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Abstract
This thesis examines the influence of the ocean surface circulation on the
global wind-wave climate. Surface currents modulate wave properties through the
Doppler shift effect, exchanges of energy mediated by the radiation stress,
refraction, and through a modification of the relative wind. While the interaction
between waves and currents has been thoroughly investigated in coastal locations
with strong tidal flows, the impact of the global ocean circulation on the wave
climate has received relatively little attention. In this study, spectral wind-wave
simulations with and without current forcing were carried out using the
WAVEWATCH III model. The current forcing data for the simulation with
currents was taken from the Bluelink Reanalysis. Numerous wave observations
taken from moored buoys, altimeter and Synthetic Aperture Radar (SAR) borne
satellites were employed to carry out a comprehensive evaluation of both sets of
wave simulations (with and without currents) to assess, describe and quantify the
improvement in the representation of various wave parameters with the inclusion
of currents. This dissertation examines and discusses the benefits of using
directional wave spectra information for the description of the wave climate, as
opposed to using integrated parameters. Drawbacks of the utilisation of bulk wave
parameters are described, and circumstances where their usage leads to an
imprecise description of the wave conditions are presented.
First, a novel methodology is devised to investigate the seasonal variability
of the global spectral wind-wave climate. By means of an empirical orthogonal
function analysis, the main patterns of wave variability in the frequency/direction
domain are extracted, together with their time evolution (Principal Component
time series). This methodology that captures the spectral characteristics of the
wave field provides a more comprehensive description of the wave climate variability
in most areas of the world, with its largest influence found for low-latitude regions,
especially in the Pacific Ocean, where various distinct wave systems (partitions) are
present in the spectra. This approach also facilitates the quantification of changes
in wave direction throughout the year. This analysis is also applied to evaluate the
interannual variability of the global spectral wind-wave climate and to quantify how
this variability is modulated by different large-scale climate modes. Importantly,
we find that the Pacific South American modes (PSA-1 and PSA-2, the second and
third modes of the Southern Hemisphere atmospheric circulation variability) have
a remarkable impact on modelled wave heights and directions, especially across the
South Pacific Ocean.
The sensitivity of wind-wave modelling to the inclusion of surface current
forcing is analysed by comparing results from simulations forced with and without
currents. A significant improvement in significant wave height estimates in most
areas of the world is attained in the current-forced simulation, especially in the

Southern Ocean. Here, the positive bias in wave heights is lessened due to a
reduced relative wind, a product of the Southern Hemisphere westerly winds and
the Antarctic Circumpolar Current travelling in the same direction.
The
Equatorial currents and Counter-Current, as well as the western boundary
currents around the world, induce broad and large changes in wave heights,
periods and directions. The East Australian Current has a significant impact on
the wave climate measured at the coast. Further, a comprehensive comparison
with moored buoy observations around Australia and the United States shows
statistically significant improvements in estimates of different wave parameters in
the current-forced simulation.
Finally, estimates of wind friction velocity,
atmosphere-to-ocean energy and momentum fluxes, whitecap coverage, and Stokes
drift speed and direction are substantially modified in Equatorial regions with the
inclusion of currents into wave simulations. Numerous implications of these results
on other wave processes are discussed.
SAR borne satellites measure the directional wave spectra for long waves
(swell). A thorough inter-comparison between Sentinel-1 SAR wave observations
and modelled wave spectra from the Centre for Australian Weather and Climate
Research (CAWCR) waves hindcast for the greater Australian region is presented.
In particular, an exhaustive regional-scale evaluation of swell wave periods and
directions is presented for the first time. SAR observations are divided by
platform, incidence angles and orbit directions, which enables the identification of
inherent errors in the model simulations and the observations. In addition,
directional wave spectra from SAR are used to provide a detailed description of
the seasonal variability of the spectral wave climate around Australia.
Finally, the influence and importance of the ocean circulation on swell
waves in the Australian region is assessed by comparing SAR observed directional
wave spectra with wave simulations with and without surface current forcing. SAR
measurements from Sentinel-1 satellites are co-located against a dense spectral
output grid from the wave model. This comparison shows that swell significant
wave height, mean period and peak direction estimates are generally improved in
the current-forced simulation. Measurements of directional wave spectra from SAR
are used to provide more clarity into the differences observed. In particular, swell
wave periods are broadly improved, especially southwest of Australia.
Overall, the results presented in this thesis demonstrate that surface
currents are an essential consideration for the modelling of wind-waves in many
areas of the world. Additionally, this work illustrates the benefits of describing the
wind-wave climate using directional wave spectra data, which leads to a deeper
understanding of the characteristics of the wind-wave field, and can enable further
improvements in spectral wave models.

i

Chapter 1
INTRODUCTION

Surface waves are ubiquitous in any large body of water exposed to the atmosphere,
such as a lake or the ocean. These waves are due to forces that act upon the surface
water and deform its surface, against the action of gravity or surface tension, which
act to maintain an even and smooth surface. These deforming forces can result, for
example, from a rock falling into the water or the wind blowing over its surface.
Waves in the open ocean are mostly generated by the wind stress (that is, the force
per unit area tangential to the ocean surface), and they are able to propagate great
distances before they dissipate most of their energy as they break at the shore.
Importantly, any object near the surface of the ocean will be subject to the action
of these wind-generated waves. In practice, these objects include offshore structures
(for instance, oil platforms, some of them operating in depths >2km and exposed
to towering wave heights), coastal defences (for which the return period wave height
can be a key design parameter), renewable energy deployments, ships, floating debris
in the ocean, among many others. These objects can also be sediments at the coast,
that are moved (or transported) by the waves when they shoal and break at the coast.
Thus, waves can suspend and mobilise sediments. In addition, they can generate
complex alongshore currents. These processes are important to coastal dynamics:
waves can produce either erosion or accretion at the coast, by transporting large
amounts of sediments (either onshore/offshore or along the coast).
In nature, two waves are never the same, as they generally present
different heights and periods. The top panel of Figure 1.1 shows a time series of
sea surface elevation (η(t)) anomalies for the 9th of April 2019 at (40.4335◦ S;
148.533◦ E), offshore Cape Barren Island, Australia, where each individual wave
that passes through the sensor is distinguishable. While each wave has a different
period, a dominating frequency is noticeable in the record. A Fourier transform
can be applied to these measurements of sea surface elevation to obtain a
frequency spectrum (bottom left panel of Figure 1.1). This depicts the distribution
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of the wave energy for different frequency bands, and it is useful for identifying the
predominant frequency (or frequencies) of the waves in the record. Waves in the
ocean can be broadly separated into two distinct types: ”sea” waves, which are
generated by the local winds and receive momentum from it, and ”swell” waves,
which are generated remotely and that have longer periods and a phase speed that
exceeds that of the local wind and do not receive additional momentum from the
local wind field.

Figure 1.1: Top: Elevation of the free surface of the ocean for the 9th of April
2019 off-shore Cape Barren Island, Australia. Units in meters. Bottom left: Onedimensional wave frequency spectrum: spectral density values as a function of
frequency. Units in m2 /s. Bottom right: Two-dimensional directional-frequency
wave spectrum: distribution of spectral density across frequencies and directions.
Units in m2 s rad−1
Waves with different frequencies and heights can travel in different
directions, and this information is statistically synthesized with a
directional-frequency wave spectrum (bottom right panel of Figure 1.1). The
examples in Figure 1.1 show waves with a dominant period of around 9 seconds
(frequency = 1.1Hz) propagating towards the west-northwest. Integrated (also
called bulk) wave parameters, such as significant wave height, mean period or
mean direction, can be computed by integrating the spectrum over all wave
components. While these parameters represent a convenient summary of the
2

observed wave conditions, a directional wave spectrum provides the most complete
characterization of the mean wave climate.
Studies of ocean wind-waves and the development of wave numerical
models have advanced greatly since the pioneering work of Sverdrup and Munk
(1947), who developed a forecast system to predict wave and surf conditions to be
used for the invasion of North Africa by the Allied Forces in World War II. Their
model consisted of simple empirical relationships between wave height and period
as functions of wind velocity, fetch, duration, and distance of decay. These early
models considered a single wave in terms of a representative height, period, and
direction. However, waves in the ocean are a stochastic process, and therefore
ensuing wave models inevitably evolved to include a spectral description of waves.
Whilst the sea state can be complex and irregular, the wave spectrum is rather
smooth and, most importantly, evolves slowly in time, with a typical timescale of a
few hours. These properties of the wave spectrum allow for a reasonably accurate
numerical prediction of the mean sea state. Nowadays, numerical wind-wave
models represent one of the most powerful tools to study waves in the ocean
(Janssen, 2008).
The wave variance (or energy density) spectrum E(f, θ) describes the
distribution of wave spectral density over frequencies (or wavenumbers) and
directions, and it is defined such that its integral equals the wave variance (hη 2 i):
Z 2π Z ∞
0

E(f, θ)df dθ = hη 2 i =

0

1 X ai 2
N i 2

(1.1)

where f is the wave frequency (typically in units of s−1 ), θ the wave
direction (in degrees North) and ai the amplitude of each individual wave (usually
in units of m). While the energy density spectrum is useful for characterizing the
wave climate, numerical wave models tend to resolve the evolution of the action
density spectrum (N (σ, θ) = E(σ, θ)/σ, with σ being the relative radian
frequency), since this is conserved in the presence of currents, whereas the energy
density spectrum is not. The rate of change of wave action density at some point
in space ~x is given by:
∂N
~ )N ] + ∂ (σ̇N ) + ∂ (θ̇N ) = Stotal
+ ∇~x [(C~g + U
∂t
∂σ
∂θ
σ

(1.2)

~ is the ambient ocean surface
where C~g is the waves’ group velocity and U
current velocity. The terms on the left-hand side represent the kinematic aspects of
wave propagation. On the right-hand side, Stotal represents the sources and sinks of
wave energy, that is, all the physical processes that generate, remove or distribute
wave energy in the spectra (i.e., in the frequency/direction domain). These include,
for example, the wind input into the ocean, non-linear wave interactions, dissipation
of wave energy due to breaking, dissipation due to bottom friction, amongst others.
Usually the development of spectral wind-wave models has been aimed at improving
the parameterisation of these source terms. However, there are still processes not
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fully understood and/or taken into account in modern wind-wave models.
Many studies have shown that ocean surface currents have a significant
impact on wind-waves (e.g., Van der Westhuysen, 2010; Rapizo et al., 2018). It is
well established that currents can produce changes in wave properties through a
Doppler shift effect: this is captured in the second term on the left-hand side of
equation 1.2. Important nonlinear interactions and exchanges of energy exist
between the waves and the mean flow mediated by the radiation stress
(Longuet-Higgins & Stewart, 1964): these effects are represented in the third term
of equation 1.2. In addition, currents are able to refract wave trains (i.e., to change
their direction of propagation) in a manner analogous to the way changes in depth
induce wave refraction: both depth- and current-induced refraction are captured in
the last term of the left-hand side of equation 1.2. Finally, surface currents modify
the relative wind acting on the surface of the ocean: this is represented as a vector
balance between the wind and currents in the wind input source term on the
right-hand side of equation 1.2.
Despite representing these processes with
reasonable accuracy in most situations, spectral wave models can give rise to
substantial errors in certain conditions. For example, the energy dissipation
induced by breaking when waves propagate against an intense current is most
likely underestimated (Ris and Holthuijsen, 1997; van der Westhuysen, 2012).
Also, in conditions with highly variable currents (in space and time), nonlinear
interactions can be perturbed (Rapizo et al., 2016).
The influence of ocean surface currents on the wind-wave field has been
extensively studied in coastal regions where strong tidal flows modulate the incoming
waves. Tidal currents and water level variations at shelf scales can be considered
in-homogeneous and non-stationary, therefore being able to modulate the absolute
frequency of waves, mostly via the Doppler shift effect (Tolman, 1990). Further,
variations in wave height, wave period and wave direction in many coastal locations
have been shown to be strongly modulated by tidal water level and current speed
variations (e.g., in the North Sea (Wolf & Prandle, 1999); in southwest Wales (Jones,
2000); at the coast of Brittany, France (Ardhuin et al., 2012); in central New Zealand
(Rapizo et al., 2015); and in the Irish Sea (Lewis et al., 2019)).
However, the interactions between wind-waves and the large-scale global
ocean circulation has received relatively little attention (Ardhuin et al., 2017,
Rapizo et al., 2018, Villas Bôas et al., 2020), despite it being a critical
consideration for several wave processes. Rapizo et al. (2018) showed that
including surface current data taken from a global reanalysis as an additional
forcing of wind-wave simulations translates into a significant improvement in the
performance of the wave model in terms of significant wave height. This has direct
implications for improving wave forecasting capabilities, which are critical for
industry-based applications, navigation, operations at sea and wave-based research.
Wave-current coupling can also produce nonlinear interactions that induce wave
breaking in deep waters, hence modifying ocean roughness, and which is captured
in satellite remote sensing products like ocean colour and radar imaging (Romero
et al., 2017). In addition, it is believed that wave-current interactions may be one
of the processes responsible for the formation of extreme wave heights (Toffoli
et al., 2014), that can have drastic consequences for navigation (Lavrenov, 1998).
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Moreover, the propagation of swell waves across ocean basins is poorly predicted
by wave models, both in magnitude and especially in arrival time (Jiang et al.,
2016; Babanin et al., 2019). Munk et al. (1963) analyzed arriving swell wave
observations offshore of San Clemente Island and, through backtracking techniques
and assuming swell waves follow great circle paths, inferred the position of the
storm that had generated them. They concluded that intense storms in the
Southern Ocean produced waves that travelled across the Pacific Ocean, reaching
the coasts of California after 5 to 10 days of being generated. However, on
occasions, the method of Munk et al. (1963) yielded errors of up to 1000km in the
position of the originating storms, incorrectly placing them in the Antarctic
Continent. Kenyon (1971) studied the wave refraction produced by the shear in
ocean surface currents and, using an idealized model of the Antarctic Circumpolar
Current (ACC), found it to be plausible that the ACC could deflect the direction
of swell waves and thus explain the errors in Munk’s analysis. Gallet and Young
(2014) took up this idea by using modern satellite-derived ocean current products
to demonstrate that mesoscale vorticity in the ocean can significantly deflect the
direction of waves, providing a compelling explanation for Munk’s errors. These
studies suggest that ocean surface currents can strongly affect the propagation of
swell waves across ocean basins. This is an important consideration that deserves
further scrutiny, given the predominance of swell in the global wave climate
(Snodgrass et al., 1966; Chen et al., 2002; Alves, 2006; Semedo et al., 2011).
Nowadays, it is comparatively challenging to diagnose current-induced
wave refraction given the overall scarcity of directional wave observations.
Important developments in spectral wave models have been enabled by the
availability of global significant wave height measurements from altimeters (e.g.,
Ardhuin et al., 2010; Zieger et al., 2015). As a result, current spectral wave models
can predict significant wave heights (zeroth order spectral moment) with a high
accuracy.
However, the performance of higher-order spectral moments is
substantially worse, particularly wave direction and spreading (Stopa et al., 2016).
More work in this area is necessary to achieve a better representation of directional
wave spectra, and it constitutes one of the main motivations for this thesis. The
availability of Synthetic Aperture Radar (SAR) measurements from historical
satellite missions such as ERS-1, ERS-2 and ENVISAT, and from the currently
operational satellites Sentinel-1A, Sentinel-1B and CFOSat, have the potential to
fill this knowledge gap, as they continuously map the directional swell spectra over
the global oceans, hence providing information of wave periods and directions.
In addition, directional wave spectra data are critical for achieving a
comprehensive and accurate description of the wave state. Several authors have
outlined potential drawbacks of using integrated wave parameters (such as
significant wave height, mean period or mean direction) to describe the wave
climate (e.g., Portilla-Yandún et al., 2015; Portilla-Yandún et al., 2016;
Hegermiller et al., 2017; Villas Bôas et al., 2017; Portilla-Yandún, 2018). Although
bulk wave statistics have the advantage of being handy and convenient to use, and
major advances in the understanding of wind-waves have been attained with them,
they can misrepresent the wave field in complex wave conditions, especially those
portraying multiple wave modes/partitions (energy clusters in the spectrum).
Thus, defining the peak direction in cases where there are two independent swell
5

modes will only consider the most energetic one and disregard the other.
Considering the mean swell direction in the presence of opposing swell waves will
not faithfully represent any of the wave components: e.g., having two swell systems
propagating to the southeast and northeast could yield an average direction to the
east. This case may arise in the equatorial Pacific which receives swell waves from
high latitudes of both hemispheres (Young, 1999; Semedo et al., 2011). Likewise,
the estimation of other wave parameters will be affected, since the bulk wave
statistics are computed through an integration of the directional wave spectrum.
Moreover, Portilla-Yandún et al. (2016) and Portilla-Yandún (2018) found that the
presence of multiple swells and wind sea is rather common in most ocean basins.
Figure 1.2 shows a directional wave spectrum at (152.255◦ W; 17.533◦ N) for
2015-01-01T01:00:00Z extracted from WAVEWATCH III simulations and its
corresponding integrated wave parameters (significant wave height = Hs , mean
wave period = Tm0,2 and mean wave direction = θm ). This is an example of the
complexity that can be observed in the wave climate of some areas of the world: in
this case, four distinctive partitions were identified. The mean wave direction
computed by integrating the full spectrum is 192.3◦ (with respect to the
geographical North), and is not representative of any of the wave modes observed
in the spectrum. Similarly, the mean wave period and other wave parameters
computed by integrating the full spectrum can yield substantial errors.

Figure 1.2: Directional wave spectrum at (152.255◦ W; 17.533◦ N) for 2015-0101T01:00:00Z extracted from WAVEWATCH III simulations. On the left, integrated
parameters (Hs , Tm0,2 and θm ) of the full spectra are shown (θm is denoted in the
spectrum with a blue arrow). On the right, integrated parameters corresponding to
each wave partition are presented. Four wave partitions were identified, and labelled
as WV1, WV2, WV3 and WV4.
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1.1

Thesis aims

This thesis aims:
(i) To deepen our understanding of the directional/spectral characteristics of the
global wind-wave climate. Circumstances where the use of integrated wave
parameters can lead to an incomplete and sometimes inaccurate description of
the wind-wave state are demonstrated.
(ii) To investigate the sensitivity of spectral wind-wave modelling to the inclusion
of ocean surface currents taken from a global ocean reanalysis. A variety of
wave measurements (from satellite altimeters, moored buoys and Synthetic
Aperture Radar) are used as ground truth to investigate the potential
improvements in the performance of the wave model when including surface
current forcing.
The specific objectives of this thesis are:
1. To describe and quantify the climatological mean, seasonal and inter-annual
variability of the global wind-wave climate employing directional wave spectra
(This has been done before with integrated wave parameters only; the added
benefits of using directional wave spectra are discussed). This is presented in
Chapter 2.
2. To assess the influence of various large-scale atmospheric oscillations (such
as El Niño/Southern Oscillation and the Southern Annular Mode, amongst
others) on the global spectral wind-wave climate. The response of the wave
field to any atmospheric oscillation can be different for different wave modes,
and using directional wave spectra can provide more clarity in assessing this
relationship. This is discussed in Chapter 3.
3. To assess the influence of the Pacific South American modes (PSA-1 and PSA2) on the global spectral wave climate (Chapter 3). Studies have shown the
role of PSA-1 and PSA-2 on the atmospheric circulation variability of the
Southern Hemisphere, however their potential impacts on the wind-wave field
have not been quantified before.
4. To analyse the influence of ocean surface currents on the global wind-wave field.
State-of-the-art spectral wave simulations with and without surface current
forcing are carried out to this end. Results are presented in Chapter 4.
5. To quantify the improvements in wind-wave simulations when including
surface current forcing. Wave simulations with and without currents are
compared against wave measurements from satellite altimeters and moored
buoys (Chapter 4.3.2).
6. To explore the sensitivity of the resolution of the wave model in representing
wave-current interaction processes (Chapter 4.4.3).
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7. To utilise Synthetic Aperture Radar observations of directional swell spectra
to characterize the spectral wave climate around Australia (Chapters 5 and
6).
8. To quantify the agreement between modelled and observed directional swell
spectra around Australia and exploring the reasons for their discrepancies
(Chapter 5).
9. To investigate the impacts of surface currents on swell wave directions and
wave periods around Australia. This is explored in Chapter 6.

