dalrymple, 2004). This allows long-period waves to retain energy as they approach the
beach, leading to greater run-up heights (Arns et al., 2017).
Together, these findings confirm that the integrated multi-scale approach successfully
linked large-scale atmospheric forcing with regional wave climate and local coastal im-
pacts, providing a comprehensive framework for understanding Ireland’s wave climate
and coastal vulnerability under changing climate.

6.3 Thesis contributions
The thesis makes several important contributions to the study of Irish wave climate and
to the wider coastal research field.
The first contribution is the swell analysis, which establishes a baseline understanding
of Ireland’s swell climatology that had not been previously done. This study represents
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the first systematic investigation of the influence of NA swells on the Irish coast. The
analysis quantified the travel times of remotely generated distant swells to Ireland and
provided robust estimates of uncertainty through the use of block bootstrap resampling.
A second major contribution is the development of surrogate winds through an analogue-
based method. This is an innovative approach in the wave modelling field. The technique
preserves the statistical properties of climate model winds while making use of the high
spatial and temporal resolution of reanalysis data. It provides a computationally effi-
cient method to generate high-resolution wind fields for driving wave models, thereby
reducing the resource demands associated with general downscaling methods.
In addition, the analysis of wave model output in this thesis focuses on the full distribu-
tion of wave heights rather than only extreme events. This perspective allowed a more
comprehensive characterisation of wave climate variability. By shifting the emphasis
from extremes to the broader distribution, the study contributes to a more balanced
understanding of how wave climates evolve.
The thesis also contributes an integrated multi-scale modelling framework that connects
offshore climate forcing to local coastal impacts. By combining nested WAM and SWAN
models with the newly developed SWARM-1D coastal model, the research established a
scalable system for translating deep-water waves into shoreline responses. Furthermore,
by demonstrating how offshore conditions can be translated into coastal impact assess-
ments, the study provides a template that can be adapted to other coastal regions facing
similar risk.
Finally, the research enhances understanding of the drivers of future coastal risk. The
extreme value analysis shows that SLR, rather than changes in wave climate alone, is
likely to dominate the future extremes of run-up along the Irish coast. The seasonal
exceedance analysis further revealed that future hazards are expected to extend into
periods that historically carried lower risk, thereby altering the temporal patterns of
coastal vulnerability. These findings highlight how climate change will alter not only the
magnitude but also the timing of coastal vulnerability around Ireland.

6.4 Beneficiaries of the thesis
The findings of this thesis are highly relevant to a wide range of stakeholders. When
most people think of ‘climate’, they usually associate it with the atmospheric factors
such as temperature, rainfall, wind or storms (Bramante, 2017). Stocker et al. (2013)
defines climate in a narrow sense as the ‘average weather’ typically described through
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variables such as temperature, precipitation, and wind. These variables receive most
attention because of their immediate and direct influence on daily life.
Less widely recognised, but equally important for coastal regions, is the wave climate.
Its variability across seasons to decades strongly affects coastal flooding, erosion and
infrastructure exposure (Méndez and Rueda, 2020). Coastal communities benefit most
directly from advances in understanding wave climate. In Ireland, where around 50% of
the population lives within 15 km of the coast (Devoy, 2009), waves influence daily life as
much as atmospheric weather. Large waves can disrupt marine transport, making fishing
and ferry operations unsafe, and generate run-up that increases flooding risk (Li et al.,
2022a; Bramante, 2017). Improved knowledge of wave run-up, such as that provided by
SWARM-1D simulations, can provide critical information for improving early warning
systems and disaster preparedness (Huang et al., 2020). At the same time, local systems
and national governments can use the results to inform coastal zone management, in-
frastructure planning and long-term climate change adaptation strategies, especially in
vulnerable cities like Galway, Cork, and Dublin.
The offshore renewable energy sector also benefits significantly. Accurate wave con-
ditions including spatial and seasonal variability are essential for the safe operation
and maintenance of offshore wind and wave energy installations (Ambarita et al., 2023;
O’Connell et al., 2020). Understanding calm windows and high energy periods allows
for better scheduling of deployment and repairs, improving safety, and reducing costs.
These windows can also be used for planning maritime activities such as shipping and
fishing, where the sea conditions play a critical role in operational success and safety.
The insights on swell variability, projected changes in wave climate, and shoreline re-
sponse support the development of coastal adaptation strategies. This information is
particularly important for prioritising coastal protection investments and long-term spa-
tial planning in vulnerable regions. The modelling framework and projections can inform
the design and maintenance of coastal defences, ports, and offshore renewable energy fa-
cilities, ensuring that these structures remain resilient under changing climate conditions.
From a scientific perspective, this study supports advancements in climate-scale wave
modelling by offering a computationally efficient surrogate based approach. It also
demonstrates its applications from offshore to nearshore scales. Coastal engineers, plan-
ners and researchers can use the methods and datasets developed here to simulate wave-
driven impacts under future climate scenarios.
Beyond infrastructure, energy planning and scientific knowledge, this research holds deep
societal and emotional significance. Coasts are more than just physical spaces. People
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form strong connections with coasts over time, not just because they are inhabitants
but the coast offer space for relaxation, beauty and emotional or even spiritual experi-
ences (Hubbard, 2012; Kellert, 2005). However, these emotional ties can be disrupted
by environmental degradation. Albrecht et al. (2007) introduced a term "solastalgia"
to describe the distress people feel when familiar landscapes undergo unwanted changes.
Coastal erosion and extreme events can spoil the natural character of coast, eroding not
just land but also people’s emotional connections. Satariano (2021) highlighted that
contact with the sea can promote mental health and therapeutic recovery, underscoring
the importance of protecting coastal environments not only for physical safety but also
for psychological well-being.
By contributing to better coastal hazard assessment and informing sustainable coastal
management under climate change, this thesis indirectly supports the preservation of
coastal ecosystems and cultural values. The wave run-up analysis also supports long-
term planning to safeguard these socially and emotionally significant spaces. In doing so,
this research helps to protect the coast as a shared public space, a source of livelihood,
and a place of personal and cultural meaning.

6.5 Overall framework limitation
While limitations specific to each methodological component have been discussed within
their respective chapters, it is important to reflect on the constraints of the overall mod-
elling framework, as these shape how the findings should be interpreted and define the
boundaries within which the conclusions can be generalised.
The most significant framework level limitation concerns the reliance on a single ensem-
ble member of MPI-ESM under the SSP5-8.5 scenario as the upstream climate forcing.
Internal climate variability, the natural, unforced fluctuations within the climate system,
means that even under identical emissions forcing, different ensemble members of the
same model can produce meaningfully different regional wind and wave patterns. The
findings presented here therefore represent one plausible future pathway rather than a
definitive projection. Whether the same direction and magnitude of wave climate change
would emerge under a different global climate model, or across a broader multi-model
ensemble, remains an open question and it also carries practical importance for coastal
adaptation planning.
Closely related to this is the cascade of uncertainty that propagates through the multi-
scale modelling chain adopted in this thesis. Outputs from the global climate model
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inform surrogate wind generation, which forces the regional wave model, whose outputs
in turn drive the one-dimensional run-up model. Each step introduces its own sources of
uncertainty, in climate model structure, in the analogue selection method, in wave model
physics, and in the simplified nearshore representation, and these uncertainties interact
and compound in ways that are difficult to fully characterise from a single model con-
figuration. The consequence is that uncertainty in the final run-up projections is likely
larger than any individual component suggests in isolation. A multi-model or multi-
member ensemble approach applied consistently across the chain would be needed to
quantify the uncertainty.
The surrogate wind methodology, while well suited to the relatively stable westerly wind
regime of the North East Atlantic, has not been tested against alternative reanalysis
products or under scenarios where projected future winds diverge substantially from the
historical ERA5 envelope. The robustness of the analogue selection approach therefore
remains to be established across a wider range of forcing conditions and ocean basins.
Similarly, the swell analysis in Chapter 3 relies on fixed source regions and temporally
averaged time series, which may not capture shifts in storm track behaviour or swell
generation areas that could emerge under future climate change, meaning that the cli-
matological patterns identified here may evolve in ways the current framework cannot
resolve. The wave and run-up simulations focus on a single location and a single high-
emission scenario, limiting the generalisability of the quantitative results to other Irish
coastal sites or alternative emissions pathways.
Finally, the absence of dynamic tidal forcing and storm surge coupling across the wave
and run-up simulations introduces uncertainty in the magnitude of projected coastal im-
pacts. This is particularly important when extreme events where tidal phase and surge
contribute meaningfully to total water level. These simplifications were necessary given
the computational scope of the study, but they define an important boundary on the
precision of the nearshore projections.
Taken together, these framework-level limitations do not undermine the core conclusions
of the thesis. The approach provides a physically coherent and computationally tractable
pathway from large-scale climate forcing to local coastal wave impacts. However, robust-
ness testing against alternative climate models, ensemble spread, and additional coastal
sites remains a priority before the framework is adopted with confidence for operational
coastal planning or engineering design.
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6.6 Future directions
While the study achieved its primary objectives, the limitations acknowledged across
each chapter and at the overall framework level highlight clear directions for future
research. The following recommendations are offered to guide work that builds on this
thesis. In terms of extending the swell analysis, future work could:

• Incorporate directional wave spectra and energy-based parameters into the corre-
lation framework, moving beyond swell period alone and enabling direct linkage
to energy flux and coastal hazard assessments.

• Allow source regions to be defined dynamically rather than as fixed boxes, so that
shifts in storm track and swell generation areas associated with climate variability
can be captured.

• Examine teleconnections between swell variability and large-scale atmospheric
modes, particularly the North Atlantic Oscillation, using longer observational
records or reanalysis ensembles.

• Validate statistically estimated lag times against observed buoy records or spectral
tracking methods to establish the physical accuracy of the propagation signals
identified.