1.2

Thesis overview

This thesis is composed of a total of seven chapters (including this Introduction).
Chapters 2 and 3 are motivated by the studies of Hegermiller et al. (2017),
Portilla-Yandún et al. (2015), Portilla-Yandún et al. (2016) and Portilla-Yandún
(2018), among others, which outline potential drawbacks of using integrated wave
parameters for the description of the wave climate. In chapter 2, a new
methodology is introduced to investigate the seasonal variability of global
directional wave spectra. This new methodology is proven to be efficient in
representing the seasonal cycle of the main modes of wave spectral variability. The
equatorial region displays a highly complex wave climate, with various wave
partitions in the spectrum presenting a distinct seasonal variability.
This
information is taken into account in interpreting the results outlined in the
subsequent chapters.
In chapter 3, the methodology is extended to extract the main patterns of
interannual variability of global wave spectra, and to assess the influence of different
climate modes on them. Importantly, the Pacific South American modes, previously
overlooked, exert a significant influence on the spectral wave climate of the Southern
Hemisphere.
Chapter 4 presents a comprehensive analysis of differences in ocean wave
characteristics resulting from global wave simulations with and without surface
current forcing. A thorough comparison against altimeter and buoy observations is
presented. The Antarctic Circumpolar Current and western boundary current
regions arise as hot-spots for wave-current interaction. In particular, the East
Australian Current has a significant impact on wave properties measured along the
coast of eastern Australia.
In Chapter 5, Synthetic Aperture Radar (SAR) measurements of
directional swell spectra from the Sentinel-1A and Sentinel-1B missions are
analysed. A comprehensive comparison between measurements of swell parameters
(significant wave height, mean period and mean direction) and their modelled
counterparts is presented for deep waters of the greater Australian region.
Discrepancies between modelled and observed wave parameters are discussed in
light of the underlying physics of the model and/or the observations. An analysis
of the seasonal variability of measured swell spectra around Australia is also
presented, linked to the analysis presented in Chapter 2.
8

In Chapter 6, this SAR dataset is further analysed to assess the
sensitivity of wind-wave modelling to the inclusion of surface current forcing from
the Bluelink Reanalysis in terms of its representation of swell parameters. This
chapter shows that including currents in wave model simulations translates into a
substantial improvement of swell estimates, particularly wave period.
Finally, Chapter 7 presents a discussion of the main results presented in
Chapters 2-6, their limitations and their implications for future wind-wave studies.
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Chapter 2
SEASONAL VARIABILITY OF
GLOBAL WAVE SPECTRA

This chapter presents a novel methodology to assess the seasonal variability of
global wave spectra through an Empirical Orthogonal Function (EOF) analysis.
This methodology allowed us to extract the main patterns of variability in the
wave spectral domain and their associated time evolution. In line with the main
objectives of the thesis, this chapter intends to address the following questions:
(i) How can the seasonal variability of the global wave climate be described
employing directional wave spectra data?
(ii) What is the distribution of the main modes of wave spectral variability at the
global scale?
(iii) Are there differences in the seasonal variations of different wave modes in the
spectrum?
The results obtained revealed interesting features of the seasonal
variability of global wind-waves. The equatorial regions, especially in the Pacific
Ocean, emerge as areas with a highly complex wave climate, presenting wave
modes that evolve differently throughout the year (e.g., swell waves from the
Northern and Southern Hemispheres and westward-propagating wind-sea waves
with distinct directions). In addition, the EOF methodology allows to describe
changes in the wave direction of these modes, and how it varies with the seasons.
The importance of a directional/spectral description of the wind-wave climate is
highlighted, and several implications of the results presented here are discussed.
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The main text of this chapter forms a manuscript published in Journal of
Geophysical Research: Oceans, with the following citation: Echevarria, E. R.,
Hemer, M. A., & Holbrook, N. J. (2019). Seasonal variability of the global spectral
wind-wave climate. Journal of Geophysical Research: Oceans, 124, 2924–2939.
https://doi.org/10.1029/2018JC014620.
The conceptualisation and design of the study, together with the proposed
analysis methods were discussed between my coauthors, Dr. Mark Hemer and Assoc.
Prof. Neil J. Holbrook, and myself. The CAWCR waves hindcast dataset used in
this study is freely available (http://hdl.handle.net/102.100.100/137152?index=1).
I performed the necessary coding to calculate and analyse the Empirical Orthogonal
Function of directional wave spectra. The writing of all sections of the coauthored
paper and the review process were led by myself, under the guidance of the coauthors.
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Abstract Our understanding of the seasonal variability in the global wind wave ﬁeld is revisited here
using a novel analysis that resolves the directional wave spectra. Empirical orthogonal function analysis
was applied to modeled wave spectral data from a WAVEWATCH III hindcast across a sparse global grid to
identify the main patterns of the climatological wave spectral variability at each grid point. Prior methods
have focused on the variability of two modes of the wave ﬁeld—locally generated sea and the primary swell
component. Our results also consider additional wave modes at each location, enabling us to track the
passage of the less dominant swell modes. Consistent with existing climatological knowledge, the main
modes of wave spectral variability at high latitudes are related to eastward propagating waves that disperse
equatorward as swell following great circle paths. However, despite being the less energetic mode, the
Northern Hemisphere generated swell is found to propagate into the Southern Hemisphere further than the
more energetic Southern Hemisphere swell which propagates northward. In the equatorial zone, a
complex multimodal wave climate is found, with the spectra variability modulated by remotely generated
swell and higher‐frequency waves associated with the prevailing winds. The evolution of these patterns
throughout the year is clearly depicted. Overall, our approach captures a more complete picture of the
seasonal variability of the global wave ﬁeld, by accounting for all the wave modes observed in the spectra at
each location together with their temporal variability.
Plain Language Summary Waves generated by the wind blowing over the surface of the ocean
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are able to travel immense distances and reach distant coasts (e.g., it has been recognized since the 1950s
that the coasts of California receive waves generated in the Southern Ocean). This means that the wave
climate of a given region can be very complex, having waves generated by local winds but also from many
remote places at once (multiple swell ﬁelds). In this study, we present a new method to examine seasonal
variations in the global wave climate which accounts for the full directional wave spectra and includes wave
systems with different frequencies and directions separately, as opposed to using integrated wave
parameters, such as signiﬁcant wave height or mean direction. Our results show how low‐frequency swell
waves propagate across ocean basins from high to low latitudes of both hemispheres, higher‐frequency
waves that are a product of the local winds, and the variation in the intensity of these signals throughout the
year. We believe future wave studies can beneﬁt from this approach, since a concise and yet more complete
representation of the wave climate variability can be achieved.

1. Introduction
Wind‐generated waves play a critical role in processes such as: alongshore sediment transport, which can
translate into changes in the coastline position (Dean & Dalrymple, 2004); the Stokes drift (Longuet‐
Higgins, 1953) which is a very important consideration for search and rescue activities; exchanges of heat,
mass, and momentum with the atmosphere (Cavaleri et al., 2012); and extreme coastal sea level assessments
(Vitousek et al., 2017). Importantly, engineering projects such as the construction of coastal structures,
offshore activities, or the planning of shipping routes require accurate predictions of the wind wave climate.
Wave observations from moored buoys, although highly accurate, usually span short periods of time and are
sparsely distributed around the world, not being appropriate for global studies.

©2019. American Geophysical Union.
All Rights Reserved.

Understanding the global characteristics of wind waves and their variability is indispensable. During recent
decades, the development of numerical wave models and advent of satellite remote sensing systems have
made it possible to undertake global wind wave studies, which have brought about a deeper
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understanding of wave propagation and interconnections between ocean basins. For example, Young (1999)
studied the seasonal variability of the global wave climate using altimeter‐derived and modeled data. He
observed that the highest wave conditions are attained at high latitudes, with the Northern Hemisphere
(NH) presenting a higher seasonal variability than the Southern Hemisphere (SH). In addition, the
Southern Ocean‐generated swell waves penetrate into the Indian, South Paciﬁc, and South Atlantic
Oceans and can even reach the NH during the austral winter (Snodgrass et al., 1966). In contrast, the seasonal variability in the equatorial regions is much less, with wave heights being much smaller year‐round. Sterl
and Caires (2005), using 45 years of wave data from the European Centre for Medium‐Range Weather
Forecasts Re‐Analysis‐40 reanalysis, concluded that the mean wave conditions are more intense in the
Southern Ocean, but the most extreme wave heights are found in the North Atlantic, given that it has a larger variability. Chen et al. (2002), using satellite altimeter‐derived wave data and scatterometer winds, and
Semedo et al. (2011), using wave data from the European Centre for Medium‐Range Weather Forecasts Re‐
Analysis‐40 reanalysis, analyzed sea and swell waves separately. They both found that the wave climate in
most areas of the world is dominated by swell and also deﬁned a “swell front” as the area of separation of
swell from the SH and NH, located in the equatorial region and varying seasonally, extending farther north
(south) in austral winter (summer). In reality, however, no such “front” exists, with each swell ﬁeld continuing its propagation in its respective direction as a superimposed wave ﬁeld with multiple swell modes.
Typically, studies of wind wave variability across different time scales have been performed with integrated
parameters (such as signiﬁcant wave height, peak period, or mean direction with, at best, sea and swell distinguished). These parameters arise from a statistical description of the wave record and are widely used in
both scientiﬁc and industrial applications. However, there are occasions in which the integrated parameters
cannot properly describe the wave climate of a particular region, given that some characteristics of the wave
spectrum are poorly resolved or not resolved at all. For example, Villas Bôas et al. (2017) studied the seasonal
variability of the wave climate off the California coast and observed that the wave spectrum can be separated
by up to seven different partitions, each one having characteristic frequencies and directions. Moreover, no
clear predominance of any of these modes throughout the year was observed, as all displayed a strong seasonal variability. Portilla‐Yandún et al. (2016), using wave spectral data in the eastern equatorial Paciﬁc,
identiﬁed four distinctive wave systems. These studies illustrate the complexity that is often observed in
the multimodal wave climate, which cannot be properly captured with integrated parameters alone.
Instead, the most complete depiction of surface ocean waves is given by the directional wave spectrum,
which describes how wave spectral density is distributed over frequencies and directions and allows us to
identify the different wave modes.
Increasingly, the potential contributions of waves to coastal and ocean challenges are being identiﬁed (e.g.,
coastal sea level, Arns et al., 2017; Vitousek et al., 2017; and ocean mixing, D'Asaro et al., 2014; Van Roekel
et al., 2012). The total wave energy (as represented by integrated parameters) is likely a poor representation
of the potential contribution of a multimodal sea to these processes, with different modes of the wave ﬁeld, of
different frequency or direction, likely leading to alternate response(s). For example, coastal sea level will be
dependent only on the modes of the wave ﬁeld with a shoreward propagating component and more heavily
biased by low‐frequency modes. This motivates us to adopt a different approach from that used so far in wind
wave studies. The aim of this research is to assess the seasonal variability of the directional wave spectra at
the global scale. In order to accomplish this, given the sparsity of wave spectral measurements across the
world, we have used data from a validated global wave hindcast.
This paper is organized as follows: Section 2 provides a description of the wave data utilized and the methodology employed to extract the main modes of spectral variability, section 3 compares observed and modeled directional wave spectra and discusses the potential errors in the spectral information used, section 4
presents the main results of this analysis, and ﬁnally these results are discussed in some detail in section 5.

2. Data and Methods
2.1. The CAWCR Wave Hindcast
The global wind wave hindcast developed by the Centre for Australian Weather and Climate Research
(CAWCR) provides high spatial resolution wave data (0.4° globally and 10′ and 4′ around Australia and
the Paciﬁc Islands) from 1979 to the near present (Durrant et al., 2013a, 2013b). It is a global
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implementation of the WAVEWATCH III model version 4.08 (Tolman, 2009). The Climate Forecast System
Reanalysis 10‐m winds and sea ice concentration data (Saha et al., 2010) were used to force the simulations.
Some of the most relevant features of the hindcast conﬁguration include the Ardhuin et al. (2010) source
term parametrizations, speciﬁcally conﬁgured for utilization with the Climate Forecast System Reanalysis
winds; the Discrete Interaction Approximation (Hasselmann et al., 1985) for nonlinear wave–wave interactions; and the third‐order Ultimate Quickest propagation scheme (Leonard, 1979; Leonard, 1991),
including the garden sprinkler effect correction (Tolman, 2002), Joint North Sea Wave Project bottom friction, and Battjes and Janssen (1978) shallow water depth breaking. Besides, an increase of the sheltering
term from 1.0 to 1.2 (related to an effective wind reduction by shorter waves) and decrease of the nondimensional growth factor of the input source term (βmax) from 1.52 to 1.33 were implemented (Durrant
et al., 2014). WAVEWATCH III also accounts for wave energy blocking by obstacles that cannot be
resolved by the model grid (Tolman, 2003). This is especially relevant in the Paciﬁc region, where there
is a signiﬁcant number of small islands. Obstruction masks were computed using coastline information
from the Global Self consistent Hierarchical High resolution Shoreline database. The model considers
the varying sea ice concentrations, using the approach described by Tolman (2003); hence, there are
high‐latitude grid points covered by ice during certain periods of the year, where no wave information
is available. In order to ease the calculations, these grid points were not considered in this analysis. A
thorough description of the model setup and conﬁguration and its outputs and validation can be found
in Durrant et al. (2014) and Hemer et al. (2017) and therefore is omitted here. However, we emphasize
the fact that integrated parameters derived from the hindcast have been validated against observations
and satellite data around the world, displaying a good performance of the model in terms of bias and
root‐mean‐square error (RMSE) and suitability to perform accurate global wave climate estimations.
Additionally, we include in this paper an assessment of the performance of the model to represent
observed directional wave spectra.
2.2. EOF Analysis of Wave Spectra
The data selected for this study consist of hourly archives of variance spectral density from 1979 to 2016
(38 years) covering 312 grid cells across a sparsely distributed (10° resolution) global grid. These data are distributed spectrally over frequencies ranging exponentially between 0.035 and 0.5 Hz (with 29 bins) and
directions every 15° (24 bins). In the ﬁrst instance, the objective was to study the main modes of seasonal
variability of the wave spectra at particular locations. To accomplish this, an empirical orthogonal function
(EOF) analysis was carried out. The EOF analysis, thoroughly described by Preisendorfer and Mobley (1988),
is a commonly used technique in atmospheric and oceanographic sciences to ﬁnd spatial patterns of variability of a certain variable and how they change through time (see, for instance, Gulev & Grigorieva, 2006;
Hemer et al., 2010; Woolf et al., 2002 for wave‐related studies). In the present study, an EOF analysis was
instead performed to obtain the patterns of variability of the wave spectral density in the
frequency/direction domain at each location (which were related to different wave modes in the spectra),
rather than geographical patterns of variability.
Focusing on one single location, the data have the form S(fi, θj, t) where S is the waves' variance spectral
density, which is a function of frequency fi, direction θj, and time t. Since this study aims to investigate
the seasonal variability of the wave spectra, the climatological monthly averages for the whole period
(1979–2016) were computed, thus reducing the time dimension to 12. In this way, we consider the average
monthly wave conditions. Hence, the components of the wave climate with higher temporal variability than
the climatological scale are not analyzed here. The average of all months was subtracted from each of the
monthly means in order to work with climatological monthly anomalies. Then, for every location and for
every t, the spectral density matrix was rearranged into a one‐dimensional array of dimension 696 (29
frequencies * 24 directions):
Sðf 1 ; θ1 ; t Þ; Sðf 1 ; θ2 ; t Þ; ⋯; Sðf 1 ; θ24 ; t Þ; Sðf 2 ; θ1 ; t Þ; ⋯; Sðf 2 ; θ24 ; t Þ; ⋯; Sðf 29 ; θ1 ; t Þ; ⋯; Sðf 29 ; θ24 ; t Þ
Now each one of these arrays (one for every t) corresponds to columns of a matrix (M) used to compute the
EOFs. Hence, M contains spectral density anomaly data for each month in its columns and the time series for
every frequency/direction combination in the rows.
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The next step is to compute the covariance matrix F = MMT, and then the eigenvalue problem FC = CΛ is
solved. In this case, Λ is a diagonal matrix containing the eigenvalues λi, and the columns of C are the eigenvectors !
ci associated with the eigenvalues λi. These eigenvectors are the EOFs or the principal patterns of
variability of the wave spectra, and the eigenvalues are a measure of the relative importance of those patterns
(i.e., how much of the total variance they explain). The patterns obtained represent standing oscillations, and
their evolution in time is depicted by the principal component (PC) time series, which are computed as M !
ci .
Finally, the variance explained by the ith EOF is calculated as (λi/ ∑ λi) * 100. This analysis was repeated
individually for each of the 312 locations on the sparse global grid.
2.3. Spectral Data From NDBC Buoys
In order to assess the suitability of the hindcast directional wave spectra data used in this study, the monthly
averaged modeled spectra were compared against observations. Unfortunately, measurements of directional
wave spectra are very scarce and most are concentrated in the NH, particularly the United States. The
National Oceanic and Atmospheric Administrations National Data Buoy Center (NDBC: www.noaa.ndbc.
gov) maintains a network of buoys and coastal stations that measure oceanographic and atmospheric variables, and directional wave spectra can be reconstructed for some of these buoys. The spectral reconstruction
techniques depend on the system used to measure waves. In this case, the NDBC operates heave‐pitch‐roll
buoys, single‐point systems that measure the sea surface elevation (heave) together with the E‐W and N‐S
sea surface slopes (pitch and roll). The formulations for the wave spectra reconstruction are usually given
in terms of cross‐spectral parameters C11 (wave elevation spectral density), C22 and C33 (E‐W and N‐S wave
slope spectral density), C23 (cospectral density between E‐W and N‐S wave slopes), and Q12 and Q13 (quadrature spectral density between elevation and E‐W and N‐S slope time series, respectively). One of the ﬁrst
reconstruction methods was devised by Longuet‐Higgins et al. (1963), who approximated the directional
wave spectra by a truncated directional Fourier series expansion. However, more recent methods of spectral
reconstruction provide better directional resolution and have proven to be overall more realistic. One such
method is the maximum entropy method. Here, we apply the maximum entropy method for reconstruction
of observed directional spectra following the methods of Lygre and Krogstad (1986).
The C11, r1, r2, θ1, and θ2 values for six buoys were downloaded from the NDBC webpage, and the cross‐
spectral parameters were computed following Earle et al. (1999). Then, the hourly directional wave spectra
for each one of the buoys was reconstructed using the set of equations described by Lygre and Krogstad
(1986). The wave records from the buoys span different time ranges, and they all have several gaps and missing values. Therefore, only data from the wave hindcast that coincided in time with data from the buoys were
selected. Finally, the monthly averages for both the buoy and hindcast spectra were computed
and compared.

3. Comparison Between Modeled and Observed Directional Wave Spectra
The monthly averaged directional wave spectra reconstructed from the NDBC buoy observations were computed and compared with that of the CAWCR wave hindcast. Six buoys were selected to carry out the comparison: two from the east coast of the United States, 42036 (28.501°N; 84.516°W) and 44025 (40.251°N;
73.164°W); two from the west coast, 46029 (46.143°N; 124.485°W) and 46042 (36.785°N; 122.398°W); and
two from the Hawaiian region, 51028 (0.0°N; 153.913°W) and 51004 (17.602°N; 152.395°W). Detailed
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results are presented here for buoy 51028, which albeit not having the
longest measurement record present characteristics of a multimodal wave
climate that highlights the strength of the approach applied in this study.
Figure 1 shows the monthly means of the directional wave spectra derived
from the waves' hindcast and reconstructed from observations.
Qualitatively, the wave hindcast can be seen to reproduce the main wave
modes present in the observations. There are two low‐frequency signals
that are present all year round but with varying intensities: one directed
to the NNE corresponding to the Southern Ocean generated swell which
is more intense in the June–July–August (JJA) months and another one
directed to the southeast that corresponds to North Paciﬁc swell waves
which are more intense in the December–January–February (DJF)
months. There is also a higher‐frequency signal that shifts its direction
through the year, being more southwesterly during DJF and more northwesterly in JJA, which is related to the equatorial trade winds. These characteristics can be observed both in the buoy and hindcast data. The
hindcast tends to concentrate the wave energy in narrower signals (hence
it attains larger values), whereas the mean spectra from the buoys present
slightly broader signals.
Figure 1. (left column) monthly mean spectra for buoy 51028 (0.0°N;
153.913°W) reconstructed with the maximum entropy method following
Lygre and Krogstad (1986). (right column) Monthly mean spectra derived
from the wave model. Colors represent the waves' variance spectral density.
Frequency ranges from 0.05 (in the center of the circle) to 0.35 Hz (in the
outer rim), separated every 0.05 Hz. Directions are in oceanographic
convention (i.e., the direction the waves propagate to).

The signiﬁcant wave height (Hs) was computed from the directional spectra as
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ


1
∑ ∑ S f ; θj ; t
(1)
H s ðt Þ ¼ 4
N iN j i j i

where Ni is the number of frequencies, Nj the number of direction bins,
and S represents the wave spectra (i.e., S(fi, θj, t) is the variance spectral
density at frequency fi, direction θj, and time t). Hs was computed using
the directional spectra derived from the buoy and from the hindcast, and the correlation between the Hs time
series for every month is shown in Figure 2.
In order to quantify the agreement between modeled and observed monthly mean wave spectra, two statistical parameters were considered: a normalized root‐mean‐square error (nRMSE) and the Pearson linear
correlation coefﬁcient (R). The nRMSE was computed as
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ




2
1
nRMSE ¼
∑ ∑ SBuoy f i ; θj −SHindcast f i ; θj *100= maxðSHindcast Þ
(2)
N iN j i j
where SBuoy is the monthly mean wave spectrum reconstructed with the buoy data and SHindcast the spectrum derived from the hindcast. With the spectra discretized in 29 frequencies and 24 directions, nRMSE
and R were computed from a set of 696 data points for each spectrum. Figure 2 shows the nRMSE and R
values for every month, for each of the buoys selected.
The Hs time series obtained from the hindcast and the observations are well correlated, with R > 0.8 for all
the selected buoys except 51028, where the correlation is high during the boreal summer but drops during
winter. The RMSE values are within 10% of the maximum value attained by the model for all the selected
buoys, except buoy 42036 (located in the Gulf of Mexico) where there are higher nRMSE from July to
November, reaching a maximum of ~25%. This period is coincident with the Atlantic hurricane season
(Landsea, 1993), and the relatively high errors are related to the inaccuracy of the wind forcing in resolving
the cyclonic storms. If no normalization is applied to the RMSE calculation, a seasonal cycle of RMSE is
obtained with higher values during the boreal winter and lower in summer, in agreement with results
reported by Chawla et al. (2013). The monthly mean spectra from model and observations are well correlated, with R ~ 0.9 for buoys 44025, 46029, 46042, and 42036 (except from July to September for buoy
42036) and R ~ 0.8 for buoys 51004 and 51028. In summary, the wave model makes a very good representation of Hs (dotted line in Figure 2; also, see Durrant et al., 2014; Hemer et al., 2017), and of the monthly mean
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Figure 2. In green tones, root‐mean‐square error between modeled and observed monthly mean wave spectra, normalized by the maximum value attained in the
spectra (equation (2)). In blue tones, Pearson linear correlation coefﬁcient between modeled and observed monthly mean wave spectra. The blue dotted line
is the correlation coefﬁcient between observed and modeled Hs time series for each month.

wave spectra, in the sense that it captures the wave modes present in the observed spectra and is well
correlated with it. Therefore, with the data regarded suitable for this study, the methods described in
section 2.2 were employed to investigate the seasonal variability of global directional wave spectra.

4. EOF Analysis Results
The main modes of seasonal variability of the global directional wave spectra were computed following the
method outlined in section 2.2. We recall that the reconstruction of the original spectral data from a few
EOFs is achieved as follows:
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Figure 3. Percentage of the total variance explained by the (a) ﬁrst and (b) second empirical orthogonal function.

Reconstructed spectra ¼ ∑i EOF i *PC i þ Smean

(3)

where PC represents the PC time series, i is the number of EOFs selected, and Smean the average spectra for
the whole period considered. Figure 3 shows the variance explained by the ﬁrst two EOFs to show that they
are sufﬁcient to achieve an accurate data reconstruction; Figure 4 shows the ﬁrst EOF patterns and Figure 5
their corresponding PC time series; Figure 6 shows the number of wave modes identiﬁed in the spectra at
each location; Figure 7 presents the second EOF patterns and PC time series; and ﬁnally, to complete the
data reconstruction, the total average spectra are shown in Figure 8. Thus, together, these ﬁgures provide
a comprehensive presentation of the seasonal variability of the global wave climate.
First, in order to determine how many EOFs should be retained to adequately represent the seasonal variability of the wave spectra, the variance explained by the ﬁrst few EOFs was computed. The variance

Figure 4. Spectral variability patterns corresponding to the ﬁrst empirical orthogonal function. Units are dimensionless
(the units are carried by the principal component time series). The orange and green lines correspond to great circle
paths. The frequency range was modiﬁed for better visualization, where the lower frequency (in the center of the circle) is
0.035 Hz (28.5 s) and the higher frequency (the outer rim) is 0.24 Hz (4 s). The color bar range is the same for every
location, and it is shown for one of them as reference.
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Figure 5. Principal component time series corresponding to the ﬁrst empirical orthogonal function mode, from January to
December. Units are meters squared second per radian.

explained by EOF‐1 is greater than 80% for the majority (~86%) of the grid cells (Figure 3). It attains very high
values (>90%) in large areas of the Indian Ocean and at high latitudes of the North Paciﬁc and North and
southeast Atlantic. The minimum values are found east of Australia, south of Japan, in some regions of
the Southern Ocean, and in the west part of the Atlantic. The variance explained by EOF‐2 in these regions
is typically sufﬁcient to combine with EOF‐1 to produce a total variance explained of >90%.
There are a number of interesting features apparent in Figure 4. Since climatological monthly means were
calculated from data over the period 1979–2016, our results correspond to a seasonal climatology of the wind
wave ﬁeld. The main mode of seasonal variability at high latitudes in all ocean basins corresponds to low‐
frequency (~14 s) waves propagating eastward. These are swell waves generated by the intense westerlies
in those regions, and EOF‐1 captures the variation in their intensity throughout the year. It can be seen that
the South Paciﬁc generated swell waves propagate to the north, reaching latitudes of ~20°N. This northern
signal of the Southern Ocean generated swell has been long understood, following the founding work of
Snodgrass et al. (1966). The swell signal follows a great circle track (path) shown with an orange line in
Figure 4 (it is a curved line; however, this is not representative of a waves' rotation but an artifact of the geographic projection used here). Furthermore, we see the directional widths of these signals are greater at high
latitudes and become more focused in one direction as they propagate equatorward: In the vicinity of the
storm tracks area, waves are being generated in an ample set of directions (mainly eastward), but in low latitudes far away from the generation area these waves arrive from one predominant direction and hence the

Figure 6. Number of wave modes (energy clusters in the spectrum) identiﬁed in the EOF‐1 patterns (Figure 4).
EOF = empirical orthogonal function.
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Figure 7. (left panel) EOF‐2 patterns, shown for Paciﬁc basin only. Axes limits as deﬁned in Figure 4. (right panel) PC‐2 time series. The y axis for the PC ranges
from −20 to 20, and the units are meter squared second per radian. EOF = empirical orthogonal function; PC = principal component.

spectrum is narrower. A transition of the peak energy toward lower frequencies is observed between the high
latitudes and the equatorial swell waves, evidencing their dispersive behavior.
Something analogous occurs with swell generated in the North Paciﬁc and Atlantic, where the signals propagate to the south following a great circle route (green line in Figure 4). In this case, the swell waves propagate further into the SH, reaching ~30°S latitude. The swell signals of the North and South Paciﬁc have
opposing signs, meaning when one increases the other decreases, and vice versa, evidencing the seasonal
change in intensity of the westerlies in each hemisphere, which is greater in their respective winter. This
southern extension of the NH generated swell is less well recognized in the literature, as it is typically dominated by the SH swell.
In the equatorial regions, these two swell signals are present and their variability is captured by the ﬁrst EOF.
In the Paciﬁc and Atlantic Ocean, EOF‐1 also shows the variability of higher‐frequency waves that propagate
westward, generated by the prevailing trade winds. Besides, a strengthening of this signal is observed when
moving from east to west in the equatorial region, consistent with the strengthening of the easterlies. These
higher‐frequency signals can be decomposed into two parts: a negative signal, directed toward the northwest, which is in phase (same sign) with the Southern Ocean swell and has its maximum values at 10°S;
and a positive one, directed to the southwest, in phase with the North Paciﬁc swell with the maximum intensity at 10°N. These characteristics result from the variation of the equatorial easterly winds throughout the

Figure 8. Map of the average directional wave spectra for the period 1979–2016. Units in meter squared second per radian.
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year, which tend to be more northeasterly in DJF and more southeasterly in JJA. More regional features can
also be appreciated, such as the shadowing inﬂuence of New Zealand (Laing, 2000), and the effect of southerly winds blowing parallel to the Andes along the coast of Perú is observed in EOF‐1 as relatively high‐
frequency waves propagating northward. In the North Indian Ocean an intense high‐frequency signal is
observed, related to the variability of the surface winds produced by the Asian Monsoon, which dominates
the seasonal variability of the wave climate in this area. Again, the resolution of these regional features in
our results exhibits the strength of the method to present a more complete picture of the seasonal variability
of the global wave climate in a single ﬁgure.
These patterns are standing oscillations that represent the main modes of variability of the wave spectra,
and it has been shown that they are associated with different wave modes in the spectrum. On the other
hand, the PC time series (PCs) describe how these patterns (wave modes) evolve in time. The PCs corresponding to the ﬁrst EOF for every location are shown in Figure 5. First, we ﬁx all PCs to have a concave
shape, with positive values in DJF and negative in JJA. This allows the EOF‐based method to present seasonal phase information consistently. For example, during DJF (boreal winter), the product of a positive
PC value with the EOF patterns yields a positive anomaly in the NH and a negative anomaly in the SH
(see equation (3)). As time progresses, the PC values become smaller, so that these anomalies (both positive and negative) lose their strength, until the PCs attain negative values during midyear. At this stage,
the SH patterns now represent a positive anomaly and the NH patterns a negative anomaly. The minimum (negative) values of the PCs are attained during the JJA months for almost every location, except
in the South Paciﬁc sector around 50°S. Here, the PCs are also negative during JJA, but the minimum
negative values are attained during March–April–May (MAM) and September–October–November
(SON) months, as a consequence of the two minima features associated with seasonal shifts of the SH
storm belt. On the other hand, it can be observed that the grid cells with the lowest amplitude in their
PCs (difference between maximum and minimum attained value) are located in the equatorial regions.
This means that, in this area, the variability patterns depicted by the EOF remain relatively constant
and with low values throughout the year. At high latitudes, the amplitude is greatly increased, meaning
the EOF patterns present marked variability and oscillate with higher intensity in these areas. The largest
amplitudes are found at high latitudes of the North Atlantic and Paciﬁc Oceans and in the South Indian
Ocean. The equatorial EOFs display much lower amplitude PCs.
To further support the assertion that the spectral patterns shown in EOF‐1 correspond to real wave modes in
the spectra, a comparison with a complementary methodology was performed. Partitioned wave parameters
from the CAWCR wave hindcast were used to identify the different wave systems in the spectra and compare
them with those captured by EOF‐1. Four locations with distinctive spectral signatures were selected: in the
Southern Ocean (180°E; 50°S), north Indian Ocean (90°E; 10°S), equatorial eastern Paciﬁc (100°W; 0°), and
in the north Atlantic (30°W; 40°N). The signiﬁcant wave height, peak frequency, and peak direction of the
ﬁrst four partitions were mapped onto a frequency/direction grid using hourly data from 1979 to 2016 to
reconstruct the principal wave modes observed in the spectra (supporting information Figure S1). All the
wave modes shown in the EOF‐1 patterns correspond to a wave mode in the spectra reconstructed from partitioned data. The peak frequency and peak direction of each mode are also well represented, with the error
being in general equal to or less than the spectral resolution (that is, 15° in direction and a 1.1 increment
in frequency).
Figure 6 shows the number of wave modes that are recognized in EOF‐1. At high latitudes in both hemispheres, the seasonal variability of the wave climate can be represented by one or two wave modes. On
the other hand, the equatorial regions are characterized by a complex multimodal wave climate, and three
to four modes are generally present in the wave spectra and therefore are needed to reconstruct the seasonal
variability of the wave climate in that area. This means that the use of bulk wave parameters may be appropriate at middle to high latitudes, but in the tropics they may become less meaningful. For example, in the
presence of two swell signals, the usual approach of deﬁning integrated parameters for sea and swell separately will consider only one of these signals. Moreover, considering the mean swell direction in a case with
opposing swell waves may even provide incorrect information. Considering the peak direction (direction
associated with the most energetic mode in the spectrum) will only represent the primary swell mode.
Our results show that, in equatorial regions, both primary and secondary swell components must be considered to accurately represent the seasonal variability of the wave climate.
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The patterns corresponding to the second EOF also reveal important characteristics of the global wave ﬁeld
(Figure 7). At high latitudes in both hemispheres, EOF‐2 represents a rotation of the swell signal observed in
EOF‐1 (e.g., the North Paciﬁc patterns present a positive southeast signal together with a negative east signal, which translates into a clockwise rotation for positive values of the PC time series, since a shift of wave
energy from one direction of the spectrum to another will occur). The PCs tend to represent two relative
(positive) maxima in MAM and SON and two relative (negative) minima in DJF and JJA. This means that,
for the SH for example, there is anticlockwise rotation of the midlatitude‐to‐high‐latitude swell waves during
autumn and spring and a clockwise rotation in summer and winter, and an analogous behavior is observed
for the NH. This transition occurs with the seasonal meridional shift in the position of the predominant westerlies (Lamb, 1975). Moreover, at high latitudes (40–60°N and 50°S), the rotation of the swell signal is also
accompanied by a shift toward higher (lower) frequencies during MAM and SON (DJF and JJA).
Figure 8 shows the average spectra for the whole period considered (1979–2016). The EOFs represent an
anomaly about the mean, and the mean is therefore necessary to reconstruct the original annual cycle (equation (3)). The information in Figure 8 reﬂects some of the results presented above: The mean wave conditions, as represented by the average spectra, are more intense at high latitudes, particularly in the
Southern Ocean, and much lower in equatorial regions, especially in the western side of ocean basins.
The sea and swell wave signals described before are also identiﬁed.
Finally, the seasonal cycle of the mean spectral wave climate was reconstructed using the ﬁrst two EOFs and
compared with the seasonal cycle from the full spectral data set in order to provide an estimation of the error
in the EOF analysis (Figures S4 and S5). All the wave systems observed in the original monthly averaged data
are captured by the EOFs. The errors in the peak frequency or peak direction of each wave mode are in general equal to or less than the spectral resolution, and the total energy contained in the spectra is very similar
for each station (Figure S5). In summary, the seasonal cycle is very well reproduced from reconstruction of
the data with two EOFs.