Regarding the wave projection framework, priority areas include:

• Applying the surrogate wind methodology with multiple reanalysis products to
assess sensitivity to the choice of historical wind source, and testing robustness
under alternative emissions scenarios such as SSP2-4.5.

• Extending to a multi-model or large ensemble configuration to quantify the range
of uncertainty in projected wave climate changes and to place the findings in the
context of a wider spread of climate model responses.

• Coupling the wave modelling framework with regional ocean and atmospheric
models to allow a more physically consistent treatment of wave-atmosphere-ocean
interactions, which would improve the realism of future projections at the cost of
greater computational demand.

For the coastal run-up model, the most valuable next steps would be:
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• Extending SWARM-1D to other sandy beach sites around Ireland to test the
generalisability of the projections and, where field observations are available, to
validate the model against measured run-up.

• Incorporating sub-daily wave forcing, dynamic storm surge, and tidal modulation
to capture peak storm conditions that are smoothed by the current daily mean
boundary approach.

• Testing multiple sea level rise scenarios to define the full coastal risk envelope
rather than a single future state, and expanding the framework into two or three
dimensions to resolve longshore variability and morphodynamic feedbacks at more
complex coastal sites.

At a broader level, future work should also address two wider priorities: conducting a
formal uncertainty analysis using multi-model and multi-member ensembles to quantify
how uncertainty accumulates across each step of the modelling chain, and linking wave
climate projections with socio-economic exposure data to translate the physical findings
into actionable guidance for coastal adaptation planning.

6.7 Final reflections
This thesis has demonstrated that Ireland’s wave climate is strongly shaped by North
Atlantic swells and is likely to undergo significant changes under future climate sce-
narios. By integrating statistical methods, surrogate data generation, and multi-scale
modelling, it has bridged the gap between large-scale climate drivers and local coastal
impacts. This integrated ocean-to-regional-to-coast approach demonstrates that Ire-
land’s coastal hazards are closely connected to large-scale North Atlantic processes and
local changes. Future changes in storm tracks, wind fields, and sea level rise will act
together to reshape the spatial and temporal patterns of coastal vulnerability. This
further reinforces the need for multi-scale approaches that couple atmospheric, oceanic,
and coastal processes in both scientific research and practical adaptation strategies. The
methodological advances and findings contribute to both scientific understanding and
practical coastal risk assessment. As climate change continues to reshape oceanic and
atmospheric systems, approaches of this kind will be essential in guiding the sustainable
management of vulnerable coastlines.

141



APPENDIX A
Appendix

Figure A.1: Summary of lag at which maximum correlation occurred between source
and target and the corresponding correlation values for Winter
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Figure A.2: Summary of lag at which maximum correlation occurred between source
and target and the corresponding correlation values for Spring
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Figure A.3: Summary of lag at which maximum correlation occurred between source
and target and the corresponding correlation values for Summer
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Figure A.4: Summary of lag at which maximum correlation occurred between source
and target and the corresponding correlation values for Autumn

Figure A.5: Sensitivity of significant wave height (Hs) distributions from SWAN to di-
rectional and frequency resolution, compared against Hs observations from buoy M4.
Three SWAN configurations are tested: 12 directional bins with 25 frequency bins
(θ = 12, f = 25); 25 directional bins with 25 frequency bins (θ = 25, f = 25); and
30 directional bins with 30 frequency bins (θ = 30, f = 30)
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Figure A.6: Distribution of minimum Vector Difference (VD) scores for analogue selec-
tions across the present (2004-2023, blue) and future (2081-2100, orange) periods. Red
bars indicate the top 10% of poorest matches. Dashed and dotted lines show the mean
and median respectively.
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Figure A.7: Comparison of MPI-ESM (CMIP), ERA5 and surrogate wind fields for three
example days representing different analogue match qualities. Top row: low VD score
(2.4 m/s), MPI-ESM day 2023-07-25, best ERA5 analogue from 2009-07-24. Middle
row: medium VD score (3.5 m/s), MPI-ESM day 2023-08-19, best ERA5 analogue from
2022-08-13. Bottom row: high VD score (7.9 m/s), MPI-ESM day 2023-12-22, best
ERA5 analogue from 2017-12-10. Wind speed (m/s) and direction (arrows) are shown
across the North Atlantic domain. Despite the range of VD scores, the surrogate wind
fields successfully reproduce the dominant large-scale circulation patterns of MPI-ESM
across all three cases, confirming the robustness of the analogue selection method.

147



Appendix A. Appendix

Figure A.8: Seasonal differences in 10 m wind speed (future: 2081–2100 minus present:
2004–2023) from MPI-ESM for the Northeast Atlantic. Positive values (red) indicate
stronger winds in the future, while negative values (blue) indicate weaker winds.
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Figure A.9: Seasonal differences in 10 m wind speed (future: 2081–2100 minus present:
2004–2023) from surrogate data for the Northeast Atlantic. Positive values (red) indicate
stronger winds in the future, while negative values (blue) indicate weaker winds.
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Figure A.10: Extreme wind statistics from ERA5 (historical) and MPI-ESM (present
and future).
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Figure A.11: Percentile distribution of Significant wave height (Hs) and peak period (Tp)
at the offshore boundary location near the entrance to Galway Bay, for present (blue)
and future (orange) conditions. Percentiles indicate the proportion of values below a
given threshold (e.g., P10 = 1.49m for Hs means that 10% pf wave heights are below
1.49m, while 90% are higher). The close alignment of present and future values across
all percentiles show that the offshore wave conditions at selected location change very
little under future climate projections.

(a) (b) (c)

(d) (e) (f)

Figure A.12: Illustration of wave propagation and run-up simulated with SWARM-1D at
successive time steps. (a) initial condition, (b) wave propagation begins with noticeable
transformation near the coast, (c) wave steepening as it shoals in shallow water, and (d–e)
wave run-up onto the beach. The sequence demonstrates that SWARM-1D reproduces
the fundamental physics of wave propagation, shoaling, and run-up.
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Abstract16

Understanding projected changes in wave heights influenced by climate-driven fac-17

tors, such as wind, sea ice, and sea level are essential for mitigating risks and ensuring18

sustainable use of marine and coastal resources, especially in a highly energetic wave re-19

gion like the Northeast Atlantic (NEA). With a particular focus on Ireland, wave climate20

in Northeast Atlantic region is investigated using wave models, WAM (WAve Model) and21

SWAN (Simulating WAves Nearshore). These are driven by high-resolution surrogate22

winds, incorporating sea ice and sea level as additional inputs. The surrogate wind data23

is created by an analogue method using high-resolution wind data of the ECMWF at-24

mospheric reanalysis dataset to downscale data from the low-resolution Max-Planck In-25

stitute of Earth System Model (MPI-ESM-LR). This statistical approach provide com-26

putationally efficient and reliable wind inputs for wave modelling while capturing the tem-27

poral and spatial variability of present and future wind patterns.28

While the spatial distribution of significant wave height differences shows a north-29

south gradient, with an increase in the northern Northeast Atlantic and decrease in the30

south, regional variability is evident. Seasonal analysis indicate pronounced increases in31

wave heights during winter and summer, with the largest decrease observed in autumn.32

This study demonstrates the efficiency of surrogate wind data for downscaling climate33

model outputs to support nearshore wave modelling. The findings underscore the im-34

portance of considering both regional and seasonal variability in wave climate assessments35

for proper coastal planning and adaptation strategies under changing climatic conditions.36

Plain Language Summary37

Deeper insights on how waves behave are necessary for coastal communities, mar-38

itime activities and climate adaptation planning. Our study investigates wave height changes39

in the Northeast Atlantic under the influence of climate driven factors like wind, sea level,40

and sea ice. Accurate representation of wind fields are necessary for wave simulations.41

We address the limitation of coarse resolution wind data from climate models for wave42

modelling, by implementing a method of generating high resolution surrogates from ob-43

servations. Surrogates are data behaving similar to original dataset. For the current study44

we are using high resolution fifth generation atmospheric reanalysis data as reference for45

generating surrogates for wind from a climate model.46

While overall wave heights are projected to increase in the northern NEA, it’s im-47

portant to carefully assess local variations. Instead of focusing only on extreme waves48

or specific events, our study looks at the full distribution of wave heights, offering valu-49

able insights for better planning and adaptation strategies. For instance, some seasons50

may offer calmer and more stable conditions that are suitable for marine activities, while51

others see rise in more high waves, depending on the location.52

1 Introduction53

Wind-generated surface waves are a significant renewable energy source (Farrok et54

al., 2024), and are important for many coastal processes, including erosion (Palermo et55

al., 2024; Scott et al., 2019) and the modulation of local trends of sea level (Dodet et al.,56

2019; Melet et al., 2018; Vousdoukas et al., 2017). This interaction between the wind and57

ocean surface wave is a fundamental component of the Earth system, with significant58

implications for climate modeling, coastal processes, and marine operations. These waves59

are not just surface phenomena but critical components of complex Earth system inter-60

actions, influencing everything from marine ecosystem to global climate patterns (Cavaleri61

et al., 2012). Understanding wave climate variability is particularly important in dynamic62

regions like the Northeast Atlantic (NEA), where the wave climate is significantly influ-63

enced by atmospheric patterns (Morales-Márquez et al., 2020), climate change and sea-64
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sonal patterns (Bitner-Gregersen et al., 2022; Morales-Márquez et al., 2020; Markina et65

al., 2019).66

In addition to the broader climatic importance, ocean waves have significant so-67

cietal implications for coastal regions. This is particularly relevant for Ireland, where the68

coastline is directly exposed to energetic North Atlantic wave conditions (Tiron et al.,69