5. Summary and Discussion
This study of the seasonal variability of the global wave climate uses a novel approach focused on analyzing
the seasonal variability of the full multimodal directional wave spectrum. Several authors have highlighted
the shortcomings of using bulk parameters to represent the wave climate for many regions of the world (e.g.,
Portilla‐Yandún et al., 2016). In this sense, there is an ongoing effort directed to develop wave spectral reconstruction techniques that identify energy peaks in the spectra and their associated parameters (energy, period, direction, and spread). Ideally, the full‐directional spectra could be later reconstructed using these
parameters. This approach could have great beneﬁts since directional wave spectra are typically large data
sets that require considerable disk storage. However, more studies are still needed to determine how many
spectral partitions are required in different areas of the world and across multiple time scales.
Our approach aimed to explore the contribution and value of the methodology described in section 2.2, with
the aim to provide a more complete understanding of the climatological wave climate than may be obtained
from bulk wave parameters alone. Since wave model simulations are usually evaluated by assessing their
performance in representing integrated parameters, the modeled wave spectra used in this study were compared against the scarce available observations. From this comparison we conclude that the wave model is
able to well represent the main wave modes observed in the measured spectra in the time scales considered
here. Nevertheless, it must be kept in mind that given the lack of directional wave spectra observations, this
comparison was by no means comprehensive: Only six locations were selected, none of them in the SH or in
extratropical regions. Hence, at the moment, the ability of the wave model to represent the different wave
modes in the spectra cannot be fully assessed. Through reconﬁguration of the data and covariance matrix
in an EOF analysis, we identiﬁed the dominant wave spectral patterns of seasonal variability in the
frequency/direction domain, and how they change throughout the year, for 312 locations around the world.
The method was applied to climatological monthly anomalies, based on data from 1979 to 2016. The ﬁrst
EOF explained a large proportion of the total variance (>80% for 86% of the grid cells). Smallest values
occurred in sheltered areas, like the Coral Sea and to the east of continents at high latitudes, where the inﬂuence of the westerlies is lower (e.g., short fetch); in these areas the main wave mode may not be dominant
and hence the lower variance. However, the variance explained by EOF‐2 is greater in those locations
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where the variance explained by EOF‐1 is lower, so that together, they account for more than 90% of the total
variance at almost all locations. For example, in the Southern Ocean there are two spots with relatively low
variance explained by EOF‐1, whereas EOF‐2 is higher there, meaning that the main swell signals rotate
with greater amplitude throughout the year, and hence considering the variability of EOF‐1 alone is not
accurate enough. We conclude that two EOFs are sufﬁcient to describe the seasonal variability of the global
wave climate. Moreover, EOF‐3 explains <5% of the variance in 88% of the grid points and < 10% in all grid
points. EOF‐3 and higher‐order EOFs have very low signal relative to noise. If the EOF analysis is performed
using daily averaged spectral time series (instead of monthly averages as presented here), the variance
explained by EOF‐1 is much lower (on a global average, 38.5% lower, not shown) since in this case higher
variability wave modes are being considered and emerge in the EOF. Then, the daily EOF‐1 represents only
one of those modes and that is the reason for the lower variance explained.
The major strength of the method used in this study is that it allows us to summarize the directional spectral
information in a compact manner but also allows us to visualize its seasonal variability through the PC time
series. At high latitudes, the main wave spectral variations throughout the year are described by the
intensiﬁcation/reduction of eastward propagating swell waves that disperse equatorward following a great
circle route. This phenomenon was described by Munk et al. (1963) and Snodgrass et al. (1966), who measured Southern Ocean swell waves travelling across the Paciﬁc Ocean, even reaching San Clemente
Island, California (~32°N). These swell paths are clearly distinguished in Figure 2. Besides, a transition of
the peak energy toward lower frequencies is observed between the high latitudes and the equatorial swell
waves, evidencing their dispersive behavior. Swell waves from the SH and NH are always out of phase
(see the signs of the patterns and their corresponding PC time series), reﬂecting the variation in the westerly
winds that generate them, which is greater in the respective winter of each hemisphere. The extension of
these swell signals is evident, and, surprisingly, the southern extension of swell coming from the NH is
greater than the northern extension of the SH swell, in the time scales considered here (this was corroborated by selecting a threshold to deﬁne the extension of the swell signals). In addition, there is higher‐
frequency variability observed in the equatorial regions of the Atlantic and Paciﬁc Oceans as a consequence
of the trade winds. The variations of these winds through the year (being more southeasterly in JJA and
northeasterly in DJF) are also reﬂected in EOF‐1. In the North Indian Ocean, there is a high‐frequency signal
reﬂecting the seasonal variations of the surface winds produced by the Asian Monsoon. Overall, it was
observed that the waves' seasonal variability tends to lie on the relatively low‐frequency band of the spectrum (the peak frequency of the main modes identiﬁed in the EOFs is generally lower than 0.1 Hz). This
seems to agree with Chen et al. (2002) and Semedo et al. (2011), who found that the global wave ﬁeld is dominated by swell, even in areas of strong wave generation. The approach employed here has proven to be particularly useful to describe the wave climate variability in the tropics, where the wave spectra is found to be
multimodal, with swell waves from both hemispheres and higher‐frequency wave modes related to the prevailing trade winds.
Previous studies of seasonal variability of the global wave climate have typically made a distinction between
sea and swell waves and studied their variability separately. However, this separation could produce some
loss of information in the presence of a multimodal wave climate, such as that found in equatorial regions
(as evidenced in Figure 6). For example, Chen et al. (2002) looked at the relationship between growing
and developed sea states to deﬁne sea and swell waves; Semedo et al. (2011) used a frequency cutoff to divide
the wave spectrum into sea and swell parts and computed integrated parameters for each of them integrating
the corresponding part of the spectrum; Fan et al. (2014) deﬁned the direction of sea and swell waves as the
direction associated to the peak frequency (frequency with the highest energy). However, in the cases where
the wave spectra have more than two wave modes, deﬁning integrated parameters for sea and swell will only
consider the primary swell modes and disregard the other(s). In fact, considering integrated parameters such
as the mean swell direction in the presence of opposing swell waves can yield incorrect information (e.g.,
having two swell systems propagating to the southeast and northeast respectively will yield an average direction to the east, which would underrepresent the important structures of the information). Moreover, this
approach of splitting the spectrum into sea and swell leads to the deﬁnition of a swell front (Semedo
et al., 2011; Young, 1999), deﬁned as a line that divides the NH from the SH generated swell. However, when
considering the full directional wave spectra we can see that there is a band of latitudes where the NH and
SH swell can coexist.
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Figure 9. Schematic of the different wave modes observed in the EOF‐1 patterns. The lower panels show the annual
amplitude of the total energy contained in the part of the spectrum corresponding to each wave mode.
EOF = empirical orthogonal function.

Figure 5 shows the PC time series for every location, which represents the time evolution of the different
wave modes as described by the EOF patterns. The amplitude of these variations is remarkably different
in many areas of the world, being signiﬁcantly larger at high latitudes, with maximum values in the
North Atlantic Ocean. In the tropics, the amplitude is lower and there is little observable change in their
intensity, meaning that the wave conditions in this area are low and fairly constant throughout the year,
in agreement with Young (1999) and Sterl and Caires (2005). Besides, the absolute value of the PC time series
is relatively very low compared with those of high‐latitude grid points, meaning that the wave climate in
equatorial regions is not only less variable but also of much lower intensity. The continental distribution also
affects the amplitude of the PCs: it is greater along the west coast of Australia than along its east coast, and
there is a striking difference westward and eastward of Tasmania. Generally, their amplitudes are lower at
the western sides of ocean basins than on the eastern side. The Southern Ocean presents a high amplitude
in the PCs, except eastward of Drake Passage, which attenuates the wave energy propagating from the
Paciﬁc Ocean, leading to less seasonal variability in the South Atlantic. To further ascertain that the seasonal
cycle of directional wave spectra is effectively being represented jointly by Figures 4 and 5, the EOF analysis
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was repeated using daily averaged spectra. The EOF‐1 patterns that result from this analysis show wave
modes that are very well correlated with those shown in this study. As to the PC time series, the dominant
frequency of variability of the daily PC‐1 (calculated by performing a power frequency spectrum analysis on
the time series) is approximately 1 year in all cases, with a smaller semiannual peak (Figure S2). Moreover,
the PC‐1 time series shown in Figure 5 are highly correlated to the monthly means of the daily PC‐1 time
series (Figure S3), conﬁrming the robustness of out method and results.
As to the second EOF patterns, despite explaining a much lower percentage of the total variance, they
allow us to better understand important features of the seasonal variations of the global wave climate.
The most conspicuous characteristics are the rotation of the high‐latitude signals observed in EOF‐1, evidenced by positive and negative anomalies at both sides of the main wave signals' mean direction
(further, this was corroborated by reconstructing the data considering only EOF‐2, observing how the
waves' energy in the spectrum shifts from one direction of the spectrum to another throughout the year).
Their PCs are usually positive during MAM and SON and negative in DJF and JJA, pointing to an alternation between clockwise and anticlockwise rotation throughout the year at these latitudes. At 40–60°N
and 50°S there is also a shift toward higher (lower) frequencies in MAM and SON (DJF and JJA). These
characteristics are the product of seasonal variations in the position of the westerly winds in both hemispheres (e.g., during winter months the storm belt moves toward lower latitudes, hence affecting areas
that now generate higher‐frequency waves). Being able to capture this change in wave direction and especially the temporal variability of this process can have great beneﬁts for future wave studies to assess the
inﬂuence of different phenomena on the variability of waves directionality (e.g., Hemer et al., 2010). In
the equatorial region, EOF‐2 patterns are more complex and difﬁcult to interpret, since they depict an
intricate phase shift between the swell and higher‐frequency waves observed in EOF‐1, and they may
not be representative of a real physical process acting in this area.
In summary, our results show good agreement with previous studies about the seasonal variability of bulk
wave parameters (e.g., Semedo et al., 2011; Young, 1999). However, our analysis method has made it possible
to yield a richer description of the seasonal variability of the multimodal characteristics of the global wave
ﬁeld. A schematic of the ﬁve main wave modes observed in the EOF‐1 patterns is shown in Figure 9 as a summary. The seasonal cycle of directional wave spectra was reconstructed using two EOFs, and the total energy
contained in the part of the spectrum corresponding to each wave mode was computed. Then, the amplitude
of the variability of the total energy was calculated, and the results are shown in the lower panels of Figure 9.
The correspondence with the amount of wave modes shown in Figure 6 is not ubiquitous because Figure 6
takes into account every observed wave mode, some of which are related to regional features of the wave climate. Conversely, Figure 9 only shows the ﬁve main modes for clarity. Figure 9 highlights the unimodal
wave climate that characterizes the high‐latitude regions and the complex mixture of wave modes that
can be found in equatorial regions, evidenced by the overlapping of the different wave modes patches in that
area. All of these modes contribute to the seasonal variability of the wave climate at low latitudes, and they
cannot be captured jointly using integrated wave parameters.
Our ﬁndings could have signiﬁcant importance for coastal studies. The statement released after the World
Climate Research Programme/Intergovernmental Oceanographic Comission (WCRP/IOC) Sea Level
Conference (https://www.wcrp‐climate.org/sl‐statement‐2017) exposes the relatively slow progress in
understanding of the contribution of waves to total coastal sea level and its impacts, as opposed to understanding storm surges or mean sea level rise. Our results show that a complex multimodal wave climate is
found at low latitudes, and therefore each wave mode might contribute differently to the total coastal sea
level response. The transformation of waves from deep to shallow waters and the subsequent coastal
processes could be different for different wave modes with distinct frequencies and directions. Likewise,
other processes could be better described with the use of directional wave spectra (e.g., the Stokes drift;
Kumar et al., 2017). Finally, our approach presented to study wave spectral variability is valid for
investigating variability on other time scales. Research is ongoing to investigate the spectral wave response
to interannual drivers of climate variability, for which relations to the bulk wave ﬁeld have been described
(e.g., Hemer et al., 2010; Izaguirre et al., 2011; Marshall et al., 2015, 2018; Stopa et al., 2013; Woolf et al.,
2002). Such descriptions will assist researchers to resolve the ocean and coastal response to variations
associated with different modes of the wave ﬁeld, in better conditioning us to understand the extent of
potential impacts of future projected wave climate change (e.g., Hemer et al., 2013; Morim et al., 2018).
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Chapter 3
INTERANNUAL VARIABILITY OF
GLOBAL WAVE SPECTRA

In this chapter, the EOF methodology outlined in Chapter 2 is extended to
investigate the variability of the spectral wind-wave climate on inter-annual time
scales, using daily mean spectra from the CAWCR waves hindcast for the period
1979-2019. In particular, the influence of the Pacific South American modes
(PSA-1 and PSA-2) on the spectral wave climate is analysed. Many studies have
looked at the effects of many climate modes (e.g., the Southern Annular Mode or
El Niño/Southern Oscillation) on the global wind-wave climate, however the role
of the PSA modes had not yet been explored nor quantified. In line with the
objectives of this thesis, the main questions this chapter intends to address are:
(i) What is the influence of the Pacific South American modes on the spectral
wind-wave climate?
(ii) What benefits can be attained by assessing the influence of different climate
modes on the spectral wind-wave climate (as opposed to using integrated wave
parameters)?
Results show that the PSA modes modulate major changes in wave height
and direction in the South Pacific region. The methodology employed enables a more
comprehensive description of the wave climate and, importantly, makes it possible
to assess the influence of climate modes on waves’ rotation.
The main text of this chapter forms a manuscript published in Journal of
Geophysical Research: Oceans, with the following citation: Echevarria, E. R.,
Hemer, M. A., Holbrook, N. J., & Marshall, A. G. (2020). Influence of the Pacific
28

South American modes on the global spectral wind-wave climate. Journal of
Geophysical
Research:
Oceans,
125,
e2020JC016354.
https://doi.org/10.1029/2020JC016354.
The conceptualisation and design of the study, together with the proposed
analysis methods were discussed between my coauthors, Dr. Mark Hemer, Assoc.
Prof. Neil J. Holbrook and Dr. Andrew Marshall, and myself. The CAWCR waves
hindcast dataset used in this study is freely available (http://hdl.handle.net/102.
100.100/137152?index=1). I performed the necessary coding to calculate the daily
PSA indices and to compute and analyse the Empirical Orthogonal Function of daily
mean directional wave spectra. The writing of all sections of the coauthored paper
and the review process were led by myself, under the guidance of the co-authors.
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Abstract

In this study, we analyze the inﬂuence of the Paciﬁc‐South American modes (PSA‐1 and
PSA‐2) on the global wind‐wave climate using wave data derived from a WAVEWATCH III global wave
hindcast. We apply an empirical orthogonal function analysis to daily‐averaged directional wave spectra to
extract the two main patterns of interannual wave spectral variability. These are related to changes in
the wave spectral density levels (variability in the wave heights) and to rotations of the wave signal
(variability in wave direction). The PSA‐1 mode is positively correlated with the wave height variability in
the southeast Paciﬁc and negatively correlated in the Indian Ocean sector of the Southern Ocean. The
PSA‐2 mode presents a strong negative correlation with wave heights in the central South Paciﬁc. Moreover,
the PSA modes are signiﬁcantly correlated with changes in modeled wave direction in the South Paciﬁc
region. Composite maps of wind anomalies during positive stages of PSA‐1 and PSA‐2 provide a compelling
explanation for the observed correlation patterns. The methodology applied in this study is also used to
assess the inﬂuence of other climate modes on the global wind‐wave climate (namely, the Southern Annular
Mode, Arctic Oscillation, North Atlantic Oscillation, El Niño/Southern Oscillation, and the Paciﬁc North
American mode). While our results are consistent with previous studies, we provide more clarity as to how
different atmospheric modes inﬂuence the variability of speciﬁc components of the wave spectrum.
Importantly, we assess how these climate modes would modulate the interannual variability of wave
direction.

Plain Language Summary Different modes of atmospheric variability (such as El Niño/
Southern Oscillation or the Southern Annular Mode) are known to inﬂuence the ocean wind‐wave
climate in many regions of the world and across different timescales. The Paciﬁc‐South American (PSA)
patterns represent important modes of variability of the atmospheric circulation in the Southern
Hemisphere. In this study we use results from an ocean wind‐wave model to analyze how the PSA patterns
inﬂuence the global wave ﬁeld. We apply a methodology that allows us to study in detail changes in wave
height and direction. Our results suggest that the PSA modes would be associated with wind anomalies
that modulate the height and direction of swell waves generated in the Southern Ocean, particularly
in the south Paciﬁc. We also analyze other climate modes of variability and their inﬂuence on the wind‐wave
ﬁeld. Our results are consistent with previous studies, and they suggest that the inﬂuence of the PSA modes
on the wind‐wave ﬁeld is of the same order of magnitude as that of other climate modes.

1. Introduction
Surface wind‐generated waves drive and modulate many ocean processes and have a signiﬁcant impact on
human activities. Various operations at sea, such as ﬁshing, navigation, or recreational activities, require
estimations and/or forecasts of the sea state. At the coast, waves can substantially contribute to the total
sea level through wave‐induced setup and wave run‐up (Dodet et al., 2019), as well as modulate the
long‐term coastal stability through resuspension and transport of sediments. Waves also generate ocean
turbulence and mixing, which promotes exchanges of heat, mass, and momentum with the atmosphere,
therefore being a contributing component of the climate system (Cavaleri et al., 2012). For all these reasons
it is important to understand the processes governing the variability of wind waves and their sources.
©2020. American Geophysical Union.
All Rights Reserved.

The wind‐wave state of a given region can change in a matter of hours but also across timescales from daily
to interannual and longer. Understanding the nature of these variations can help improve wave climate

ECHEVARRIA ET AL.

1 of 16

30

Journal of Geophysical Research: Oceans

10.1029/2020JC016354

Figure 1. PSA‐1 (top left) and PSA‐2 (top right) patterns computed from monthly 500 mb geopotential height anomalies
from 20°S to 70°S. Units are carried in the principal component time series. The eigenvalue spectrum is shown in the
bottom ﬁgure.

predictability and provide a context for the study of wave trends and extreme values. The question of what
drives interannual variability in the global wave ﬁeld has been explored in several studies, and this
knowledge has improved greatly in recent years, given the increasingly long record of wave observations
(obtained remotely by satellites and in situ from buoys) and the development of global wind‐wave model
hindcasts and reanalyses. Large‐scale modes of climate variability, such as El Niño‐Southern Oscillation
(ENSO), the Southern Annular Mode (SAM), and the Arctic Oscillation (AO), among others, are known
to modulate interannual variations in surface winds and have an important inﬂuence on the global
surface ocean wave climate (e.g., Hemer et al., 2009; Izaguirre et al., 2011; Marshall et al., 2015, 2018,
2020; Shimura et al., 2013; Stopa et al., 2013). This study focuses on the inﬂuence of the so‐called
Paciﬁc‐South American (PSA) modes on the wave climate.
The PSA modes represent one of the dominant atmospheric circulation features in the Southern
Hemisphere. First identiﬁed by Mo and Ghil (1987), the PSA is characterized as an atmospheric Rossby wave
train extending from south‐eastern Australia to Argentina. It is somewhat analogous to the Paciﬁc‐North
American (PNA) pattern (Wallace & Gutzler, 1981), hence its name. However, the PSA modes (or patterns)
are deﬁned with two patterns instead of one, namely, PSA‐1 and PSA‐2. They are usually deﬁned as the second and third empirical orthogonal functions (EOFs) of 500‐hPa geopotential height (GPH) (or 200‐hPa
streamfunction) monthly anomalies in the Southern Hemisphere, while the ﬁrst EOF mode corresponds
to the SAM. Importantly, the PSA‐1 and PSA‐2 modes are in quadrature and together depict the wave train.
They are dominated by wavenumber 3 in midlatitudes, with largest amplitudes in the GPH ﬁeld in the South
Paciﬁc sector of the Southern Ocean (Figure 1) and centers at approximately 60°S, 120°W (PSA‐1) and 60°S,
90°W (PSA‐2). They manifest in the intraseasonal to decadal time scales. It has been shown that the PSA
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patterns play a signiﬁcant role in atmospheric blocking events (Renwick & Revell, 1999) and in South
American rainfall variability (Mo & Paegle, 2001). Importantly, they have been linked to the warming
observed over West Antarctica and the Antarctic Peninsula (Marshall & Thompson, 2016) and to
Antarctic precipitation variability (Marshall et al., 2017). Being such an important source of atmospheric circulation variability, the PSA patterns presumably exert a signiﬁcant inﬂuence on the surface winds and,
consequently, on the wind‐wave climate of the South Paciﬁc Ocean. However, this link has not yet been
explored nor quantiﬁed. This paper aims to assess the inﬂuence of the PSA patterns, as well as other
known large‐scale climate modes, on the global wind‐wave climate on interannual time scales and their
potential consequences. A global wind‐wave hindcast, together with an atmospheric reanalysis, is used to
accomplish this.
Prior studies linking wave climate with modes of climate variability have typically explored the inﬂuence on
bulk wave parameters (wave height and less so period or direction). As will be described in section 2.2, we
make use of the full modeled directional wave spectra, enabling resolution of the response of the multimodal
characteristics of the wave ﬁeld with the patterns of climate variability.
This paper is organized as follows: Section 2 describes the wave hindcast data and the methodology to extract
the patterns of spectral variability and deﬁnes and describes the PSA patterns and indices. Section 3 accounts
for the results, showing the two main patterns of spectral variability of the global wave climate and their relationship to the PSA patterns (and other climate modes). Finally, a summary and discussion of the main outcomes are presented in section 4.

2. Data and Methods
2.1. The CAWCR Waves Hindcast
The Centre for Australian Weather and Climate Research (CAWCR), a partnership between the Australian
Bureau of Meteorology (BoM) and the Commonwealth Scientiﬁc Industrial and Research Organisation
(CSIRO), developed a long‐term global wind‐wave hindcast focused on the central and South Paciﬁc
(Durrant et al., 2013a, 2013b). It is an implementation of the third‐generation spectral wind‐wave model
WAVEWATCH III® v4.08 (Tolman, 2009), forced with the Climate Forecast System Reanalysis (CFSR)
10 m winds and ice concentration (Saha et al., 2010) and its extension Climate Forecast System Version 2
(CFSv2). It provides hourly information of both integrated wave parameters (at resolutions ranging from 4
to 24 arc minutes) as well as directional wave spectra around the globe (with a spatial resolution of 10°)
and around Australia and the Paciﬁc Islands (with a resolution of 0.5°). Some of the most salient features
of the model conﬁguration are the Ardhuin et al. (2010) source term parameterizations; the Discrete
Interaction Approximation (DIA, Hasselmann et al., 1985) for nonlinear wave‐wave interactions; the
third‐order Ultimate Quickest propagation scheme (Leonard, 1979, 1991), including the garden sprinkler
effect correction (Tolman, 2002); JONSWAP bottom friction, and Battjes and Janssen (1978) shallow water
depth breaking. Besides, an increase of the sheltering term from 1.0 to 1.2 (related to an effective wind reduction by shorter waves) and decrease of the nondimensional growth factor of the input source term (bmax)
from 1.52 to 1.33 were implemented, which improved the wave model performance in the Southern
Ocean. Integrated parameters derived from the hindcast have been validated against observations and satellite data around the world, displaying a good performance of the model in terms of bias and root mean
square error, and since its release this hindcast has been used in various wave studies (e.g., Gallop et al., 2014;
Marshall et al., 2015, 2018; Rapizo et al., 2015). A comprehensive assessment of the skill of the CAWCR wave
hindcast can be found in Durrant et al. (2014) for the whole globe and in Hemer et al. (2017) for the
Australian region and therefore is omitted here.
The output of the CAWCR waves hindcast used in this study consists of hourly archives of directional wave
spectra for 312 locations around the world, with a spatial resolution of 10°. The hindcast considers the varying sea ice concentrations, using the approach described by Tolman (2003). Hence, there are high‐latitude
grid points covered by ice during certain periods of the year, where no wave information is available. In order
to ease the calculations, these ice‐affected grid points were not considered in this analysis. The spectral frequencies in the model are discretized in 29 bins, varying exponentially from 0.038 Hz (26 s period) to 0.5 Hz
(2 s period), and the directions were taken every 15°. While the CAWCR hindcast spans from 1979 through
to near present, the selected time interval for this study spans from 1 January 1979 to 31 December 2019.
ECHEVARRIA ET AL.
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2.2. EOF Analysis Applied to Directional Wave Spectral Data
Usually, wave studies employ integrated parameters, such as signiﬁcant wave height (Hs), mean period
(Tm), or mean direction (θm) to characterize the wave climate. These values are computed through an integration of the wave spectrum, with the objective of reducing the information to a set of parameters (Hs, Tm,
θm) that are representative of the average bulk wave climate. On the other hand, a directional wave spectrum describes how the waves' energy is distributed across frequencies and directions, hence providing
the most complete description of the wave climate in a certain region, since it characterizes all the wave
modes that may be present. Several authors (e.g., Echevarria et al., 2019; Hegermiller et al., 2017;
Mortlock & Goodwin, 2015; Portilla‐Yandún et al., 2016; Portilla‐Yandún, 2018) outlined potential problems
that could arise when describing the wave climate with integrated parameters. For example, deﬁning the
peak direction in cases where there are two independent swell modes will only consider the most energetic
one and disregard the other. Considering the mean swell direction in the presence of opposing swell waves
will not faithfully represent any of the wave components: For example, having two swell systems propagating to the southeast and northeast could yield an average direction to the east. This case may arise in the
equatorial Paciﬁc which receives swell waves from high‐latitudes of both hemispheres (Echevarria
et al., 2019; Semedo et al., 2011; Young, 1999). Likewise, the estimation of other wave parameters will be
affected. Moreover, Portilla‐Yandún et al. (2016) and Portilla‐Yandún (2018) found that the presence of multiple swells and wind sea is rather common in most ocean basins. Therefore, these ﬁndings motivate us to
employ an approach for the description of the wave climate that considers all possible wave modes.
We extend the methodology presented in Echevarria et al. (2019) to explore the main patterns of wave spectral variability on interannual time scales. EOF (e.g., Preisendorfer & Mobley, 1988) is commonly used in climate sciences to ﬁnd dominant spatial patterns of variability of a certain climate variable, how this pattern
changes through time, and the percentage of the total variance explained by these “modes.” Most commonly,
the EOF analysis is performed on spatially gridded data of a scalar quantity that ﬂuctuates in time to ﬁnd the
geographic patterns that depict the main modes of variability of that quantity (e.g., Deser et al., 2010; Gulev
& Grigorieva, 2006; for wave‐related studies, see Hemer et al., 2009 or Semedo et al., 2011). Here, following
Echevarria et al. (2019) and Shimura and Mori (2019), we employ a slightly different approach where the
main modes of variability of the wave spectral density in the frequency/direction domain were obtained
for each one of the spectral grid points of the model. These patterns represent the main modes of wave variability in the spectral domain, and the methodology allows us to analyze their temporal variability
independently.
First, daily averages of the wave spectra at each grid point were computed. The model wave spectrum is
expressed as S(fi, θj, xp, t), with fi the frequencies (i ¼ 1, …,29 for the CAWCR hindcast), θj the directions
(j ¼ 1, …,24), xp the locations (p ¼ 1, …,312), and t the times (each day from 1 January 1979 to 31 Dec
2019). The daily averages were determined for each frequency/direction grid point and for each location
separately. The daily annual cycle was computed (and removed from the data) using the 1979–2019 average
spectra for each day of the year (the average for the 29 February was computed with the available 10 spectra
only, but for the rest of the days 41 daily spectra were used to compute the average, one for each year in the
record). Then, the data for each location were rearranged into a matrix containing the time series for each
frequency/direction bin in the rows and each daily mean spectra in the columns (the dimensions of the
matrix are 696 × 14,975; 696 ¼ 29 frequencies × 24 directions and 14,975 ¼ no. of days in the time period
selected). The covariance matrix was next computed and the EOFs derived from it (see Echevarria et al., 2019
or Shimura and Mori, 2019 for a more detailed description and application of this methodology).
The EOFs represent the main patterns of variability in the wave spectral domain, and their temporal evolution is depicted by the principal component (PC) time series. For the correct interpretation of the results that
will be shown in section 3, it must be kept in mind that the reconstruction of the original spectral data from a
few EOFs is achieved as follows:
Reconstructeed spectra ¼ ∑ EOF i * PC i þ Smean

(1)

i

with PC being the PC time series, i the number of EOFs selected, and Smean is the average spectra for each
day of the year.
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2.3. The PSA Patterns and Other Climate Indices
As explained earlier, the PSA patterns are deﬁned as the second and third EOFs of the 500 mb (or hPa) GPH
anomaly of the Southern Hemisphere, respectively (the ﬁrst EOF corresponds to SAM). As such, they represent standing oscillations that are in quadrature, and their indices describe the temporal variability of the
amplitude of these modes. Daily PSA‐1 and PSA‐2 indices from 1 January 1979 to 31 December 2019 were
constructed using 500 mb GPH data taken from the CFSR and its extension CFSv2 (Saha et al., 2010).
First, the PSA spatial patterns were computed as the second and third EOFs of the monthly averaged
(instead of daily) 500 mb GPH anomalies from 20°S to 90°S, after removing the seasonal cycle and weighing
the data by the cosine of the latitude. Then, daily GPH anomalies were projected onto these patterns to
obtain the daily PSA indices. These daily indices were normalized by the standard deviation of the monthly
indices. The signs of the PSA patterns were taken as those in Mo and Higgins (1998).
Other climate mode indices were also analyzed in this study: These included indices of the SAM
(Limpasuvan & Hartmann, 1999), the AO (Thompson & Wallace, 1998), the North Atlantic Oscillation
(NAO, Wanner et al., 2001), the ENSO (Philander, 1983) characterized by the NINO3.4 index, and the
PNA mode (Wallace & Gutzler, 1981). The SAM, AO, NAO, and PNA daily indices from 1 January 1979
to 31 December 2019 and the NINO3.4 index from 1 September 1981 to 31 December 2019 were obtained
from NOAA's Climate Prediction Center (http://www.cpc.ncep.noaa.gov).

3. Results
Daily mean spectra were computed for each day from 1 January 1979 to 31 December 2019 for each grid
point, and the analysis described in section 2.2 was carried out to extract the main patterns of spectral variability (EOFs) and their temporal evolution (PCs). Section 3.1 presents maps of the ﬁrst two EOFs (the most
important spectral patterns of variability at each grid point), and section 3.2 shows the variance explained by
these two modes of variability, to determine how many EOFs should be taken to attain an accurate reconstruction of the original values. Section 3.3 describes how the variability of these spectral patterns is modulated by the PSA modes. Finally, for completion and as a corroboration of the methodology, in section 3.4
other climate mode indices are analyzed for which their relationships to the wave climate have already been
studied (namely, SAM, ENSO, AO, NAO, and PNA).
3.1. Principal Modes of Interannual Variability of the Wave Spectra
As described in section 2.2, at each spectral grid point the data set consisted of a sequence of daily mean
directional wave spectra (from 1979 to 2019, with a total of 14,975 days), and the EOFs represent the patterns
of spectral variability that arise from that sequence. This methodology was previously applied by Echevarria
et al. (2019) at the global scale and by Shimura and Mori (2019) around Japan. Both studies found two
distinct main patterns of spectral variability, which were also identiﬁed in this study. They will be
hereafter labeled as “swell mode” and “rotation mode.” The former describes the intensiﬁcation/reduction
of a wave signal in the spectra, typically a low frequency one, and the latter characterizes a change in
the direction of that wave signal (see Figures 4 and 7 of Echevarria et al., 2019 and Figure 10 of Shimura
and Mori, 2019).
The patterns depicted in EOF‐1 are predominantly swell modes, and the rotation modes are contained
mostly in EOF‐2, although swell and rotation modes can also be found in higher‐order EOFs. Figure 2 shows
the global distribution of the swell modes. The dark red and blue tones correspond to EOF‐1 and the light red
and blue tones to higher‐order EOFs that also represent a swell mode (a higher‐order EOF was considered to
be the secondary swell mode if its PC time series at that location was signiﬁcantly correlated [α ¼ 0.01] with
the PC time series of EOF‐1 at neighboring locations, and with a correlation coefﬁcient higher than 0.3.
Swell modes were identiﬁed up to EOF‐10). At high‐latitudes of both hemispheres, these patterns show eastward propagating low frequency (swell) waves, resulting from the westerly winds that blow in this area. The
EOFs represent the variation in their intensity throughout the years; that is, if the signal was constant in
time, the EOF would not capture it. It can be observed how these swell waves propagate toward lower latitudes following great circle paths, shown as orange and green lines in Figure 2. At high‐latitudes close to the
wave generation area, the swell signals are broader, and once they disperse, they become more focused in
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Figure 2. Principal modes of interannual spectra variability patterns (EOF‐swell). The axis limits and the colorbar ranges are the same in every case and are
shown for one location as reference. Directions are in oceanographic convention, that is, the direction waves propagate to. Dark red and blue tones
correspond to EOF‐1, while the light red and blue tones correspond to higher‐order EOFs that are also considered to be swell modes.

one direction as they approach the equatorial regions. There is also a transition of the peak energy toward
lower frequencies between the high‐latitudes and equatorial waves, evidencing their dispersive behavior.
At low latitudes, particularly in the eastern Paciﬁc, two swell modes were identiﬁed: namely, swell waves
coming from the Southern Ocean and swell waves coming from the North Paciﬁc. The variability of these
two systems cannot be captured jointly in a single EOF; hence, one swell mode is captured by EOF‐1, and
the other mode is obtained in higher‐order EOFs (shown in light red tones in Figure 2). These are the primary and secondary swell components. Figure 2 shows that these swell waves can coexist in a band of latitudes of approximately ±20° around the equator. In the North Indian Ocean, a higher frequency signal in the
spectra emerges as a result of the variability of the surface winds produced by the Asian Monsoon. There is
also faint evidence of the inﬂuence of the trade winds in equatorial regions, generating a relatively high frequency signal in the spectra. The sign of these patterns (EOFs) is meaningless in itself; whether a given pattern represents a positive or negative anomaly depends on the sign of the product of the EOF pattern and its
corresponding PC time series (see equation 1).
Figure 3 shows the rotation modes, which are mostly captured in EOF‐2. These patterns show positive and
negative values at both sides of the main wave signal observed in the swell mode, representing a shift in spectral density from one direction to another. For example, in the North Paciﬁc, most patterns in EOF‐2 show
negative values in the east direction and positive values in the southeast direction, which represents a clockwise rotation for positive values of the PC. At low latitudes, two rotation modes can be observed, one for each
swell component (a higher‐order EOF—other than EOF‐2—was selected as the secondary rotation mode if
its PC time series at that location was signiﬁcantly correlated [α ¼ 0.01] with the PC time series of EOF‐2 at
neighboring locations and with a correlation coefﬁcient higher than 0.3).
3.2. Variance Explained by Swell and Rotation Modes
The variance explained by the swell and rotation modes at each grid point is an important parameter for
assessing the accuracy of the reconstructed data (Figure 4). The regions where the swell mode explains
the highest amount of variance are located at high‐latitudes, in the areas of most intense wave generation.
It is greater than 50% in most areas of the Southern Ocean and the eastern North Paciﬁc and Atlantic. It
attains its lowest values in the equatorial regions and in the eastern sides of ocean basins. As to the variance
explained by the rotation mode (Figure 4b), areas with relatively high values are found southwest of
Australia and in the east Atlantic. In total, the variance explained by both EOF modes together is more than
70% in the Southern Ocean, East Indian Ocean, and North Paciﬁc and Atlantic. On the other hand, in low
latitude areas the variance explained by both EOFs is lower than 50%.
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Figure 3. EOF‐rotation patterns for the Paciﬁc Ocean. Axis limits and colorbar range as in Figure 2. Dark red and blue tones correspond to EOF‐2, while light red
and blue tones correspond to higher‐order EOF‐s that are also considered rotation modes.

3.3. Inﬂuence of the PSA Patterns on the Spectral Wave Climate
The main aim of this work is to investigate the role that the PSA patterns have on the interannual variability
of the global wave climate, in this case described through daily directional wave spectra. The temporal variability of the PSA patterns and the wave climate is described by the PSA indices and the PC time series of the
EOFs, respectively. First, the PSA indices and PC time series (corresponding to the swell and rotation modes)
at each location were detrended (to remove any possible spurious trend in the reanalysis data), and the
Pearson's linear correlation between them was computed at each grid point. In the equatorial regions, where
there are two swell modes present, we chose the mode corresponding to the Southern Ocean generated swell,
since it was better correlated with the PSA indices. Additionally, the daily mean signiﬁcant wave height (Hs)
was computed using the original wave spectra at every grid point, and its anomalies were also correlated to
the PSA indices to study the differences in both approaches. The Hs is computed by integrating the full wave
spectrum over all frequencies and directions; hence, it is representative of the total wave energy contained in
it, whereas the EOF patterns are representative of a single wave system in the spectrum. The comparison
with the PSA indices is presented in Figure 5.
The patterns in Figure 5 show distinct (coherent) and statistically signiﬁcant (α ¼ 0.01) relationships
between the PSA modes and the wave climate of the South Paciﬁc. The inﬂuences are primarily focused
in the Southern Hemisphere but also extend into the Northern Hemisphere. The zonal wavenumber 3 feature that characterizes the PSA patterns can be identiﬁed in the correlation patterns of Figure 5. The PSA‐1
pattern is positively correlated with wave heights in the eastern South Paciﬁc extending to the equatorial
regions and negatively correlated (although with less intensity) in the Tasman Sea and south of Australia.
There is also a positive, albeit very low, correlation off Western Australia and a negative correlation in the
South Atlantic. The PSA‐1 also has an important apparent inﬂuence on the waves' rotation in the South
Paciﬁc, as evidenced by its positive correlation with PC‐rotation in the central South Paciﬁc and negative
correlation south of Australia and Africa and south‐westward of Chile. Considering Figure 3, this means that
an anticlockwise rotation would develop in the central South Paciﬁc, and a clockwise one around South
Australia, South Africa, and Chile, during positive phases of PSA‐1. The PSA‐2 pattern, on the other hand,
presents a strong negative correlation with the wave heights in the central South Paciﬁc, also extending
toward the equator. With less intensity, there is a negative correlation in the Indian and South Atlantic
Ocean and a positive correlation in the Tasman Sea and along the Chilean coast and Drake Passage. The
PSA‐2 would produce an anticlockwise rotation of the waves in the eastern sector of the South Paciﬁc that
appears to be more intense than the one generated by PSA‐1 pattern and an anticlockwise rotation around
New Zealand. All correlations described are statistically signiﬁcant at the 99% conﬁdence interval.
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Figure 4. Variance explained by (a) EOF‐swell, (b) EOF‐rotation, and (c) EOF‐swell and EOF‐rotation together. In
places where there are two swell or rotation modes, the variance was computed as the sum of the variances of the
primary and secondary mode. (d) Higher‐order EOF (other than EOF‐1) that is also a swell mode. (e) Higher‐order EOF
(other than EOF‐2) that is also a rotation mode.