2013). During storm events, high energy waves can accelerate coastal erosion and con-70

tribute to overtopping of coastal defences, with flooding further exacerbated by storm71

surges that pose a major risk to low lying regions in terms of economic damage and ca-72

sualties (Paranunzio et al., 2022). For example, during the exceptionally stormy winter73

of 2013-2014, a sequence of intense storms caused widespread coastal erosion and infras-74

tructure damage exceeding €110 million along the south and west coasts of Ireland (Kandrot75

et al., 2016). More recently, during Storm Éowyn in January 2025, Galway city narrowly76

avoided severe flooding when a 2.6m storm surge coincided with mid-tide conditions, high-77

lighting vulnerability of Irish coastlines (Madden et al., 2025). Furthermore, the economic78

implications of coastal flooding are expected to increase substantially under future sea79

level rise scenarios. De Bruin and Kyei (2024) estimate that without additional mitiga-80

tion measures, the cost of a 0.56 m sea level rise is projected to reach approximately €381

billion by 2100 in Ireland, with potential GDP losses of up to 2.6 % by 2030 in the ab-82

sence of adaptation measures (De Bruin & Kyei, 2024). These costs are further compounded83

when extreme waves coincide with storm surges and elevated sea levels. Robust projec-84

tions of future wave climates are therefore essential for coastal flood risk assessment and85

long-term adaptation planning.86

The general concept of wave generation, propagation, and the transition from the87

deep ocean to the coastal environment involves downscaling the wave processes from the88

oceanic scale to the regional and coastal scales. Various state-of-the-art wave models such89

as WAM (WAve Model; WAMdi Group, 1988), WW3 (WaveWatchIII; Tolman, 1989),90

and SWAN (Simulating WAves Nearshore; Booij et al., 1999) are implemented on nested91

grids to achieve fine-resolution wave simulation. For instance, Brown et al. (2010) and92

Pilar et al. (2008) effectively demonstrated that a North Atlantic (NA) domain, when93

used with a nested WAM model, is sufficient to capture swells influencing wave condi-94

tions in the NEA. In contrast, Calvino et al. (2022) employed a nested WW3 model with95

larger outer domain covering the entire Atlantic to investigate the large scale processes,96

such as NA current, on wave propagation.97

WAM considers problems on oceanic scales and it uses the explicit schemes in space98

so that it requires small grid size in shallow water, thus making it unsuitable to coastal99

applications (Bingölbali et al., 2019). SWAN, specifically designed for shallow water pro-100

cesses, is more suitable to simulate wave conditions nearshore in NEA (Neill, 2024; Zed101

et al., 2022; Anton & Nash, 2020; Guisado-Pintado, 2020; Reduan Atan & Goggins, 2017;102

Atan et al., 2016; Bento et al., 2016; Bento. et al., 2011) Nesting SWAN within large -103

scale models such as WAM and WW3 is a common practice. Swain et al. (2019) demon-104

strated that SWAN hindcasts using WAM boundary conditions generally showed a 5–15%105

error compared to deep-water models, yet provided more reliable nearshore wave pre-106

dictions at buoy locations in the North Indian Ocean, compared to SWAN hindcasts us-107

ing WW3 boundary conditions. Additionally, the nested WAM-SWAN approach by Lalbeharry108

and Ritchie (2009) demonstrated that coarse grid (0.5°) WAM outputs can provide ef-109

fective boundary conditions for SWAN, enabling accurate simulation of wave transfor-110

mation from deep to shallow waters. These studies collectively support the nesting ap-111

proach employed in the present study, which uses WAM and SWAN to capture the full112

wave spectrum, from the swell generation in the open ocean to the wave transformation113

in shallow coastal waters.114

Accurate wave predictions rely heavily on high-resolution wind forcing, as wind serves115

as the primary mechanism for wave generation (Barbariol et al., 2022; Baordo et al., 2020).116

The generation of such high resolution wind data at regional scales typically involves down-117

scaling techniques. Dynamical downscaling employs atmospheric models to enhance the118

spatial and temporal resolution of wind fields, providing more robust solutions for wave119
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modelling. For instance, Markina et al. (2018), utilized the WRF model to downscale120

wind fields in the NA, achieving a 14 km resolution to improve wave prediction accu-121

racy in this region. Similarly, HARMONIE meso-scale model was used to dynamically122

downscale ERA-Interim reanalysis data to 2.5 km resolution for wave hindcasts in Ire-123

land (Gallagher, Tiron, et al., 2016). In Galway bay (west coast of Ireland), regional weather124

model, WRF, provided atmospheric forcing for SWAN, further demonstrating the effec-125

tiveness of localized wind inputs for wave simulations (Ana Rute Bento & Soares, 2018).126

While these dynamical approaches significantly enhance the accuracy of wave predictions,127

their computational demands and resource intensity is still a challenge. On the other hand,128

statistical downscaling methods have been widely utilised to refine coarse global climate129

model (GCM) outputs for wave studies. For instance, Weibull based downscaling tech-130

niques (Alizadeh et al., 2020) and multi step statistical algorithms (Towe et al., 2017)131

have been applied to improve wind fields for wave climate analysis in the Persian Gulf132

and the North Sea. However, statistical downscaling often assumes stationary relation-133

ships between large scale predictors and local scale predictands, which may limit its ap-134

plicability under changing climate conditions (Alizadeh et al., 2020).135

This paper aims to overcome the limitations associated with low-resolution climate136

model data and the challenges in downscaling methods by using wind data for wave mod-137

elling. For this we implement an analogue approach to generate surrogate wind data for138

the MPI-ESM (Max Plank Institute of Earth System Model) climate model, utilising high139

resolution ERA5 reanalysis data. The surrogate wind data is used to drive SWAN and140

WAM wave models in the NEA, with a particular emphasis on Ireland, to explore the141

wave dynamics for present and future. This approach aims to provide a computation-142

ally efficient and accurate framework for studying wave climate variability in dynamic143

and high-energy coastal regions.144

The paper begins with the introduction of the NEA, the primary area of interest145

(Section 2). To analyse the behavior of waves in this area, wave models are driven by146

regionally appropriate input data( Section 3). A key aspect of this research is the gen-147

eration of surrogate wind data to ensure high resolution wind for wave models (Section148

4). The performance of the model is assessed by comparing model results with obser-149

vational data and sensitivity analyses (Section 5). From this foundation, the research150

examines the projections of waves both spatially and seasonally with a specific focus on151

the west coast of Ireland (Section 6). The results are then fully discussed with implica-152

tions and limitations in Section 7.153

2 Study region154

The wind-wave dynamics of NEA are driven predominantly by westerly and south155

westerly winds blowing over the NA ocean (Gleeson et al., 2019; Gallagher et al., 2014;156

Bertin et al., 2013). Figure 1(a) illustrates the mean ERA5 wind speed and direction for157

2018 for the NA domain, highlighting that most of the wind in the NEA (shown in the158

red box), particularly around Ireland, is predominantly westerlies. NA swells influenced159

by wind patterns and mid-latitude cyclones, significantly affect the wave climate around160

Ireland (Loureiro & Cooper, 2019; Gallagher, Gleeson, et al., 2016a). These swells prop-161

agates eastward play a critical role in shaping nearshore wave characteristics of Ireland,162

including significant wave heights and the occurence of extreme wave events (Gallagher,163

Gleeson, et al., 2016b). Analysis of nearshore waves during major storm events in 2015164

- 2017 highlights how these swells contribute to high energy waves in NEA, particularly165

along Ireland’s Atlantic coast (Fedele et al., 2019). These waves are further influenced166

by the complex geomorphology of the Irish coast (O’Brien et al., 2013) and climate phe-167

nomena such as the North Atlantic Oscillation (NAO). During positive NAO phase, stronger168

westerly winds intensify wave heights and increase the frequency of storm events mak-169

ing the region highly energetic and dynamic (Dodet et al., 2010). Projections using global170

climate models such as EC-Earth, indicate a potential decrease in wind speeds over NA171

by upto 3.5% by the end of the century, which may reduce swell generation and signif-172
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icant wave heights near Ireland (upto 15% in some seasons; Gallagher, Gleeson, et al.,173

2016a). Similarly, WW3 model predicts decline in both mean and extreme wave heights,174

with the most pronounced reductions occuring in winter and summer around Ireland (Gallagher,175

Gleeson, et al., 2016b). Despite these projected decreases, the variability in wave con-176

ditions remains significant. This is due to the regions sensitivity to NAO phase and in-177

teractions between local wind patterns and the Irish coastlines geomorphology. The west-178

ern Irish coast, directly exposed to NA weather systems, experiences a wave climate dom-179

inated by long-period swells superimposed with locally generated wind waves (Gaughan180

& Fitzgerald, 2020). This combination, along with the influence of climatic drivers and181

the extensive fetch of the Atlantic, underscores the importance for understanding wave182

climate dynamics in the region and its implications for natural and socio-economic sys-183

tems, particularly in the context of future climate change.184

3 Wave Model and Data185

3.1 WAM Model186

WAM (Günther et al., 1992) is a third generation model that describes the evo-187

lution of wave spectrum by solving wave energy equation. WAM, which is used here with188

its latest version Cycle 6, is an open-source code developed by the WAMD Group and189

maintained by the German Institute HZG (Helmholtz-Zentrum Geesthacht; Baordo et190

al., 2020).191

A domain covering the entire NA was chosen to capture the swell waves generated192

in mid-latitudes. The WAM model, with a spatial resolution of 1.0°× 1.0° (WAM1.0NA),193

simulates large-scale wave generation and propagation across the Atlantic basin (refer194

Figure 1.b). This model serves as the outer boundary for subsequent nested models, en-195

abling the transition of oceanic waves into more detailed regional and coastal simulations.196