To further understand the nature of the relationship between the PSA patterns and the wave climate in the
Southern Hemisphere, composite maps of wind anomalies during positive phases or stages of PSA‐1 and
PSA‐2 were calculated, using daily mean 10 m wind data from the CFSR reanalysis. Figure 6 shows the mean
wind velocity and direction for the period 1979–2019 (upper panel) and the deviations from that mean state
(wind anomalies) during positive phases of PSA‐1 (middle panel) and PSA‐2 (lower panel). Positive and
negative phases of PSA‐1 or PSA‐2 were deﬁned as those times where the corresponding daily PSA index
was higher than one standard deviation and lower than minus one standard deviation, respectively.
The surface wind anomalies during positive stages of PSA‐1 and PSA‐2 are mostly a response to the GPH
anomalies that characterize them. During positive phases of PSA‐1, a clockwise circulation pattern develops,
with its center at approximately 60°S, 90°W, which strengthens the predominantly westerly winds between
40°S and 60°S and weakens the winds south of 60°S. PSA‐1 also appears to exert some inﬂuence on the
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Figure 5. Upper panels: correlation between the PSA‐1 index and Hs (left), PC‐swell (middle), and PC‐rotation (right). Lower panels: correlation between PSA‐2
index and Hs (left), PC‐swell (middle), and PC‐rotation (right). Signiﬁcant correlations at the 99% conﬁdence level are marked with a black dot.

surface winds south of Australia and New Zealand. There is a mild positive correlation between the PSA‐1
index and the wind intensity to the south‐west of Australia and a negative correlation south of ~45°S which
acts to reduce the westerlies intensity in this area. On the other hand, the most conspicuous characteristic of
positive stages of PSA‐2 is an anticlockwise circulation anomaly centered at 60°S, 120°W. The associated
composite negative zonal wind anomalies between 40°S and 60°S result in less intense westerlies in the
South Paciﬁc, as it is observed in the strong negative correlation between PSA‐2 index and the wind intensity
south‐eastwards of New Zealand. Southward of 60°S, there is a positive zonal wind anomaly which extends
to South America and strengthens near the southwest coast of Chile. This positive wind anomaly would
translate into more intense wave heights in this area, as Figure 5 suggests.
3.4. Inﬂuence of Other Climate Indices on the Spectral Wave Climate
Finally, we also compared the PC time series of the two main patterns of spectral variability (swell and rotation modes) with other climate mode indices: SAM, AO, NAO, NINO3.4, and PNA. As before, both the PC
and climate index were detrended prior to the analysis, and the linear correlation coefﬁcient between them
was computed. For the equatorial regions, where there are two swell modes present, we selected the PC time
series that best correlates with the climate index (for example, the SAM has a very strong relationship with
the Southern Ocean swell, and therefore when correlating with the SAM index, this mode was selected
instead of the Northern Hemisphere generated swell). The correlation distribution for each climate mode
index with Hs, PC‐swell, and PC‐rotation is shown in Figure 7.
The SAM is the main driver of atmospheric variability in the Southern Hemisphere, inﬂuencing the strength
and position of the westerly winds through changes in the pressure difference between the Antarctic continent and midlatitudes. There is a signiﬁcant positive correlation between the SAM index and the daily mean
Hs anomalies at high‐latitudes of the Southern Ocean and in the South Paciﬁc and negative correlations at
midlatitudes of the Atlantic and Indian Ocean. The strongest relationship is found at high‐latitudes of the
Southern Ocean, southward of Australia and New Zealand. This is a consequence of shifts in the
Southern Hemisphere storm belt during positive SAM phases, which generate positive and negative zonal
wind anomalies at high‐ and midlatitudes, respectively. The maps of the correlation coefﬁcient between
SAM and the PC time series of the swell modes (PC‐swell) show a similar distribution to that of Hs.
However, the correlation with Hs decays toward lower latitudes, whereas the correlation with PC‐swell is
maintained approximately in the same values. This means that, at low latitudes, the SAM exerts its inﬂuence
primarily on the Southern Ocean generated swell depicted by EOF‐swell. Since Hs is representative of the
total energy contained in the spectrum, it also considers high‐frequency waves that are less affected
(or not affected at all) by the SAM, and that is why the correlation values between SAM and Hs are lower.
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Figure 6. (a) Mean wind vectors for the period 1979–2019 and mean wind velocity in colors. (b and c) Arrows: wind
anomalies during positive phases of PSA‐1 (b) and PSA‐2 (c). Colors: correlation coefﬁcient between daily mean wind
intensity and PSA‐1 (b) and PSA‐2 (c) index for the period 1979–2019.

The SAM also appears to have a widespread inﬂuence on the waves' rotation of the SH, especially southwest
of Australia, as evidenced by the positive correlation between the SAM index and PC‐rotation (the positive
sign means that the rotation is anticlockwise for positive phases of SAM; see Figure 3).
Likewise, the main driver of atmospheric variability in the Northern Hemisphere is its corresponding annular mode, the AO. During positive phases of the AO, the westerly winds at high‐latitudes of the Northern
Hemisphere contract toward the Arctic, producing a dipole of positive and negative zonal wind anomalies
at high‐ and midlatitudes, respectively. The strength and signiﬁcance of the correlations between the AO
index and PC‐swell or Hs suggest that the atmospheric circulation anomalies developed as a consequence
of the AO have an important inﬂuence on the wave climate of the Northern Hemisphere. Again, the correlation with Hs decreases toward lower latitudes while the correlation with PC‐swell is maintained in approximately the same values as far as the equatorial regions. In this case, the eastern equatorial EOF pattern that
was selected corresponds to the North Paciﬁc generated swell mode, since it is the one that better correlates
with the AO index. The AO is also signiﬁcantly related to the rotation of the wave signal. Speciﬁcally, positive phases of the AO would correspond to a clockwise rotation in the east North Paciﬁc and in the North
Atlantic and an anticlockwise rotation in the West Paciﬁc. The pattern of correlation with the NAO is similar
to that with the AO but restricted to the Atlantic Ocean.
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Figure 7. Distribution of the linear correlation coefﬁcient between climate indices and the signiﬁcant wave height (Hs) and PC‐swell and PC‐rotation. Signiﬁcant
correlations (at the 99% conﬁdence level) are denoted with a black dot.

The relationship between ENSO and the wave ﬁeld is complex across the Paciﬁc Ocean and, to a lesser
extent, in some areas of the Indian and Atlantic Ocean. During El Niño events (deﬁned as prolonged periods
of warm sea surface temperatures anomalies [>0.5°C] in the central equatorial Paciﬁc, which correspond to
positive NINO3.4 index values. See https://www.cpc.ncep.noaa.gov/), the easterly trade winds weaken and
contract to the eastern equatorial Paciﬁc, accompanied by a warming and consequent low sea‐level pressure
anomaly in this area. Further, teleconnections related to ENSO produce changes in the atmospheric circulation all around the world. During El Niño events, there tends to be an ampliﬁcation and extension of the
westerlies of the North Paciﬁc toward the east, which translate into more intense wave generation. This is
evidenced in Figure 7 by the positive correlation between the NINO3.4 index and Hs (or PC‐swell) in this
area and extending to the eastern equatorial Paciﬁc. On the other hand, during La Niña events (deﬁned as
prolonged periods of cool sea surface temperature anomalies in the central equatorial Paciﬁc, which correspond to negative NINO3.4 index values), a positive zonal wind anomaly tends to develop in the southeast
Paciﬁc (a strengthening of the westerlies), which translates into more intense wave generation in that area.
Finally, our results also suggest that the PNA has widespread inﬂuence on the waves in the eastern and central North Paciﬁc. Positive phases of the PNA are associated with a deepening of the Aleutian Low and a consequent intensiﬁcation of the westerly winds of the North Paciﬁc, which in turn produce anomalously
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higher waves. As to the correlation with PC‐rotation, it shows low negative values (although statistically signiﬁcant) in the North Atlantic and positive values in the western and central North Paciﬁc. This means that
during positive PNA phases, there is an intensiﬁcation of the mean swell signals at high‐latitudes of the
Paciﬁc Ocean accompanied by a clockwise rotation of those waves. The contrary happens in the North
Atlantic but less markedly, that is, a reduction of the intensity and anticlockwise rotation of the eastward
propagating waves.

4. Summary and Discussion
The approach outlined in Echevarria et al. (2019), and brieﬂy described in section 2.2, was implemented in
the present study to investigate the patterns of interannual wave spectral variability using daily averaged
directional wave spectra from 1979 to 2019, taken from the CAWCR global wave hindcast data set. The time
evolution of these patterns of spectral variability at each grid point was then compared to various climate
mode indices to better understand the potential drivers of interannual variations in the global spectral wave
climate. The motivation for using directional wave spectra as opposed to integrated parameters is founded
on the potential loss of representativeness of the latter, as discussed by Portilla‐Yandún (2018). We found
that the PSA modes have a very strong and statistically signiﬁcant (at the 99% level) connection with the
South Paciﬁc wave climate, suggesting that these modes play a very important and inﬂuential role in the
region's wave climate, including along the coasts of New Zealand and Chile. Further, this methodology
allowed us to separate the impact of different climate modes on different patterns of spectral variability
(swell and rotation modes).
At high‐latitudes of both hemispheres, the main mode of interannual daily wave spectral variability (EOF‐1)
corresponds to the variation of relatively low frequency (period of ~15 s) waves that propagate eastwards as a
consequence of the intense westerly winds; these swell waves propagate equatorward following great circle
paths, becoming an important source of interannual variability at midlatitude and low latitude. The second
most important mode of variability (EOF‐2) at high‐latitudes represents a rotation of the main swell signals.
Finally, EOF‐3 describes a change in frequency of the observed wave signals, from lower to higher frequencies or vice versa depending on the sign of their PC (ﬁgures not shown). At low latitudes, the wave climate is
more complex and multimodal: There is variability associated with swell waves coming from both hemispheres, with different time evolutions. Since both swell modes cannot be captured jointly in a single
EOF, one mode is captured in EOF‐1 and the other mode in higher‐order EOFs. Likewise, there are “rotation” modes for the Northern and Southern Hemisphere swell modes, captured in EOF‐2 and
higher‐order EOFs. To provide more clarity and consistency to our results, we decided to group all the
“swell” modes in Figure 2 and the “rotation” modes in Figure 3.
The variance explained by EOF‐swell is large at high‐latitudes, in areas of intense wave generation
(Figure 4). The eigenvalue spectrum (the distribution of variance explained across the EOFs) for these locations is very steep; that is, EOF‐1 explains a signiﬁcantly larger proportion of the variance than the remaining EOFs (ﬁgures not shown). The variance explained by the swell and rotation modes together is generally
higher than 70% for latitudes greater than 20°, except in the western side of ocean basins. In the equatorial
region, the variance explained by both modes reaches an average value of around 50%. The eigenvalue spectrum of these areas is relatively ﬂat; that is, the variance explained by the ﬁrst few EOFs is comparatively
similar. Therefore, it should be considered that, in terms of data reconstruction, a different degree of accuracy was achieved at each model grid point.
Of all the climate mode indices considered in this study, PSA‐1 and PSA‐2 presented the highest values of
correlation with daily time series of Hs or PC‐swell in the South Paciﬁc region. It is well‐known that the
Southern Ocean generated swell waves can travel across the Paciﬁc, reaching as far as the coasts of
Alaska (Gallet & Young, 2014; Munk & Snodgrass, 1957; Snodgrass et al., 1966). Our results suggest that
the PSA modes could substantially modulate the generation, height, and direction of these swell waves.
PSA‐1 is positively correlated with the wave heights (as represented by Hs or PC‐swell) in the eastern
South Paciﬁc and negatively correlated (although with less intensity) with wave heights in the Tasman
Sea and in the Indian Ocean sector of the Southern Ocean. These correlations range approximately between
±0.4 as shown in Figure 5; however, if the analysis is performed using monthly averaged spectra the correlations exceed ±0.7. The changes in wave height are a response to the wind anomalies associated with PSA‐1
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(Figure 6b). During positive phases of PSA‐1, there is an intensiﬁcation of the westerly winds in the southeast Paciﬁc sector between 40°S and 60°S and a weakening of the westerlies south of Australia. PSA‐2 is
strongly negatively correlated with the wave heights in the central South Paciﬁc, reaching minimum values
of <−0.4 (<−0.7 if working with monthly data). During positive phases of PSA‐2, an anticlockwise circulation anomaly develops at 60°S, 120°W, which dampens the wind intensity in the South Paciﬁc sector, diminishing the wave climate intensity in this area and across the South Paciﬁc.
A noteworthy beneﬁt of utilizing the approach described in section 2.2 is that it allowed us to obtain time
series of changes in modeled wave direction (PC‐rotation). Both PSA‐1 and PSA‐2 appear to have a signiﬁcant impact on the rotation of the waves in the Southern Ocean. Positive phases of PSA‐1 are correlated with
clockwise rotations south and east of Australia and to the southwest of Chile and anticlockwise rotations in
the central Paciﬁc. Likewise, positive phases of PSA‐2 are correlated with clockwise rotations around New
Zealand and intense anticlockwise rotations in the eastern South Paciﬁc. The anticlockwise and clockwise
wave rotations south of Australia (identiﬁed with PSA‐1 and PSA‐2, respectively) could modulate changes
in wave direction at the coast and hence impact or trigger dynamic processes in the South Australia sandy
beaches. Previous research has highlighted the inﬂuence of SAM and ENSO on the wave climate of the
Tasman Sea (e.g., Goodwin, 2005; Harley et al., 2010; Hemer et al., 2009; Ranasinghe et al., 2004). Our results
show correlation values for the PSA mode indices of similar magnitude as the correlation values for NINO3.4
index for the Tasman Sea, suggesting that the PSA patterns are also important for the wave climate of this
region. Therefore, these results could aid to better understand the governing physical processes that modulate the interannual variability of the wave climate in the Tasman Sea. The strong correlation values between
PSA indices and PC‐swell and PC‐rotation in the South Paciﬁc suggest that the wave climate at the coasts of
New Zealand, Chile, and Perú could be particularly affected by this climate mode. This could have consequences in, for example, assessments of wave energy availability and extreme wave conditions in the southeast Paciﬁc region (Mediavilla & Figueroa, 2017; Reguero et al., 2013). However, an assessment of
observational wave records in these areas is necessary to conﬁrm this relationship between the PSA modes
and the wave climate.
Various other climate modes were also considered in our analysis, and their relationship with the main
modes of spectral variability (swell and rotation modes) was assessed:
1. The SAM is positively correlated with Hs at high‐latitudes of the Southern Ocean and in the South Paciﬁc
basin and negatively correlated in parts of the Indian and east Atlantic Oceans. The patterns of correlation are consistent with those found by Hemer et al. (2009), Izaguirre et al. (2011), and Marshall
et al. (2018). The correlation with Hs decays toward the equator whereas the correlation with PC‐swell
is maintained in approximately the same values, since PC‐swell represents the variability of only a portion of the spectrum while Hs is representative of the full wave energy contained in it. With the approach
used in this study, we ﬁnd that the inﬂuence of SAM extends toward the North Indian Ocean and even
reaches the coasts of Baja California (~20°N). Our study suggests the SAM signiﬁcantly inﬂuences the
rotation of the wave ﬁeld in extended areas of the Southern Hemisphere, especially southwest of
Australia. This rotation is anticlockwise for positive phases of SAM, which agrees well with previous
results found by Hemer et al. (2009).
2. The corresponding annular mode of the Northern Hemisphere, the AO (otherwise known as the
Northern Annular Mode), shows an analogous pattern of correlation. There is a widespread negative correlation with PC‐swell (and wave heights) during its positive phases, when the Northern Hemisphere
storm belt contracts toward higher latitudes, generating negative zonal wind anomalies at midlatitudes.
The NAO shows a very similar pattern of correlation but restricted to the North Atlantic Ocean only, and
our results are in close agreement to those of previous studies that investigated the inﬂuence of the NAO
on North Atlantic wave variability (e.g., Semedo et al., 2011; Woolf et al., 2002).
3. The correlation analysis with the NINO3.4 index indicates that ENSO is a major source of the signature in
interannual variability in the global wave climate, with the highest inﬂuence not surprisingly in the
Paciﬁc Ocean, which is the center of action for ENSO dynamics. The distribution of the correlation coefﬁcient between NINO3.4 and Hs agrees with that of previous studies (see, for example, Figure 3 of
Izaguirre et al., 2011). El Niño events (positive NINO3.4) correspond with an increase in Hs in the
North Paciﬁc and in high‐latitudes of the Indian Ocean. During La Niña (negative NINO3.4), an
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increase of the wave height occurs in the southeast Paciﬁc sector. There are some discrepancies between
the Hs and PC‐swell correlation distributions. For example, in the eastern equatorial Paciﬁc, EOF‐swell
was selected as the mode that better correlates with the NINO3.4 index, which turned out to be the North
Paciﬁc swell. In the western equatorial Paciﬁc, EOF‐swell explains a relatively low percentage of the variance and that could be the reason for the differences with Hs in this area. As to the correlation between
the NINO3.4 index and PC‐rotation, it is positive in the western and southeast Paciﬁc and negative in
large areas of the eastern Paciﬁc. This implies that El Niño events would produce a clockwise rotation
of the main wave signal in most of the eastern Paciﬁc Ocean and an anticlockwise rotation in the west.
However, the correlation, although statistically signiﬁcant, is generally very low with values around 0.25.
4. The PNA mode has a signiﬁcant impact on the wave climate of the North Paciﬁc: It is correlated (R ~ 0.3)
with swell waves that are generated there and travel equatorward. The approach used in this study allows
to infer that the PNA could inﬂuence the swell wave climate of the eastern equatorial Paciﬁc. In fact, all
the above‐mentioned climate mode patterns appear to play respective roles in contributing to the interannual wave variability in the eastern equatorial Paciﬁc region.
In summary, the methodology presented in this work agrees well with previous studies while at the same
time allows us to better assess the potential inﬂuence of various climate modes on the components of the
wave spectrum. It also helped us to better understand which of these climate patterns apparently affect
the changes in wave direction (rotation). The PSA modes, previously not considered, seem to play a remarkably important inﬂuential role in the wave climate of the South Paciﬁc, governing major changes in wave
height and direction.

Data Availability Statement
The CAWCR hindcast data is available online (http://hdl.handle.net/102.100.100/137152?index¼1).
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Chapter 4
GLOBAL TO COASTAL
IMPLICATIONS OF
CURRENT-INDUCED MODULATION
OF THE WIND-WAVE FIELD

This chapter presents a comprehensive analysis of the sensitivity of spectral
wind-wave modelling to the inclusion of surface current forcing taken from a global
ocean reanalysis (the Bluelink Reanalysis, Oke et al., 2013). Global wave
simulations with and without currents for the period 2014-2016 were run, and the
differences in both simulations analyzed, comparing them against altimeter and
buoy wave measurements. This chapter intends to be a continuation of the study
of Rapizo et al. (2018), extending the analysis to provide a comprehensive
assessment of the performance of the simulations with and without currents, and
to discuss and quantify implications of this interaction for other wave phenomena
(e.g., changes in whitecap coverage, wind friction velocity, wave direction at the
coast, Stokes drift, amongst others). A discussion on the relative importance of the
wave model resolution in representing current-induced refraction is also outlined
here. In agreement with the aims of the thesis, this chapter intends to address the
following main questions:
(i) What are the potential improvements (or deterioration) in the performance of
spectral wind-wave models when incorporating surface currents from a global
ocean reanalysis (in this case, the Bluelink Reanalysis)?
(ii) How does the East Australian Current affect the wave climate in the Tasman
Sea and in the east coast of Australia?
46

(iii) How does the inclusion of currents modify the wind friction velocity and
whitecap coverage?
(iv) What are the differences in the representation of current-induced wave
refraction between eddy-permitting and eddy-resolving wave simulations?
The main text of this chapter forms a manuscript published in Ocean Modelling, with
the following citation: E.R. Echevarria, M.A. Hemer, and N.J. Holbrook, Global
implications of surface current modulation of the wind-wave field. Ocean Modelling
(2021), doi: https://doi.org/10.1016/j.ocemod.2021.101792.
The conceptualisation and design of the study, together with the proposed
analysis methods were discussed between my coauthors, Dr. Mark Hemer and Assoc.
Prof. Neil J. Holbrook, and myself. I carried out the WAVEWATCH III simulations,
processed the output and analyzed the data. This, together with the writing of all
sections of the manuscript and the review process were led by myself, under the
supervision and guidance of the co-authors.
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ABSTRACT
The influence of ocean surface currents on the global wind-wave field is revisited. State-of-the-art numerical
spectral wave model simulations with and without surface currents taken from an eddy resolving global ocean
reanalysis were compared. As a global average, simulations forced with currents display significantly better
agreement with altimeter derived wave heights. The bias and root mean square error in significant wave heights
are mostly reduced when including current forcing, especially in the Southern Ocean. An overall improvement
in wave periods and wave direction is also seen when comparing model outputs with the Australian and United
States buoy network observations. Including surface ocean current forcing in wave simulations reduces the
simulated wave heights in most areas of the world, due to a decreased relative wind given by co-flowing
winds and currents. Current-induced refraction generates important changes in wave direction in western
boundary current and tropical regions. Furthermore, large and broad changes in friction velocity, atmosphereto-ocean energy flux, whitecap cover and Stokes drift velocities are observed in equatorial regions. Finally, the
importance of the wave model resolution for representing wave–current interactions was tested by comparing
results from eddy-permitting (lower resolution) and eddy-resolving (higher resolution) configurations. We
conclude that the main patterns of current-induced refraction are well represented in both cases, albeit that
the higher resolution simulation represents these in a more detailed manner. Finally, the implications that the
observed wave–current interactions have on several ocean processes are discussed.

1. Introduction
Since the pioneering studies of Longuet-Higgins and Stewart (1960,
1961, 1964), it has been understood that there are complex non-linear
interactions and energy transfers between ocean wind-waves and the
mean flow. These are two-way interactions, i.e., wind-waves can influence surface currents and in turn currents can modify wave properties.
In this study, we focus on the influence of ocean surface currents
on wind-waves across the globe. Indeed, there are various ways in
which currents can affect waves: waves can change their properties,
such as their steepness or frequency, due to exchanges of energy with
the mean flow via the radiation stress; besides, non-uniform currents
can refract wave trains in a manner analogous to the way in which
changes in depth induce wave refraction. Further, the transfer of energy
from the atmosphere to the ocean can be modified in the presence of
currents (the effective wind that acts on waves propagating on a moving
medium might be different than the real wind). While these effects have
been investigated generally at local scales, such as the effects of tidal
circulation on coastal wave fields (e.g., Jones, 2000; Ardhuin et al.,
2012; Rapizo et al., 2015; Lewis et al., 2019), and the understanding
of more theoretical aspects of this interaction is in constant progress

(e.g., Constantin and Monismith, 2017), the broad-scale implications
of ocean circulation on the observed global wave field are still mostly
unknown. This study uses state-of-the-art numerical wave modelling to
investigate and improve understanding of wave–current interactions at
the global scale and its implications.
Wave–current interaction plays an important role in a broad range
of ocean processes. First, and most importantly, including surface ocean
current data from global reanalysis as an additional input in wave
simulations leads to an overall improvement in wave model performance (Rapizo et al., 2018). This has direct implications for improving
wave forecasting capabilities, which are critical for industry-based
applications, navigation, operations at sea and wave-based research.
Wave–current coupling can produce non-linear interactions that induce
wave breaking in deep waters, that modify ocean roughness, which
affects satellite remote sensing products like ocean colour and radar
imaging (Romero et al., 2017). In addition, it is believed that wave–
current interactions may be one of the processes responsible for the
formation of extreme wave heights (Lavrenov, 1998; Toffoli et al.,
2015), that can have drastic consequences for navigation.
Another potential application is the tracking of swell waves across
ocean basins. Using an array of three pressure-gauges moored off-shore
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Stokes drift velocities (Stokes, 1847, of critical importance for search
and rescue activities and tracking of particles in the ocean), whitecap
coverage, among others. The paper is organized as follows: Section 2
describes the configuration of the wave and current models and the
altimeter and buoy datasets used to validate the wave simulations;
Section 3.1 presents a comprehensive validation of wave parameters
from the simulations with and without currents against altimeter and
moored buoys observations; Section 3.2 presents an analysis of the
effects that ocean currents have on different wave parameters; and
Section 3.3 discusses the importance of wave model resolution by
comparing results from two sets of wave simulations, with high and
low resolutions. Finally, Section 4 discusses key aspects of the main
results, together with the main conclusions extracted from this study.

of San Clemente Island, Munk et al. (1963) measured the arriving
swell waves and, through backtracking techniques and assuming swell
waves follow great circle paths, inferred the position of the storm
that had generated them. They concluded that intense storms in the
Southern Ocean produced waves that travelled across the Pacific Ocean
in 5 to 15 days before reaching the coasts of California. However, on
occasions, the method of Munk et al. (1963) yielded errors of up to
1000 km in the position of the originating storms, placing them in
the Antarctic Continent. Kenyon (1971) studied the wave refraction
produced by the shear in ocean currents and, using an idealized model
of the Antarctic Circumpolar Current (ACC), found it to be plausible
that the ACC could deflect the direction of swell waves and thus explain
the errors in Munk’s measurements. Gallet and Young (2014) took up
this idea by using modern satellite-derived ocean currents products
to demonstrate that mesoscale vorticity in the ocean can significantly
deflect the direction of waves, and thereby providing a compelling
explanation for Munk’s errors.
Many studies, using different methodologies and across a range
of spatial scales, have shown the indubitable sensitivity of waves to
ocean currents. Using SAR data from the SIR-B mission, Irvine and
Tilley (1988) gave initial accounts on how waves can be refracted,
and even trapped, by the Agulhas Current and how this could translate into extreme wave generation. Ardhuin et al. (2017), carrying
out wave simulations with and without current forcing, showed that
wave height variability in the open ocean is modulated by currents
at scales of 10–100 km, and that the spectrum of spatial variations
of currents is proportional to that of wave heights. Wandres et al.
(2017), using a coupled ocean circulation and wave model, showed
that the Leeuwin Current, especially its eddies and meanders, has a
significant impact on the wave climate of Western Australia, being able
to produce a change of ±25% in significant wave height and ±20◦
in mean direction. More recently, Rapizo et al. (2018) showed that a
significant improvement in the performance of global wave simulations
can be achieved by including surface current forcing from a global
reanalysis. They showed that the main effect of including currents is
the reduction of wave heights due to a diminished relative wind in the
presence of co-flowing current fields (this is especially evident in the
Southern Ocean where the westerly winds blow in the same direction
as the ACC). However, there are also current-induced refraction and
energy convergence processes that occur in localized areas, such as
the Agulhas Current or the Equatorial Current and Counter-Current
systems. When comparing model results with observations taken from
a moored buoy in the Southern Ocean, Rapizo et al. (2018) observed
that the current-forced wave simulation performed better than the
simulation without currents in terms of wave heights and period. In
terms of wave direction, they found a small improvement for peak
direction and a slight worsening for mean direction. They attributed
this worsening to the coarse resolution of their simulation and the
current forcing product (0.5◦ ), presumably incapable of effectively
capturing the ocean circulation features that modify wave direction
through current-induced refraction. Likewise, Quilfen et al. (2018)
found that their wave model simulations underestimated the magnitude
of the wave height variability, which they also attributed to their model
resolution (0.25◦ ) being too coarse, as well as to errors in the ocean
current data. Overall, these recent studies suggest that increased wave
model resolution is an important factor to consider in order to properly
represent wave–current interactions.
This paper revisits and challenges the current view on the importance of model resolution for wave–current interaction research.
It builds on previous studies extending and improving some of their
aspects. Specifically, we analyse a three-year high resolution (0.1◦ )
wave model simulation across the Southern Ocean, with and without
current forcing, to assess the importance of using an eddy-resolving
resolution to properly represent wave–current interaction. We investigate the role of wave–current interaction on other processes such as
energy and momentum fluxes between the atmosphere and the ocean,

2. Data and methods
2.1. Wave model configuration
A multi-grid implementation of WAVEWATCH III v5.16 was utilized
(Tolman, 2009), consisting of two grids: a global grid, from 78◦ S to
78◦ N with 0.4◦ spatial resolution (i.e., at the margins of being eddypermitting); and a regional sub-grid spanning the Southern Ocean
around the globe from 65◦ S–28◦ S, with a 0.1◦ spatial resolution (eddyresolving). The atmospheric forcing for the wave model was the 10 m
(above the mean sea level) wind data from the Climate Forecast System
Reanalysis (CFSRv2, Saha et al., 2010), which has a spatial resolution of
approximately 0.2◦ in the horizontal and a temporal resolution of 1 h.
The model considers the temporally varying sea ice concentration (also
taken from CFSR), following the approach described by Tolman (2003).
Default threshold concentrations were considered (< 0.25: ice has no
effect on wave propagation; > 0.75: ice is treated as land; > 0.25 and
< 0.75: dampening of the wave energy depending on the ice concentration value). The obstruction masks used to account for small islands not
resolved by the model grid (Tolman, 2003) were constructed using the
Global Self-consistent Hierarchical High-resolution Shoreline (GSHHS)
dataset. Water level effects were not incorporated in the wave simulations in this study. Some of the most relevant features of the model’s
configuration are: the Ardhuin et al. (2010) source term parametrizations (ST4), specifically configured for utilization with the CFSR winds;
the Discrete Interaction Approximation (DIA, Hasselmann et al., 1985)
for nonlinear wave–wave interactions; the third-order Ultimate Quickest propagation scheme (Leonard, 1979, 1991), including the garden
sprinkler effect correction (Tolman, 2002); JONSWAP bottom friction;
and Battjes and Janssen (1978) shallow water depth breaking. The
model is spectrally discretized in 29 frequencies, varying from 0.035 to
0.5 Hz with an increment factor of 1.1, and directions taken every 15◦ .
With this configuration, we run two sets of simulations: one including
ocean surface current data taken from the Bluelink Reanalysis (BRAN,
Oke et al., 2013) as an additional forcing for the wave model, and
another simulation without any surface current forcing. BRAN is an
eddy-resolving ocean reanalysis (more specifically, BRAN is 0.1◦ x 0.1◦
in the horizontal) that uses data assimilation to produce a realistic
quantitative description of the three-dimensional ocean circulation for
the last three decades. We have used the surface current product from
BRAN (at 2.5 m depth). By comparing the differences in these two
sets of simulations (with and without current forcing) we assess the
sensitivity of wind-wave modelling to the inclusion of surface currents
in both eddy-permitting and eddy-resolving model grid configurations.
We have run three years of wave simulations from January 2014 until
December 2016 (December 2013 was run but considered as a spin-up
month). As mentioned earlier, one of the main effects of the inclusion
of surface current forcing in wave simulations is a modification of the
relative wind. WAVEWATCH III incorporates this process in a rather
simple fashion, balancing wind and current vectors. The relative wind
vector (from which wind speed and direction are determined) in the
presence of currents is computed as:
⃖⃖⃖⃖⃗𝑟𝑒𝑙 = 𝑊
⃖⃖⃖⃖⃗𝑎𝑏𝑠 − 𝑎𝑈
⃖⃖⃗
𝑊
2
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⃖⃖⃖⃖⃗𝑎𝑏𝑠 represents the absolute wind vector (with units of m/s), 𝑈
⃖⃖⃗
where 𝑊
is the ocean current vector (in m/s) and 𝑎 is a dimensionless coefficient.
WAVEWATCH III considers 𝑎 = 1, which implies the largest effect of
currents (e.g., if the measured 10 m absolute wind speed and direction
are the same as the surface currents, the relative wind input to the
model is null).

be applied to the output of the current-forced simulation to compute the
absolute frequency. The conversion from intrinsic to absolute frequency
was done using the dispersion relationship of wind-waves,
⃖⃗ 𝑈
⃖⃖⃗
𝜔 = 𝜎 + 𝑘.

With 𝜔 and 𝜎 the absolute and intrinsic (angular) frequency, respec⃖⃖⃗ the surface current vector. The
tively, 𝑘⃖⃗ the wavenumber vector and 𝑈
inner product in Eq. (5) was approximated using the mean wavelength
and mean wave direction.

2.2. Altimeter wave dataset
Altimetric satellites orbit the Earth measuring significant wave
heights with an almost global coverage. Altimeter observations represent an outstanding data source to assess a global wave model’s
performance (Rascle and Ardhuin, 2013; Durrant et al., 2014; Roland
and Ardhuin, 2014; Hemer et al., 2017). Here, we have used altimeter
derived significant wave heights to evaluate the performance of the
current-forced and non-current-forced wave simulations. The altimeter
dataset was calibrated, quality-controlled and assessed by Ribal and
Young (2019). It comprises all the available altimeter missions from
1985 to the present. We have selected the along-track significant
wave height data of those missions that operated during the period
2014–2016: JASON-2, CRYOSAT-2, HY-2 A, SARAL, JASON-3 and
SENTINEL-3 A. We have mapped these data onto the global 0.4◦
resolution grid of our model. That is, for each bin of our model grid,
we selected the satellite data that fell into that bin and averaged it
over the course of an hour. In this way, we compared the significant
wave height at each grid point of the model with all the available
satellite observations that corresponded to that grid point. With this
approach, the comparisons were localized, and excessive averaging
avoided. However, the availability of altimeter data is inhomogeneous,
i.e., it is higher close to the satellite tracks but there are areas in which
the amount of data points is much lower.

3. Results
3.1. Comparison against observations
In the first instance, the significant wave heights (𝐻𝑠 ) simulated
by the model were evaluated against those derived from the satellite
altimeter observations. The following statistical parameters were used
to evaluate the model runs as indicators of the degree of similarity
between observed (𝑂) and modelled (𝑀) values: the Pearson linear
∑
correlation coefficient R, the mean bias ( 𝑁1
(𝑀 − 𝑂)), and the root
(√
)
1 ∑
2
mean square error RMSE
(𝑀 − 𝑂) . The normalized bias was
𝑁
computed as 100 ∗
√

Wave buoy measurements are usually regarded as the most accurate wave information available, and they are often used to validate
altimeter wave height products (Zieger et al., 2009; Ribal and Young,
2019). For this study, we have selected a representative set of buoys
from Australia and the United States (US), publicly available through
the Australian Ocean Data Network (AODN: https://portal.aodn.org.
au/) and US National Data Buoy Center (NDBC: https://www.ndbc.
noaa.gov/) portals, respectively. All the buoys have significant wave
height information. However, some of them compute it from a waveto-wave analysis and others from spectral analysis. Most of the buoys
also measure wave direction (peak direction for some of them, and
peak direction for sea and swell separately for others). In every case,
the WAVEWATCH III parameters were computed via spectral analysis,
and the necessary processing/filtering (such as removing bad data or
averaging buoy observations with a higher sampling frequency than the
model output) was applied to match the observations with the model’s
results. The wave parameters selected for comparison (significant wave
height, 𝐻𝑠 ; peak period, 𝑇𝑝 ; and peak direction, 𝜃𝑝 ) were computed
from modelled WAVEWATCH III directional wave spectra as follows:
∫0
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while the normalized RMSE is 100 ∗

For wave direction, the linear correlation coefficient for-

mula was taken from Jammalamadaka and Sengupta (2001), and the
bias and RMSE were computed keeping in mind that wave direction
is an angular variable. Treating the direction values as points in a circumference of unit radius, the difference between two given direction
values is defined not as the arithmetic subtraction between the two (as
we would do for wave height or period), but as the smaller arclength
along the circumference (this way, the difference between 350◦ and
10◦ is +20◦ , not +340◦ ; conversely, the difference between 10◦ and
350◦ is −20◦ ). Likewise, the mean direction was computed treating the
direction values as unit vectors and calculating the direction of their
resultant vector (i.e., dividing the direction values dataset in x and
y components, computing the average of each component separately
and forming the resulting vector with them); thus, the mean direction
between 10◦ and 350◦ would be 0◦ , and not 180◦ . When comparing
with buoy measurements, the bias in wave direction is defined as
the average of all the differences in direction values (model minus
observations). Therefore, a positive bias in direction shows that the
model represents waves in a more clockwise direction relative to north
than the observations.
Fig. 1 shows the Pearson’s linear correlation coefficient (left panels),
mean bias (middle panels) and RMSE (right panels) of 𝐻𝑠 for the
simulation without currents (a, d, g), for the current-forced simulation (b, e, h), and the difference between those statistics (c, f, i).
The correlation coefficient between altimeter derived and modelled
significant wave heights is > 0.9 at high latitudes of both hemispheres
and it is lower (∼0.7) at low latitudes and in coastal areas. The bias
and RMSE distributions observed in Fig. 1 are a common feature
of global wave models. The mean bias is mostly positive, meaning
that the model overestimates the observed wave heights, except in
the western equatorial Pacific where the model simulates lower wave
heights than the observed ones. The highest absolute errors are found
at high latitudes, especially in the Southern Ocean. These errors are
related to several factors, such as a positive bias in the reanalysis
winds used to force the model, the fact that the wave model does not
incorporate information about drifting icebergs which block the wave
energy, among others. There are also high errors close to the ice edge,
presumably related to the parameterization of wave propagation over
areas partially covered with ice being too simple. By visual comparison
of the performance of both simulations (with and without currents),
it can be seen that incorporating current forcing in the wave model
significantly increases the correlation at low latitudes, and reduces the

2.3. Wave buoy data

𝐻𝑠 =

(5)

(2)

𝑇𝑝 = 1∕𝑓𝑝

(3)
( )
𝑏
(4)
𝜃𝑝 = atan
𝑎
with 𝐸(𝑓 , 𝜃) being the wave spectral density as a function of frequency
𝑓 and direction 𝜃 (2D spectrum), 𝑓𝑝 the peak frequency computed
from the 1D spectrum (frequency at which the highest energy level is
2𝜋
2𝜋
attained), 𝑎 = ∫0 cos (𝜃) 𝐸(𝑓𝑝 , 𝜃)𝑑𝜃 and 𝑏 = ∫0 sin (𝜃) 𝐸(𝑓𝑝 , 𝜃)𝑑𝜃. It is
important to note that WAVEWATCH III outputs the spectrum in terms
of intrinsic (and not absolute) frequency. Therefore, for a correct comparison against buoy measurements, a Doppler shift correction should
3
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Fig. 1. (a) Pearson’s linear correlation values between altimeter observations and WAVEWATCH III significant wave heights for the simulation without currents. (b) Same as (a),
but for the current-forced simulation. (c) b – a. Correlation values of the simulation with currents minus those in the simulation without currents. (d) Mean bias of significant
wave heights for the simulation in the absence of currents. (e) Same as (d), but for the current-forced simulation. (f) e – d. Difference in the absolute values of the bias between
both simulations (with currents minus without currents). (g) RMSE between the observed and modelled wave heights for the simulation without currents. (h) Same as (g), but for
the current-forced simulation. (i) h – g. RMSE of the simulation with currents minus that of the simulation without currents. Units for bias and RMSE are in metres..