Daily sea ice concentration was incorporated into WAM1.0NA simulations. As highlighted197

by Tuomi et al. (2019), the choice of sea ice data source significantly influences the re-198

sults, irrespective of the method employed. For current model setup, grid points with199

an ice concentration exceeding 30% were excluded from model computations. To pro-200

vide higher-resolution boundary conditions for coastal modelling, one way nesting tech-201

nique is applied in the WAM model. A finer-resolution WAM model with spatial reso-202

lution of 0.5° (WAM0.5NEA) was set up for the NEA, refining the wave field for regional203

analysis (black box in Figure 1.b represents the WAM0.5NEA domain). This domain cov-204

ers the waters surrounding Ireland and accounts for the wave transformations that oc-205

cur as waves propagate from the deeper NA towards the continental shelf. Wave bound-206

ary conditions for this domain are supplied by the coarser NA WAM model. However,207

sea ice was excluded from the WAM0.5NEA simulations, as it was observed only in the208

Northwest Atlantic, outside the primary domain of interest.209

Both WAM models were implemented with 12 directional bins and 25 frequency210

bands, with the energy balance equation integrated using a propagation time step of 10211

minutes. The lowest frequency resolved is 0.0418 Hz and all other settings were kept to212

default values. The WAM model simulations were conducted using default ECMWF Cy-213

cle 45R1 physics for input and open ocean dissipation (IPHYS set to 0). Wave break-214

ing (BREAK) and the Phillips source function (PHILL) were both set to 0 as the focus215

was on large-scale wave simulations, these process are less critical. Depth scaling of the216

source function (ISLN) was set to 0 making it suitable for deep water conditions (Janssen217

& Bidlot, 2003).218

3.2 SWAN Model219

Another third-generation spectral wave model SWAN is used to simulate wave cli-220

mates around Ireland. Though WAM and SWAN have the same scientific principle, SWAN221

has some additional formulation for shallow water simulations (Lemos et al., 2023; Rusu222
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Figure 1. a. Study region in the North Atlantic, illustrating the mean wind speed (color

shading) and direction (black arrows) for 2018 based on ERA5 data. The red box highlights the

main area of interest of this study. The blue cross denotes the location of the M4 buoy, while the

purple cross represents the M3 buoy. b. Spatial map of the model domains used in the study.

The entire domain represents the WAM1.0NA (North Atlantic) domain, with the black box rep-

resenting WAM0.5NEA (Northeast Atlantic) domain and the red box representing SWAN0.025

domain. The color shading shows GEBCO bathymetry for the entire region, highlighting varia-

tions in seafloor depth.

et al., 2008). SWAN Cycle III 41.45 version is used to set up the regional model for NEA.223

The current method uses one-way nesting, where WAM0.5NEA model provides wave bound-224

ary conditions to the finer SWAN model. This ensures that large-scale wave processes225

are accurately represented in the coastal model, allowing the high-resolution SWAN model226

to simulate local wave conditions without feedback loops that would increase computa-227

tional complexity. The nesting approach dynamically downscales the wave field, ensur-228

ing that swell generated in the open ocean is transferred effectively to the regional and229

coastal models. The SWAN model, with a spatial resolution of 0.025°× 0.025° (SWAN0.025),230

provides detailed simulations of the wave climate around the Irish coast (red box in Fig-231

ure 1 b represents the SWAN domain). The geographical extent of WAM and SWAN232

domains along with grid information and inputs used are provided in Table 1. The model233

captures the wave transformation processes as waves move into shallow coastal waters,234

influenced by local bathymetry and coastline features.235

SWAN was configured with the same directional discretisation as WAM (12 bins),236

and sensitivity tests showed only minor differences when using higher spectral resolu-237

tion. So the current SWAN set up consists of 12 uniformly distributed directions and238

25 frequencies, which are logarithmically spaced from 0.046 Hz to 1.0 Hz. The SWAN239

model simulations are run with a non-stationary mode with a 30-minute time step. SWAN240

was run in third-generation mode, incorporating the WESTH (nonlinear saturation-based241

white capping combined with wind input; SWAN Team (2023)) formulation for wind-242

driven wave growth, the BSBT (Backward Space Backward Time) scheme for wave prop-243

agation, and both triad and quadruplet wave–wave interactions. The model included white-244

capping and bottom friction to account for wave energy dissipation, and wave breaking245

was enabled to capture nearshore wave transformations. SWAN default formulations and246

coefficients were used for all of the physical processes.247
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Figure 2. Domain covering SWAN0.025 grid, showing high-resolution bathymetry used for

SWAN model set up. The bathymetry is derived from combination of INFOMAR and GEBCO

datasets. The locations of Irish observational buoys used for validation are marked (cross) within

the domain.

3.3 Data248

3.3.1 Bathymetry249

Two datasets were used for model bathymetry development. GEBCO 2023 (Gen-250

eral Bathymetric Chart of the Oceans 2023) grid is a global model for ocean and land251

that provides elevation data which is available on 15 arc seconds interval grid (GEBCO252

Bathymetric Compilation Group, 2023). Both WAM models use GEBCO bathymetry253

interpolated to a 0.5° grid. INFOMAR (Integrated Mapping for the Sustainable Devel-254

opment of Ireland’s Marine Resources) maps Irish coastal and offshore waters at reso-255

lution ranging from 500 m to 2 m and is managed by Geological Survey of Ireland (GSI)256

and the Marine Institute (Sheehan, Kevin and INFOMAR Survey Team, 2021). To ob-257

tain high resolution bathymetry near the shore, SWAN uses INFORMAR and GEBCO258

bathymetry interpolated to a grid of 0.025° resolution.259

3.3.2 Wind260

The study utilizes two distinct wind datasets: the low-resolution MPI-ESM (Max-261

Planck Institute of Earth System Model) wind data from CMIP6 ensemble and the high262

resolution ERA5 reanalysis data. To mitigate the limitations associated with the coarse263

resolution wind data for wave modelling, we employed ERA5 data as a high-resolution264

reference for generating surrogates for MPI-ESM wind. This is explained in detail in Sec-265

tion 4.266

ERA5 is the fifth generation of ECMWF atmospheric reanalysis of the global cli-267

mate (ECMWF, 2019) which delivers atmospheric, land surface, and ocean wind wave268

data. Wind components are available at 0.25° (31km) grid spacing and at an hourly fre-269

quency (Hersbach et al., 2023; ECMWF, 2016). This work utilizes 10 m u (u10) and v270

(v10) components of wind spanning from period 2004 to 2023.271

MPI-ESM is a comprehensive climate model used for simulating Earth’s climate272

system and developed by Max-Plank Institute of Meteorology, Hamburg, Germany (Garcia-273

Pereira et al., 2023). It couples different components of Earth system including the at-274

mosphere - ECHAM6 (Stevens et al., 2013), ocean dynamics and sea ice - MPIOM (Jungclaus275
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et al., 2013), land surface processes - JSBACH (Reick et al., 2013) and marine biogeo-276

chemistry - HAMOCC (Ilyina et al., 2013).277

The 10m u (uas) and v (vas) components of wind used in this study is obtained278

from first realisation (r1i1p1f1) model simulation of CMIP6 version of Max Planck In-279

stitute Grand Ensemble (MPI-GE CMIP6) which is based on the MPI-ESM version 1.201p7280

(Olonscheck et al., 2023). The model includes simulations under five emission scenar-281

ios and the data used in the current study corresponds to SSP5-8.5. The low-resolution282

(LR) configuration, MPI–ESM LR, has a horizontal atmospheric resolution of 1.875° (200283

km) and includes 47 vertical layers (Düsterhus & Brune, 2024). For the present study,284

MPI-ESM LR wind from 2004 to 2023 (representing the present climate) and 2081 to285

2100 (representing future climate projections) were used.286

3.3.3 Sea ice287

The sea ice model is integrated within the ocean general circulation model MPIOM.288

It provides daily sea ice concentration on a bipolar grid with nominal resolution of 1.5° (Jungclaus289

et al., 2013). To make the sea ice data compatible with the wave models, the data was290

interpolated to a regular grid of resolution 0.5°. According to recent studies, Arctic sea291

ice is projected to experience a significant decline by 2100 (Ivanov & Repina, 2018), with292

the oldest ice potentially disappearing around mid-century (Chen et al., 2021). Chen et293

al. (2021), further indicate that sea ice thickness is anticipated to decrease at an aver-294

age rate of 0.22 m per decade after September 2060, accompanied by a comprehensive295

decline in sea ice concentration and volume. Similarly, Dauner et al. (2024), highlights296

a long-term decline in sea ice extent in the Greenland and NA sector based on histor-297

ical data, model simulations, and proxy-based reconstructions, which consistently pre-298

dict significant reductions in sea ice. Considering these projections, the presence of sea299

ice in the study region was neglected for the future.300

3.3.4 Sea level301

Regional sea level data from the IPCC 6th Assessment Report (AR6) (Fox-Kemper302

et al., 2021). SSP5-8.5 scenario is used for the present study. Data is available from 2020303

to 2150 along with how these projections differ depending on future scenarios (Kopp et304

al., 2023). To account for the effects of tide and storm surges, the tide surge anomaly305

(tideSurgeAnom) from UK climate Projections 2018 (UKCP18), based on RCP8.5, was306

added to the regional sea level projection, creating a combined dataset that was used in307

wave modelling. UKCP18 offers updated observations and climate change projections308

extending to 2100 in the UK and globally (Lowe et al., 2018). Since the UKCP18 data309

is available on an irregular grid, it was interpolated to a 0.5° regular grid before being310

integrated with the sea level projections.311

3.3.5 Wave buoy data312

Wave height data from observational buoys (M2-M6) are used to validate the mod-313

els. These buoys form part of the Irish Marine Data Buoy Observation Network (IMD-314

BON), which is managed by the Marine Institute, Met Éireann, funded by the Depart-315

ment of Agriculture, Food and the Marine (Marine Institute, 2022). IMDBON provides316

hourly weather measurements as well as wave height and wave period since 2001.317

The locations of the wave buoys are shown in Figure 2 and the distance from shore318

along with latitude and longitude values are provided in Table 2. Buoy M6, situated off319

the west coast of Ireland in deep water, was used to validate significant wave height (Hs)320

outputs from the WAM0.5NA model. The other buoys, M2 to M5, are located closer to321

the shore and were employed for validating the SWAN model. Among these, buoys M3322

and M4, positioned along the west coast of Ireland, were of particular interest as this re-323
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gion is directly influenced by NA swells. For further details on the validation process,324

refer to Section 5.325

4 Downscaling wind via surrogate data generation326

Dynamical downscaling of winds, which uses regional weather models to drive wave327

simulations (Markina et al., 2018) or coupling them with wave models (Bento et al., 2016)328

is a common approach in wave modelling. Instead we use an analogue method to down-329

scale the climate model output. High-resolution ERA5 reanalysis data is used to gen-330

erate surrogate winds for low resolution MPI-ESM. The surrogate winds follow daily evo-331

lution of MPI-ESM and preserves its large scale spatio-temporal characteristics, while332

providing realistic high resolution representation through selected ERA fields. This en-333

sures temporal and spatial consistency between the coarse resolution driving model and334

the high-resolution surrogate data.335

4.1 Analogue method for surrogate data generation336

The analogue approach used here involves finding analogues or similar instances337

in a reference dataset that match certain characteristics of the target dataset. This method338

relies on identifying the instances from the reference dataset that closely resemble the339

conditions observed in the target dataset. Then use the corresponding values from the340

reference dataset as surrogates for the target dataset.341

In this study, the analogue approach is applied to generate surrogate wind data for342

both present and future MPI-ESM simulations using the ERA5 as reference. The goal343

is to construct surrogates that retains large-scale structure and long term trends of MPI-344

ESM wind while retaining the resolution (both in time and space) of ERA5.345

To ensure a consistent comparison during analogue selection, it is necessary to bring346

both datasets to same spatial and temporal resolution. Accordingly, the ERA5 data, avail-347

able at 0.25° is first spatially regridded to match the coarser MPI-ESM grid (1.8°). Then348

daily averages of the u10 and v10 are computed from ERA5. This preprocessing ensures349

that both datasets are aligned in space and time, enabling a direct comparison of wind350

conditions over a defined spatial domain.351

The choice of this spatial domain is a key aspect of the surrogate generation pro-352

cess, as it strongly influences the ability of the selected analogues to reproduce relevant353

physical conditions. In particular, the spatial domain determines which atmospheric fea-354

tures are prioritized when computing similarity between the target and candidate wind355

fields. A larger domain may emphasize large-scale wind patterns, while a smaller, regional356

domain focuses the comparison on localized wind conditions. A detailed discussion on357

the sensitivity to domain size is provided in the section 5.3.358

To identify analogues, the daily wind fields from MPI-ESM are compared with daily359

averaged wind fields from ERA5. For each target day in MPI-ESM (Mref ), a search win-360

dow of ±14 days around the same calendar day is applied to each year in the ERA5 dataset361

spanning from 2004 to 2023. This rolling 29 day window across 20 years resulted in a362

candidate pool of 580 ERA5 days (En, n = 1, 2, . . . , N; N is total number of candidates)363

for each Mref . This approach balances the need for seasonal consistency with sufficient364

variability in candidate patterns.365

The similarity between Mref and En was quantified using vector difference (VD)366

in wind components. Specifically, the Euclidean distance (Senter & Lupo, 2024) between367

the wind vectors was computed at each grid point using the formula:368

V Dn =

√
(Mrefu − Enu

)
2
+ (Mrefv − Env

)
2
, n = 1, 2, . . . , N

where N=580, depending on data availability (eg: leap year).369

The VD field then quantifies the difference between MPI-ESM and ERA wind vec-370

tors at each grid point. The VD field is then spatially averaged over the domain to ob-371

tain a single similarity score for each candidate day. The ERA5 day with the minimum372
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spatially averaged VD is selected as the best analogue for the corresponding Mref . The373

schematic diagram Figure 3 illustrates the process of analogue selection for MPI-ESM374

surrogate generation. An advantage of using the vector difference as the similarity met-375

ric is that it inherently captures both wind speed and wind direction differences, thereby376

simplifying the similarity assessment while still retaining the full vector characteristics377

of the wind field.378

Once the best analogue day is identified for each MPI-ESM day, the correspond-379

ing high resolution wind fields from ERA5 (u10 and v10) were extracted. These extracted380

wind fields are then connected in temporal order to construct a continuous high-resolution381

surrogate wind time series. As the analogue days are selected based on daily similarity382

to MPI-ESM wind fields, the resulting sequence of surrogate days reflects the trends and383

variability embedded in the original MPI-ESM simulations, while attaining spatial and384

temporal resolution of ERA5.385

As an example, consider January 18, 2081, from the MPI-ESM simulation. A ±14386

day search window is applied around this date, spanning from January 4 to February 1.387

All dates within this window are extracted from each of the 20 years in the regridded388

ERA5 record (2004 to 2023), resulting in a total of 580 candidate days. For each can-389

didate day, the spatially distributed vector difference between the MPI-ESM and ERA5390

wind components is computed, and the mean VD over the domain is calculated. Sup-391

pose January 22, 2007, is identified as the day with the minimum spatially averaged VD;392

this day is then selected as the best analogue for January 18, 2081.393

If 3-hourly ERA5 wind data are used as the high-resolution reference, then the full394

3-hourly wind fields from the selected analogue day (in this case, January 22, 2007) are395

used as the surrogate wind input for the MPI-ESM target day. This process is repeated396

for each day in the MPI-ESM time series, resulting in a surrogate dataset with the res-397

olution of ERA5 and the large-scale variability of the MPI-ESM simulation.398

Using the same ERA5 dataset for both present and future scenarios offers a con-399

sistent baseline, reducing the risk of introducing biases that could arise from using dif-400

ferent datasets. While this method assumes that present-day ERA5 variability is a rea-401

sonable proxy for the structure of future variability, it is a standard and robust approach402

in climate modelling, especially when high-resolution observational datasets for the fu-403

ture are unavailable. A similar approach was employed by Noël et al. (2021), who per-404

formed statistical downscaling of CMIP5 projections using ERA5 as a reference dataset.405

In their study, they statistically downscaled historical data, validated it against ERA5,406

and used the identified biases to correct the projected downscaled data. This demonstrates407

the viability of using ERA5 as a reliable baseline for generating high-resolution data and408

correcting model biases, further supporting the assumption that present-day ERA5 vari-409

ability can serve as a reasonable proxy for future scenarios in surrogate data generation.410

5 Model Validation and Sensitivity Analysis411

In this section, the two experiments-validation and temporal sensitivity analysis-412

are conducted using real wind data from ERA5 to assess the model’s ability to repre-413

sent current conditions. The validation involves computing the statistical matrices of model414

outputs driven by high-resolution ERA5 winds against observed data. Following this,415

a sensitivity analysis examines the impact of wind data resolution by comparing model416

performance using high to low-resolution wind inputs. Based on the conclusions drawn417

from this analysis, a second sensitivity experiment is carried out using surrogate winds418

generated by selecting different domain for computing VD between climate model and419

reanalysis data.420

5.1 Model Validation against Observational buoys421

The study area chosen benefits from a dense network of in-situ buoy observations422

(refer Figure 2 for locations). The validation period from 21 September 2023 to 10 Oc-423
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Figure 3. Schematic representation of analogue finding for the surrogate wind data gener-

ation. The method integrates coarser MPI-ESM and fine ERA5 data. The process begins with

selecting the spatial domain, after which datasets are regridded and resampled to ensure consis-

tent spatial and temporal resolution. For selected day in MPI-ESM (Mref ), the vector difference

(V Dn) between ERA5 (En(u&v)) and MPI-ESM (Mref(u&v)) wind components is computed over

the selected domain. The spatially averaged vector difference (An) is then used to identify the

ERA day with minimum difference, which is selected as best analogue.
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tober 2023 was carefully chosen, to ensure the availability of continuous-error free ob-424

servational data, thereby eliminating potential uncertainties associated with data gaps425

or inaccuracies. For this simulation period, model outputs were saved at hourly inter-426

vals to allow for detailed temporal comparison with observation.427

Statistical validation of modelled Hs against buoy observation was undertaken to428

understand the skill of models WAM0.5NEA and SWAN0.025. The computed statistics429

of Hs (refer Table 2) are mean of measurements (Bm) and model simulations (Sm), the430

bias, root mean square error (RMSE), scatter index (SI) and the Pearson’s Correlation431

Coefficient (r).432

The locations in west coast of Ireland (M6, M3 and M4), directly influenced by NA433

swells, exhibit higher mean Hs than the locations in the east coast of Ireland (M2 and434

M5) during the validation period. In contrast, M2 and M5, which are sheltered from di-435

rect influence of swells and dominated by wind-sea conditions, has different statistical436

characteristics than M6, M4, and M3. Negative bias across all locations suggest that model437

tend to underpredict the Hs than the observations, with higher bias in the west coast438

locations where the influence of swell is stronger. RMSE follows similar pattern with higher439

values in west coast. The lower bias and RMSE in the east coast reflects the dominance440

of local wind driven waves. Conversely, the lower scatter index (SI) in the west coast in-441

dicates that the model predictions are more consistent for swell-dominated locations but442

show greater variability (high SI in east coast) in regions where wind-driven waves dom-443

inate.444

Correlation coefficients (r) further support these findings, with the highest corre-445

lations observed in the east coast (M5: 0.922, M2: 0.899) and slightly lower values in the446

west (M3: 0.871, M4: 0.867, M6: 0.766). The strong correlation across all locations sug-447

gests that the model successfully captures temporal variations in wave height.448

5.2 Sensitivity to temporal resolution of ERA5 wind forcing449

Simulations, similar to the validation period, were conducted by driving WAM-SWAN450

setup using ERA5 wind data at different temporal resolutions–1 hour, 3 hours, 6 hours,451

and 24 hours–to assess the influence of wind forcing on wave model performance. Most452

of the studies focus on the matching of waves and extreme events. However, our focus453

is on the full distribution of wave heights along the Irish coast, as it provides valuable454

insights for adaptation strategies. The Hs distribution from SWAN0.025 simulations, driven455

by ERA5 winds, was compared to observations from the M4 buoy. The results, as illus-456

trated in Figure 4, indicated good alignment of distribution curve of Hs from model (blue457

lines) with observations (orange lines) for 1-hourly and 3-hourly wind data, while sig-458

nificant deviations were noted with 6-hourly and daily forcings. Also, the models suc-459

cessfully reproduced the frequent waves with heights ranging between 2.5 and 4 m when460

driven by hourly and three-hourly wind forcing. However, this was not achieved with six-461

hourly and daily wind forcing.462

To quantitatively assess the similarity between modelled and observed wave height463

distributions, the Earth Mover’s Distance (EMD) was computed for model Hs from each464

wind forcing cases with the buoy Hs. EMD is a metric used to compare two distribu-465

tions (Düsterhus & Hense, 2012; Luzia et al., 2022). It measures the effort required to466

transform one distribution into another by considering the amount and distance of “mass”467

that must be shifted (Luzia et al., 2022). The results provided in Phase I of Table 3 re-468

vealed that 3-hourly forcing produced lower EMD value (0.38), indicating closest match469

to the observed distribution. Although, model results from the 1 hour wind forcing ap-470

peared visually similar to observation, it has higher EMD than 3 hourly wind forcing be-471

cause the metric captures even small shifts across full distribution. The 6-hourly and 24-472

hourly wind forcing produced higher EMD values (1.44 and 1.08), reflecting their inabil-473

ity to reproduce the observed Hs distribution accurately. Considering these findings, along474

with computational and storage requirements, we selected 3-hourly ERA5 data for gen-475

erating surrogate winds for MPI–ESM simulations.476
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Figure 4. Comparison of Hs distribution from SWAN driven by ERA5 winds having temporal

resolution of 1 hour (a), 3 hours (b), 6 hours (c) and 24 hours (d) with significant wave height

from M4 buoy. The blue line represents the distribution curve of Hs from M4 buoy, while the

orange line represent the distribution curve of Hs from SWAN0.025 model. The blue bars indi-

cate the wave height distribution derived from M4 buoy while the orange bars indicate the wave

height distribution derived from the model simulations.

5.3 Sensitivity to spatial domain selection for surrogate winds477

To investigate the influence of spatial domain selection (represented as the first step478

in schematic diagram Figure 3) on surrogate wind quality on wave model performance,479

surrogate datasets were generated using three different domains: the full NA, the NEA480

region consistent with the WAM0.5NEA domain and the region around Ireland match-481

ing SWAN0.025 model. In all cases the high resolution surrogate wind fields were gen-482

erated by rearranging 3-hourly ERA5 wind data from the entire NA, based on time in-483

dices identified through analogue matching. The resulting surrogate wind forcing was484

then used to drive the nested model system to simulate wave conditions for the year 2023.485

The modelled daily Hs from each experiment is compared against observations from the486

M3 and M4 buoys. Model performance was also evaluated by calculating the EMD be-487

tween the modelled and observed Hs distribution at both locations.488

The wave height distribution curves as shown in Figure 5 from three different model489

simulations appear to be similar to observations. However the surrogate wind generated490

using the domain around Ireland resulted in closest match. This is further supported by491

the EMD values, which were lowest at both buoy locations (0.09 at M3 and 0.1 at M4)492

when the wave models were driven by VD-Ireland wind field. These results highlight that493

selecting analogues based on local wind conditions can significantly improve model per-494

formance in nearshore region around Ireland.495

The experiments described above determine the final model set up in this study.496

Using ERA5 winds, the validation against buoy observations demonstrates that the nested497

WAM-SWAN framework can reproduce observed wave conditions in the Irish waters with498

reasonable accuracy. The sensitivity analyses further indicate that 3-hourly wind forc-499

ing provides the best representation of the full distribution of significant wave heights,500

and that selecting analogues based on the Ireland domain produces surrogate wind fields501

that generate realistic wave conditions. Based on these findings, 3-hourly wind data and502
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Figure 5. Comparison of significant wave height distribution from SWAN driven by surrogate

winds generated through selecting different domain with significant wave height from M4 and M4

buoy. The blue line represents the distribution curve of Hs from buoy and the orange line rep-

resent the distribution curve of Hs from SWAN0.025 model driven by VD-NA winds (a and d),

VD-NEA winds (b and e), and VD-Ireland winds (c and f). The top three plots represent com-

parison of model Hs with M3 buoy and bottom three for that with M4 buoy. The bars indicate

the histogram of wave heights from buoy and model.

the Ireland domain were selected for generating surrogate winds. These surrogate winds,503

derived from climate model data, are used to simulate wave conditions to examine the504

present and future wave climate around Ireland. While biases exist in climate model winds,505

the focus of this study is the relative differences between present and future simulations,506

rather than the absolute magnitude of wave heights.507

6 Wave projections in the Northeast Atlantic508

A 20-year simulation (2004-2023) was conducted to represent the present wave con-509

ditions, using surrogate data generated under high-emission scenario (RCP8.5). Sea ice510

was included in NA (WAM1.0NA) model to capture its influence on wave propagation511

to inner domain, and sea level, consistent with same emission scenario, was incorporated512

into the SWAN model to account for its effects. To evaluate changes in the wave climate,513

the present simulation was compared with a 20-year projection (2081-2100), also under514

RCP8.5. The surrogate wind data generated for the future scenario was used to drive515

the wave models. In the present condition, sea ice was only observed only in the north-516

west Atlantic within the WAM1.0NA domain. Considering the projections from previ-517

ous studies (Dauner et al., 2024; Chen et al., 2021), sea ice was set to zero in the future518

simulations to reflect its expected absence under future climate conditions, while pro-519

jected sea level was included in SWAN simulations.520

6.1 Spatial variation of wave height for Northeast Atlantic521

The analysis of Hs differences between future and present conditions, based on a522

20-year mean and seasonal averages, reveals notable spatial variations across the NEA523

under high emission scenario. These variations can be directly related to the projected524

changes in wind patterns, which are the primary drivers of wave dynamics.525

The spatial variation of 20-year mean Hs differences (Figure 6) indicates a signif-526

icant increase in wave heights in the northern part of domain, mainly in the northwest527

of Scotland and west of Ireland. This is likely driven by stronger and more persistent528
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Figure 6. Spatial difference in the 20-year mean significant wave height (Hs) for the North-

east Atlantic between future (2081-2100) and present (2004-2023) conditions. Positive values

(red) indicate an increase in wave height, while negative values (blue) indicate a decrease, high-

lighting regional variability in projected wave climate changes

westerly winds associated with general poleward shift in storm tracks and intensified mid-529

latitude cyclones (Gentile et al., 2023; Pinto et al., 2013).530

In contrast, a reduction in Hs is observed primarily in the central part of the do-531

main, particularly in the mid-latitudes of the NEA. These areas show a broad but mod-532

erate decrease in wave heights, which may be attributed to shift in storm trajectories.533

The Iberian Peninsula exhibits relatively stable conditions, with minimal change in Hs534

compared to the present, indicating little impact from projected wind changes in this535

region. While the semi enclosed seas such as the Irish Sea and the English Channel show536

a slight reduction in Hs. The change in this area is smaller than in the central open ocean,537

possibly due to the influence of local wind dynamics and the sheltering effect of surround-538

ing landmasses.539

Earlier studies have shown that the NEA is a region with strong seasonal variations540

in Hs (Gallagher, Gleeson, et al., 2016a; Tiron et al., 2013). Our analysis also reveals pro-541

nounced seasonal difference under future climate conditions: winter and summer show542

increased Hs, spring shows only minor changes, and autumn shows a marked reduction543

in Hs. Quantitatively, the largest seasonal increase reaches up to 22 cm in winter and544

the strongest decrease of about 26 cm in autumn. Figure 7 illustrates these seasonal dif-545

ferences and highlights the associated spatial patterns across the NEA domain.546

During winter, a pronounced increase in Hs is visible across the northern and west-547

ern parts of domain, indicating stronger wave conditions likely associated with intense548

and frequent winter storms. The region around Ireland, shows widespread increase in549

Hs under future conditions. Additionally, the Irish sea shows noticeable increase in Hs,550

suggesting enhanced local wind forcing or greater wave penetration from the adjacent551

open Atlantic. In spring, the changes are minimal. Most areas are showing weak pos-552

itive or negative differences. This suggests spring will bring relatively stable wave con-553

ditions in the future. Summer shows a moderate increase in Hs in the northern and south-554

ern parts of NEA, while the central part shows reduction. Notably, the western Iberian555

Peninsula, the area near the norther Ireland, and waters west of the outer Hebrides ex-556
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Figure 7. Seasonal differences in the mean significant wave height (Hs) between future (2081-

2100) and present (2004-2023) conditions for the Northeast Atlantic. Each panel represents a

season (a - Winter, b - Spring, c - Summer, d - Autumn), with positive values (red) indicating an

increase and negative values (blue) indicating a decrease in Hs. The plots highlight the seasonal

variability in projected wave climate changes
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Figure 8. Distribution of Hs and comparison of future and present Hs at M3L and M4L. The

histogram plot (a) shows the comparison of Hs at M3L for present (blue) and future (orange),

while in (b) grey line represent the difference (Future - Present) in bin frequencies of Hs and

black line represent the difference in cumulative sum of Hs. Like wise histogram plot (c) shows

the comparison of Hs at M4L for present (blue) and future (orange), while in (d) grey line repre-

sent the difference (Future - Present) in Hs and black line represent the difference in cumulative

sum of Hs.

perience higher Hs increases in summer than in winter, highlighting the influence of sea-557

sonal wind shifts or persistent local wind forcing during this time. In contrast, autumn558

shows a widespread and significant decrease in Hs, especially across the central and south-559

ern parts of the domain, including west of the Iberian Peninsula and the Bay of Biscay.560

This is the only season showing a strong and consistent negative anomaly across a broad561

area, suggesting a notable weakening of wave-generating conditions during this period.562

6.2 Localized changes in wave height along the west coast of Ireland563

To understand how wave height distributions change locally, we compare the dis-564

tributions of Hs at the locations where the M3 (southwest of Ireland) and M4 (north-565

west of Ireland) buoys are deployed (hereafter M3L and M4L will be used to represent566

location where M3 and M4 buoy is deployed). The analysis compares the present and567

future Hs, using histograms to examine the wave height distribution and analysing the568

differences in bin frequencies and cumulative sum of Hs to provide insights to shifts in569

wave height characteristics. This helps to identify whether future conditions involve more570

frequent high waves, changes in moderate wave occurences or shifts in calm conditions.571

The analysis of wave height distributions at the M3L and M4L shows notable dif-572

ferences between present (2004-2023) and future (2081-2100). Histograms at both loca-573

tions (refer Figure 8a, for M3L and Figure 8c for M4L) reveal contrasting trends. At574

M3L, the orange bars (future Hs) are generally taller than the blue bars (present Hs)575

for Hs < 2 m, while blue bars are mostly taller for moderate waves (2-4 m). But for high576

waves, from 4 to 8 m, the number of blue and orange bars alternating each other is roughly577

equal, making it difficult to identify a clear pattern within that range. Few orange bars578

appear above for Hs > 8m at M3L. In contrast, at M4L, blue bars are taller than or-579

ange bars below 1.5 m, while from 1.5 to 4 m, the orange bars gradually increase and580
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Figure 9. Seasonal difference in cumulative Hs between future and present scenarios at loca-

tions M3L (a) and M4L (b). The blue line represent spring, sky blue line represent summer, the

orange line represent autumn and the pink line represent winter.

become taller. For higher waves, M4L shows a pattern similar to what is observed at581

M3L, and above 8m, orange bars are present but shorter than blue bars.582

It is important to note here that the increase and decrease in each bin is not en-583

tirely consistent within a given range. The trend described for each range is based on584

the majority of bins being taller in either the present or future distribution, rather than585

every single bin within that interval. While the histograms provide visual summary of586

these differences, it do not capture the full picture. The grey lines in Figure 8b and 8d587

which represents the bin to bin frequency differences capture these fluctuations, they are588

often noisy and difficult to interpret. To better highlight the overall shift between present589

and future distribution, the black cumulative sum difference line was included.590

At M3L (Figure 8b), there is a net positive shift below 2m confirming that calm591

conditions are projected to become more frequent. A dip across the 2-4 m waves indi-592

cates a net reduction in moderate wave heights except around 3m, where the dip is less593

pronounced. Interestingly, the black line also reveal a distinct pattern for higher waves594

at M3L that was not easily visible in histogram plot. The line shows a decline from 4595

to 6 m followed by a rise from 6 to 8m suggesting a redistribution within higher wave596

categories. The curve then flattens after 8m, highlighting a slightly increased extremes.597

At M4L (Figure 8d), the cumulative curve shows sharp decline for calm conditions598

, a steady increase for the moderate range. While the curve drops below zero, this does599

not indicate that wave heights are decreasing overall. Instead, it shows that the future600

has fewer calm wave events compared to the present. As we move from Hs > 2m, the601

curve starts to rise, meaning that moderate waves become more frequent in the future.602

Overall, the plot reflects a shift in the distribution, where calmer conditions reduce, and603

moderate wave activity increases. More flatten curve afterwards confirms that extreme604

conditions remain stable or slightly decrease.605

Altogether, at M3L, wave conditions are shifting towards both calmer and more606

energetic extremes with a reduction of moderate waves. M4L shows fewer calm states607

and modest increase in moderate waves and stable extreme wave frequencies in future.608

The shifts towards moderate to high waves at M4L and that towards calm waves at M3L609

is in line with the 20 year mean Hs difference, which clearly shows greater wave activ-610

ity in the northwest of Ireland compared to the southwest.611

Expanding on the histogram-based analysis, the seasonal cumulative differences at612

M3L and M4L provide a detailed view of how wave height distributions vary across dif-613

ferent seasons. The seasonal cumulative differences of Hs between future and present con-614

ditions at M3L (Figure 9a) and M4L (Figure 9b) reveal distinct patterns in wave height615

distribution. At M3L, seasonal cumulative differences reveal distinct patterns across wave616

height ranges. In summer, calmer waves (Hs < 2 m) are more frequent in future, while617

moderate waves (2 - 4 m) show a decline, and those between 4 and 6 m (high waves) re-618
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main relatively stable. No extreme waves are observed in summer at M3L. During au-619

tumn, there is an increase in waves between 1 and 3 m, indicating a shift to calmer than620

moderate conditions. However the difference decreases between 3 and 6 m, while higher621

waves (above 6m) shows very less increase in future, with the present of extreme waves622

(> 8 m ). In spring, a similar pattern to autumn is observed, with an increase between623

1 and 3 m , followed by a decline up to 6 m. However, the magnitude of these changes624

are less pronounced. Unlike in autumn, high waves above 6 m are expected to be more625

frequent in spring. Winter, in contrast to other seasons, shows a negative cumulative dif-626

ference for calm to moderate waves, indicating reduced frequency of these events, while627

occurence of higher and extreme waves (> 6 m) increases. This suggest a shift toward628

more energetic wave events during winter at M3L.629

At M4L, small waves are projected to decrease in all seasons. In autumn, minimal630

changes are seen across all wave heights marking a contrast to autumn at M3L, except631

for extreme waves, which will remain similar to present conditions. Moderate waves be-632

comes frequent in spring, with higher and extreme waves showing little changes than present.633

Summer at M4L shows an opposite trend to M3L, with a sharp increase in moderate634

waves and some high waves up to ∼ 7 m, suggesting more energetic conditions. Win-635

ter indicates an increase in moderate waves, as well as rise in occurrence of high waves636

and some extreme events in the 8 - 10 m range.637

7 Discussion638

Understanding future wave changes is crucial for long-term coastal planning and639

management. Global climate models (GCMs), serve as primary source of future atmo-640

spheric forcing. However, because of their coarse spatial resolution (typically ranging from641

100 to 250 km grid scales), traditional GCMs, like MPI-ESM, have difficulty in adequately642

representing small scale wind variability. To address this, various downscaling approaches,643

such as dynamical downscaling, statistical downscaling, and, more recently, machine learning-644

based methods, have been developed.645

Dynamical downscaling offers detailed physical representations. But it is compu-646

tationally intensive, requiring significant storage and long simulation times (Rozoff & Alessan-647

drini, 2022). In contrast, statistical methods are computationally efficient but rely on648

predefined relationships, which may limit their ability to capture complex, non-linear in-649

teractions between variables (Rozoff & Alessandrini, 2022). According to Zhang et al.650

(2024), machine learning-based approach models intricate, non-linear relationships and651

effectively handle high-dimensional dataset. However, they demand significant compu-652

tational resources, large training datasets, and domain expertise, which can pose chal-653

lenges for practical implementation (Getter et al., 2024).654

This study employs an analogue-based approach as a simpler and more resource-655

efficient alternative. By selecting analogue days based on average vector difference with656

MPI-ESM wind and rearranging high-resolution ERA5 data, the surrogate wind dataset657

preserves the temporal evolution of the climate model while achieving both spatial and658

temporal coherence of ERA5. In addition, this method captures the non-linear dynam-659

ics in the observational dataset and preserves the physical realism. Hence, the method660

adopted overcome the limitation of traditional statistical methods that often rely on em-661

pirical fits or treat grid points independently. Additionally, by using existing datasets662

and rearranging them based on identified analogs, rather than generating new data through663

complex simulations or extensive model training, this method aligns with the principles664

of surrogate modeling - a concept commonly used in machine learning (Bocquet, 2023).665

Surrogate models simplify complex systems, enabling faster predictions without the need666

for full simulations (Bocquet, 2023). Similarly, the analogue approach effectively gen-667

erates high-resolution surrogate data using statistical techniques. Thus the method avoids668

the computational demands of dynamical downscaling and machine learning while pro-669

viding reliable inputs for wave climate analysis. Furthermore, considering that machine670

learning methods often fail to outperform simpler interpolation techniques, such as bicu-671
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bic interpolation, in reconstructing extreme wind conditions (Rezvov et al., 2022), the672

analogue-based approach provides a computationally efficient and reliable solution for673

downscaling winds for nearshore wave modelling.674

Model validation, sensitivity analysis, and projected wave height changes provide675

a detailed understanding of the wave climate in the study area under the current and676

future scenarios. Validation of models against buoy observations confirms that both WAM677

(WAM0.5NAE) and SWAN (SWAN0.025) adequately capture wave, but their performance678

varies depending on the locations. WAM model was effective in capturing wave dynam-679

ics in open waters, its limitations nearshore underscore the need for models like SWAN680

to resolve fine-scale features. The accuracy of SWAN in representing nearshore wave char-681

acteristics further reinforces its suitability for coastal applications, especially in regions682

having complex geomorphology like the Irish coast. Consistent with this, the compar-683

isons between WAM and SWAN simulations showed that SWAN reproduces wave height684

variability more accurately at locations closer the the Irish shelf (e.g., M3 and M4) while685

differences between the two models are smaller at the more offshore location M6.686

The sensitivity of SWAN to the temporal resolution of ERA5 wind forcing under-687

scores the importance of high-frequency wind data for accurate wave simulations. The688

significant deviations observed with 6-hourly and daily wind forcings highlight the in-689

ability to resolve the temporal variability needed for reproducing moderate and frequent690

waves. This finding aligns with the study by (Bauer & Weisse, 2000), which demonstrated691

that wave models driven by coarser winds (temporal resolution) significantly underes-692

timates significant wave height. EMD values computed in this study further strengthen693

this. The model performance with 1-hourly and 3-hourly wind forcings align with the694

previous studies, reinforcing the decision to use 3-hourly wind data for surrogate wind695

generation. This decision balances computational efficiency and model accuracy, crit-696

ical for long-term simulations.697

The choice of spatial domain is an important part of the surrogate data generation698

process, as it affects how well the selected analogues represent the target conditions. The699

domain should be chosen based on the specific goals of the study. In this study, the sur-700

rogate wind data are used to drive wave models. So, it is important to make sure that701

the selected domain captures the wind patterns that generate waves affecting the region702

of interest.703

Even when the analogue selection was based on a smaller region around Ireland,704

the resulting surrogate winds were created by shuffling ERA5 data covering the full NA,705

using the selected time indices. Since the prevailing winds reaching Ireland are wester-706

lies, the regional domain inherently reflects large scale atmospheric patterns over NA.707

This means that even though the analogue selection is done from smaller area, the cho-708

sen time indices can reflect the larger weather patterns. Preserving large-scale wind ef-709

fects is crucial for simulating waves near Ireland, as swells significantly shape the Irish710

wave climate (Gaughan & Fitzgerald, 2020; Gallagher, Gleeson, et al., 2016b). The good711

agreement (low EMD value) achieved by SWAN model nested in WAM forced by same712

surrogate wind suggests that the surrogate data not only reproduced the local wind con-713

dition but effectively captured the large-scale wind pattern over NA basin, which are also714

responsible for the waves in Irish coast.715

The euclidean distance between MPI-ESM and EAR5 wind fields computed using716

the vector components of wind allowed to incorporate both wind speed and direction in717

similarity assessment. For each day in MPI-ESM, the analogue was identified as the day718

in ERA5 having minimum spatially averaged vector difference. Following this, the 3-hourly719

wind data were rearranged according to the new time sequence derived from the com-720

parison.721

Since ERA5 data are only available up to the present, we used the same reference722

period (2004-2023) to generate surrogates for both present and future scenarios. How-723

ever, this does not imply that the same wind represent both time periods. Instead, ERA5724

days were selected based on their similarity to MPI-ESM wind patterns for the present725

and future, allowing the surrogate wind fields to reflect the projected climate signal while726
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maintaining high-resolution physical realism. Furthermore, the MPI-ESM simulations727

used in this study project generally lower or comparable wind magnitudes in the future728

relative to the present. This reinforces that ERA5 provides a sufficiently broad range of729

wind events and remains a valid and appropriate source for analogue selection under pro-730

jected future conditions.731

The future projections show noticeable spatial variations in wave height changes732

across the NEA under the RCP8.5 scenario. An intensification of wave activity is ob-733

served in the northern parts of domain, while the southern and eastern regions experi-734

ence a reduction in wave heights. These changes can be linked to the influence of shift-735

ing wind patterns. The NEA region around Ireland exhibits contrasting trends, with the736

west coast showing an increase in mean significant wave height, while the east coast re-737

mains more stable. Seasonal variations in wave height changes provide additional insights,738

with the most pronounced increases occurring in winter (up to 22 cm) and summer (up739

to 15 cm), while autumn exhibits the largest decrease in wave height (up to 26 cm).740

However, these findings contrast with those of Gallagher, Gleeson, et al. (2016a)741

and Gallagher, Gleeson, et al. (2016b), which projected an overall decrease in Hs, with742

the greatest reductions occurring in winter and summer under the RCP8.5 scenario near743

Ireland. Gallagher, Gleeson, et al. (2016a) conducted a 30-year future projection com-744

pared with a 30-year hindcast of wind-waves using WAVEWATCH III (WW3) and wind745

data from the EC-Earth global climate model. In contrast, our study focuses on a 20-746

year comparison of future projections with present conditions, incorporating present and747

future sea level rise scenarios. The seasonal variations in wave heights follow a pattern748

similar to the seasonal differences in 20-year mean wind patterns between the future and749

present from surrogate data. This similarity confirms that NEA waves are predominantly750

wind-driven.751

In the NEA, where the prevailing winds are predominantly westerlies, surrogate752

winds generated through analogue method effectively captured the seasonal variations753

in wind seen in MPI-ESM. The resemblance of seasonal wave patterns with wind vari-754

ations also demonstrates the robustness of the approach in regions with relatively con-755

sistent wind regimes. However, in more complex environments like the Indian Ocean, where756

wind patterns exhibit significant seasonal and spatial variability due to phenomena such757

as monsoons, the domain selection for surrogate data generation method requires care-758

ful evaluation.759

Another important aspect concerns sea level rise. Although sea level rise consis-760

tent with the high emission scenario (RCP8.5) was incorporated in wave model, its in-761

fluence on wave simulations was not explicitly analysed, as it was not the focus of the762

study. The impact of sea level rise are most pronounced in the coastal areas, where even763

small increase in water level significantly amplify the coastal wave impacts leading to flood-764

ing and erosion (van de Wal et al., 2023). Understanding the combined effect of sea level765

rise and waves are important for evaluating the potential climate change impacts on the766

coast and remains important area for future research.767

While future projections indicate an increase in mean wave heights over northern768

NEA, the regional variability in wave climate need to be carefully analysed. This need769

is reinforced by the contrasting trends observed at locations M3L and M4L. At M4L,770

decline in calm sea states along with an increase in moderate and higher wave heights771

indicates a transition toward more energetic and active wave conditions. Hs distribution772

at M3L reflects a shift in waves where moderate waves becomes less frequent, while both773

calm and high waves are becoming more dominant. A potential increase of high wave774

events at M4L (located NW of Ireland) could be its exposure to the poleward shifting775

storm tracks. While projected higher waves and stable extreme waves at both locations776

may reflect the increased storm severity or regional response of the wave climate under777

future conditions.778

The seasonal spatial plot shows that autumn experiences the greatest overall re-779

duction in Hs and winter showing increase in Hs across NEA domain, the location spe-780

cific analysis at M3L and M4L further validates this trend. In autumn, M3L shows shift781
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towards calmer waves and M4L exhibits stable conditions across all Hs ranges. Both find-782

ings supports the broader regional signal of declining wave activity in autumn. In win-783

ter, when increased Hs is observed along west coast of Ireland, both locations show as784

increase in moderate to very high waves. However, extreme wave events continue to oc-785

cur at both sites across both seasons, emphasizing that while regional trends are useful,786

location-specific assessments are essential to capture the full range of wave height be-787

havior.788

The significant increase in extreme waves during winter at both M3L and M4L high-789

lights the elevated risks associated with winter storms in future scenarios. Conversely,790

summer months are less influenced by extreme events, making it more suitable for ac-791

tivities like sailing. At M3L, the increase in calm conditions across most seasons, except792

winter, suggests that spring, summer, and autumn offer suitable windows for marine op-793

erations. While at M4L, autumn appears to be most favourable period as it remains rel-794

atively stable across all wave height ranges.795

The methodology, together with the findings demonstrates an efficient and phys-796

ically realistic mean of simulating waves in the NEA. By analyzing the full distributions797

of wave heights, this study provides detailed insights into spatial and temporal patterns798

of wave climate, offering a deeper understanding of wave behavior beyond mean values.799

The findings highlight the critical importance of incorporating both regional and sea-800

sonal variability into wave climate assessments which are essential for developing effec-801

tive mitigation and adaptation strategies under a changing climate.802

8 Conclusion803

In this study, we developed a robust wave modelling framework that includes finer804

resolution models for NEA and Irish coastal waters. The models driven by high resolu-805

tion surrogate winds were able to capture the spatiotemporal variability of the wave cli-806

mate which is predominantly wind driven. The analogue method was more efficient in807

terms of time and computational expenses compared to the common downscaling tech-808

niques which made surrogate data a practical resource for long term assessments of wave809

climates. The findings provide a reliable foundation for understanding wave dynamics810

and supporting coastal management under future climate scenarios.811
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rine Institute. GEBCO data is publicly available through GEBCO Bathymetric Com-838

pilation Group (2023), and INFOMAR data can be accessed via https://www.infomar839

.ie/data840

In situ wave data for model validation were also provided by the Marine Institute841

and are publicly available via the ERDDAP data server (https://erddap.marine.ie/842

erddap/index.html).843

Plots presented in this study were generated using Jupyter Notebooks running on844

JupyterHub, hosted on the Levante HPC system at the German Climate Computing Cen-845

ter (DKRZ).846
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Gleeson, E., Clancy, C., Zubiate, L., Janjić, J., Gallagher, S., & Dias, F. (2019).1016

Teleconnections and extreme ocean states in the northeast atlantic ocean. , 16 ,1017

11–29. Retrieved from https://asr.copernicus.org/articles/16/11/2019/1018

doi: 10.5194/asr-16-11-20191019

Guisado-Pintado, E. (2020). Shallow water wave modelling in the nearshore1020

(SWAN). (Publication Title: Sandy Beach Morphodynamics) doi:1021

10.1016/B978-0-08-102927-5.00017-51022

Günther, H., Hasselmann, S., & Janssen, P. A. (1992). The WAM model cycle 4 (re-1023

vised version).1024

(Publisher: Deutsches KlimaRechenZentrum)1025

Hersbach, H., Bell, B., Berrisford, P., Biavati, G., Horányi, A., Muñoz Sabater, J.,1026
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