90th percentile wave heights are significantly lower than for the total
𝐻𝑠 . Further, although there is an overall improvement in the correlation values of the 90th percentile wave heights, some areas reveal a
decrease in correlation for the current-forced simulation (Figure S2.c).
In terms of bias and RMSE, there is a substantial improvement in the
current-forced simulation, especially at high latitudes, as well as in
the Agulhas Current, East Australian Current and Equatorial Counter
Current regions. However, the mean absolute bias and RMSE of the
90th percentile 𝐻𝑠 increase (i.e. become worse) with the inclusion of
current forcing in the Tropics (except in the Equatorial Counter Current
areas), particularly in the Western Pacific basin.
Fig. 2 shows the performance of both wave model simulations in
terms of R, bias and RMSE throughout the year and separated by
regions. The bias and RMSE are expressed here as percentages of the
mean observed wave heights. The correlation values for the currentforced simulation are consistently higher than those of the simulation
without currents for each month of the year. Likewise, the mean
bias and RMSE are consistently lower throughout the seasons. The
wave simulation in the absence of currents performs reasonably well
globally, with total R-values > 0.85, a mean bias < 10% of the
average observed wave heights, and RMSE < 20%. The current-forced
simulation always performs better, with correlation values approximately 0.005–0.01 larger, mean bias values ∼1.5% smaller and RMSE
∼1% smaller. The performance of the current-forced simulation is also
improved in each ocean basin, with the improvement being slightly
greater for the Southern Hemisphere basins. While these differences are
small, it should be considered that these statistics are computed over
long periods of time and over large areas, while the effects of wave–
current interaction can be more localized, as observed in Fig. 1 (e.g., if
only a portion of the Southern Ocean or of the Agulhas Current is
selected, the differences will be larger). It is also worth noticing that the
improvement in 𝐻𝑠 estimates is seen at each ocean basin throughout
the year (Figure S3).
Next, a comparison against buoy data is presented, with the aim
of evaluating the performances of both wave simulations (with and
without currents) in representing the observed wave heights, periods
and directions close to the coast. First, we show the evaluation of
the WAVEWATCH III runs against the Australian buoys. A total of 15
Australian buoys was selected, three in Western Australia (WA), one in
South Australia (SA), one in Tasmania (TAS), eight in New South Wales
(NSW), two in Queensland (QLD), and finally one in deep waters of the

mean bias and RMSE, especially in the Southern Ocean. The bottom
panels show the difference in correlation, bias and RMSE, computed as
the value of the current forced simulation minus that of the simulation
without currents. In this way, a positive value in Fig. 1.c means that
the correlation coefficient in the current-forced simulation is higher
than in the simulation without currents. Indeed, there are substantial
improvements in correlation (i.e., higher values in the current forced
simulation) at low latitudes, especially at the eastern side of ocean
basins, in the south-eastern African coasts and, to a lesser extent, in
the Antarctic Circumpolar Current and East Australian Current regions.
Regarding the bias, because it is a signed quantity, when comparing
bias values from different simulations, we decided to take the difference
in their absolute values (e.g., a bias of −0.2 m is regarded more accurate
than a bias of +0.3 m). Wherever the difference in bias or RMSE is
negative (blue in Fig. 1.f and/or Fig. 1.i), it means that the absolute
bias or RMSE of the current-forced simulation is lower than that of
the simulation in the absence of currents. In general, most areas of the
world show a reduction of the mean bias or the RMSE, and hence an
improvement of the wave model performance, when including current
forcing. However, there are also some areas where the mean absolute
bias or the RMSE of the current-forced simulation is higher than that
of the simulation without currents. These areas are mainly the western
Pacific and the waters surrounding the Antarctic shelf. As a global
average, including current forcing in the model reduces the bias from
0.21 m to 0.17 m, reduces the RMSE from 0.29 m to 0.27 m, and
increases the correlation between modelled and observed wave heights
from 0.906 to 0.911.
On the other hand, similar results are obtained comparing the
observed and simulated extreme wave heights: Figure S1 of the Supporting Information section (SI) shows the observed 90th percentile
𝐻𝑠 (top panel) and the differences in simulated 90th percentile 𝐻𝑠
from the wave simulations with and without currents (bottom panel).
As expected, the extreme wave heights are reduced in most areas
of the world, particularly in the Southern Ocean, due to co-flowing
winds and currents lowering the energy transfer from the atmosphere.
However, including current forcing increases the 90th percentile 𝐻𝑠
in the Agulhas Current, East Australian Current, Equatorial Counter
Currents and Gulf Stream regions, likely due to exchanges of energy
between the waves and the main flow in conditions of opposing waves
and currents. The same comparison against altimeter data was carried
out for the 90th percentile 𝐻𝑠 (Figure S2). The correlation values of
4
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Fig. 2. Pearson’s linear correlation coefficient (top), mean bias (middle) and RMSE (bottom) of the simulations without currents (red line) and with currents (blue line), for each
month of the year (left panels) and separated by regions (right panels). The bias and RMSE are expressed as percentages of the mean observed wave heights by the altimeters.
All the correlation values for the current-forced simulation are statistically higher (at the 95% confidence interval) than those of the simulation without currents.

Fig. 3. Evaluation against Australian buoys. (a) Locations of the selected buoys. (b) Differences in the performance of the simulations with and without currents in terms of 𝐻𝑠 .
The green dots show the differences in correlation, computed as the value in the simulation with currents minus that of the simulation without currents. The red squares and blue
triangles show the differences in mean bias and RMSE respectively, computed as the value in the current-forced simulation minus that of the simulation without currents. Units
are in metres for bias and RMSE differences. (c) Same as (b) but for peak direction. Units are in degrees for bias and RMSE differences. (d) Same as (b) but for peak period. Units
are in seconds for bias and RMSE differences.

the mean bias ranges from −16 to 26◦ across locations, and RMSE∼40◦ .
A similar performance of the model is found when comparing against
NDBC buoys (Table S2).

Southern Ocean. Table S1 (see SI) shows the correlation, bias and RMSE
values for 𝐻𝑠 , 𝑇𝑝 , and 𝜃𝑝 between the Australian buoy measurements
and WAVEWATCH III output (for both simulations, with and without
currents). Good agreement was found in terms of 𝐻𝑠 , with R∼0.9, mean
biases ranging between 2 cm and 30 cm, and RMSE values generally
between 30 cm and 40 cm. The 𝑇𝑝 has correlation values ∼0.5, a mean
bias ∼1.5s for the WA, SA and TAS buoys but lower than 0.8s for the
NSW and QLD buoys, and RMSE∼2.4s. In terms of 𝜃𝑝 , we found R∼0.6,

Here, only the differences in the performances of both simulations
are shown to highlight the potential improvement achieved by considering current forcing in the wave simulations. Panel (a) of Fig. 3
shows the Australian buoys that were selected for this comparison,
whereas panels (b), (c) and (d) show the differences in correlation,
5
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Fig. 4. Evaluation against NDBC buoys. (a) Locations of the selected buoys. (b) Differences in the performance of the simulations with and without currents in terms of 𝐻𝑠 . The
green dots show the differences in correlation, computed as the value in the simulation with currents minus that of the simulation without currents. The red squares and blue
triangles show the differences in mean bias and RMSE respectively, computed as the value in the current-forced simulation minus that of the simulation without currents. Units
are in metres for bias and RMSE differences. (c) Same as (b) but for peak direction. Units are in degrees for bias and RMSE differences. (d) Same as (b) but for peak period. Units
are in seconds for bias and RMSE differences.

absolute value of the bias and RMSE in 𝐻𝑠 , 𝜃𝑝 and 𝑇𝑝 respectively. As
in Fig. 1, a positive difference in correlation, or a negative difference in
absolute bias or RMSE, represents an improvement in the wave model
performance when including currents. As before, the difference in the
absolute value of bias is presented in Fig. 3. In terms of 𝐻𝑠 , there is
a statistically significant (at the 95% confidence level) improvement in
correlation in all the NSW buoys (except Tweed Heads) and in Brisbane.
The RMSE improves for all locations except for Cape du Couedic, Tweed
Heads and Gold Coast. The absolute bias (average of the differences)
improves only for the WA buoys, Cape Sorell, Crowdy Head, Brisbane
and the Southern Ocean Flux Station (SOFS) buoy. Nevertheless, the
average wave height for the whole period is better represented by
the current-forced simulation in most locations (not shown). In terms
of peak period, there is a general statistically significant (at the 95%
confidence level) improvement in the WA, NSW and QLD buoys (except
Tweed Heads), and a broad reduction of the bias and RMSE across
all sites. Finally, in terms of peak direction, there is a significant
improvement for Rottnest Island, Albany, all the NSW buoys (except
Eden, Byron Bay and Tweed Heads) and Brisbane, whereas in Eden
and Gold Coast there is a statistically significant worsening. The RMSE
of the current forced simulation is substantially lower for the NSW
buoys. The mean bias improves for 8 of the 14 stations and worsens for
Rottnest Island, Cape Naturaliste, Crowdy Head, Coffs Harbour, Tweed
Heads and Gold Coast.
Fig. 4 presents a comparison analogous to that in Fig. 3 but for the
NDBC buoys. In terms of 𝐻𝑠 , there is an overall increase in the correlation values when adding currents (although not statistically significant
at the 95% confidence level), and a substantial decrease in the absolute
value of the bias (except for buoys 46078 and 46025) and RMSE. In
terms of peak period, there is a statistically significant improvement in
the correlation values (the difference in correlation is not statistically
significant for buoys 46073, 46012, 42055, 42002 and 42057), and a
substantial decrease in the absolute bias and RMSE (except for buoys
46073 and 42055). The differences in the performance statistics of 𝜃𝑝
estimates are more variable: while there is an overall increase in the
correlation values (although statistically significant only for 6 buoys),
some locations show a decrease in correlation (not significant); the
absolute bias in peak direction decreases at 8 buoy locations and
increases at 10 locations; whereas the RMSE shows a general decrease
in the current-forced simulation.

Although differences in bulk statistics between simulations appear
small, the inclusion of currents as a forcing of the wave model produces
major changes during specific wave events (e.g., like the one shown in
Fig. 5). During the last week of March 2016 in Sydney, the measured
significant wave heights were consistently > 1.5 m, and > 3.5 m in
the last day of the month. The current-forced wave simulation agrees
much better with the observations and has substantial differences with
the simulation without currents of up to 1.2 m in wave heights, 5s in
period and 80◦ in direction during that event. During that day, the
meandering southward flow of the East Australian Current generated
two very intense anticyclonic eddies centred around (152◦ E; 36◦ S) and
around (152◦ E; 39◦ S), which had a significant impact on 𝐻𝑠 , the mean
periods and direction estimates in the Tasman Sea, with the maximum
differences being near Sydney. The directional wave spectrum at the
Sydney buoy location for 2016-03-27T12:00Z of the simulation without
currents shows a northward propagating wave mode with a frequency
of around 0.07 Hz (period of ∼14 s) and a westward propagating mode
with a frequency of around 0.09 Hz (period of ∼11 s). For the simulation with currents, the energy in the northward propagating mode
is greatly increased, while the westward propagating mode decreases
its intensity. The one-dimensional spectra reveal that including current
forcing shifts the peak in the spectrum towards lower frequencies, due
to the increased energy in the northward propagating mode. The spatial
patterns of differences in wave height, period and direction show a
positive difference in areas where the currents and the northward
propagating wave mode travel in opposite directions, and negative
differences when they travel in the same direction.
While undoubtedly the ocean circulation at the coast (e.g., tidal
currents, not accounted for in the Bluelink reanalysis) will have a
significant impact on the measured wave properties nearer the coast,
the results presented in Fig. 5 allow us to conclude that the larger scale
ocean circulation (as seen by the Bluelink reanalysis and presumably
other ocean circulation reanalysis products) can also have a significant
influence on the wave climate at the coast. Therefore, current forcing should be an important consideration for coastal wave modelling
studies in East Australia.
3.2. Changes in wave properties due to currents
In this section, a comparison between the output from simulations with and without currents is presented. Differences in several
6

53

E.R. Echevarria, M.A. Hemer and N.J. Holbrook

Ocean Modelling 161 (2021) 101792

Fig. 5. Top left panels: (a) Significant wave height time series from the Sydney buoy measurements (black line), from the WAVEWATCH simulation without currents (red line)
and from the simulations with currents (blue line). (b) Same as (a) but for peak period. (c) Same as (a) but for peak direction. Top right panels: (d) ocean near surface velocities
for the 27th of March 2016 at 12:00. Units in m/s. (e) Changes in significant wave height due to the inclusion of current forcing in the simulation for the 27th of March 2016 at
12:00Z. Units are in metres. (f) Same as (e) but for mean wave period. Units are in seconds. (g) Same as (e) but for mean wave direction. Units are in degrees north. The orange
and black dots show the location of the Sydney buoy. Bottom panels: (h) directional wave spectrum for the 27th of March 2016 at 12:00Z for the simulation without currents
(left) and the simulation with currents (right). (i) One-dimensional frequency spectrum for the 27th of March 2016 at 12:00Z for the simulation without currents (red line) and
with currents (blue line). The peak frequency for each simulation is marked with an arrow.

wave parameters were analysed to further understand the effects of
ocean surface currents on the global wind-wave climate. Results here
should be interpreted in light of those presented also in Section 3.1,
that is, any conclusion drawn in this section is valid in those areas
where the inclusion of currents as a forcing in the wave model translates into an improvement of the model’s performance (these include
most areas of the world with the exception of the western Pacific
and waters surrounding the Antarctic continent and the Arctic). For
brevity and convenience, we use the following acronyms for the major ocean currents: Antarctic Circumpolar Current=ACC, Agulhas Current=AC, Madagascar Current=MC, East African Coast Current=EACC,
East Australian Current=EAC, Indonesian Throughflow=ITF, Equatorial Currents=EC (i.e. the North Equatorial Current and South Equatorial Current), Equatorial Counter-Current=ECC, Brazil Current=BC,
North Brazil Current=NBC, Caribbean Current=CC, Gulf Stream=GS
and Kuroshio Current=KC. Fig. 6 outlines the regions associated with
these ocean currents together with the spatial structure in their average

speeds from 2014–2016, computed with data from the BRAN reanalysis. In addition, Fig. 6 presents the time-averaged relative vorticity for
that period for the major ocean current systems described in the paper.
Fig. 7 shows the time-averaged percental changes in significant
wave height (𝐻𝑠 ), mean period (𝑇𝑚01 ) and changes in mean direction
(𝜃𝑚 ) for the three-year period in which the simulations were run (2014–
2016). In each case, the difference in wave parameters was computed
as the value of the variable in the current-forced simulation minus that
of the simulation without currents. The inclusion of current forcing in
the model leads to an overall decrease in the significant wave height
in most areas of the world. This is mostly due to a diminished relative
wind in areas with co-flowing winds and currents. The highest absolute
changes in 𝐻𝑠 are observed in the Southern Ocean (not shown), although they represent less than 8% of the average wave heights in that
region (Fig. 7.a). Here, the ACC flowing in the same general direction
as the predominant westerlies makes the relative wind lower than the
real wind (Rapizo et al., 2018). In the AC region, east of the African
coast, there is a dipole of increasing wave heights close to the coast and
7

54

E.R. Echevarria, M.A. Hemer and N.J. Holbrook

Ocean Modelling 161 (2021) 101792

Fig. 6. (a) Time-averaged ocean current speed for the period 2014–2016 in m/s. The black boxes show the approximate position of the most important currents system in the
world, which are identified with the acronyms shown next to the boxes. (b) Time averaged relative vorticity for the period 2014–2016 in cycles/day for the Equatorial Pacific
region. The time-averaged surface currents for the same period are shown with vectors. (c) Same as (b), but for the Gulf Stream region. (d) Same as (b), but for the south-eastern
African coast. (e) Same as (b), but for the Tasman Sea area east of Australia. (f) Same as (b), but for a portion of the Southern Ocean, south of New Zealand.

decreasing heights further offshore. A similar feature is observed in the
CC region, and it is also present in the MC and EAC, although with less
intensity. This pattern of increase and decrease in 𝐻𝑠 could be related
to both exchanges of energy between the waves and the currents and/or
to convergence and divergence of wave energy due to current-induced
refraction (however we do not identify the relative contribution of each
processes to the observed differences in wave parameters in this study).
In the Agulhas retroflection (a prominent turnabout of the southern end
of the Agulhas Current system, where the current direction reverses and
flows back into the Indian Ocean), a pattern of alternating positive and
negative differences in wave height arises, which is a consequence of
the intense mesoscale eddy activity that characterizes this area. Eddies
can refract the incoming wave trains in very complex manners (since
the change in wave direction is determined by the sign of the current’s
shear, it is different on each side of the eddy), hence redistributing the
wave energy and generating energy convergence and divergence areas,

which in turn translate into higher and lower wave heights, respectively
(e.g., Mathiesen, 1987). The reduced relative wind in the Southern
Ocean generates waves of lower amplitude. These waves will propagate
away from their generation area, and since they have lower heights in
the Southern Ocean, they will also present reduced wave heights in the
Southern Hemisphere ocean basins. That is why, on average, the wave
heights are reduced in most parts of the ocean basins when incorporating currents into the model. Important differences are observed in
the equatorial region, with an average decrease in wave heights in the
North and South EC of around 8% of the mean 𝐻𝑠 and a slight increase
in wave heights in the ECC region. In the Northern Hemisphere, little
or no change is observed in the KC and the GS. However, there is
an observed decrease in 𝐻𝑠 in the North Pacific and North Atlantic
Oceans centred around 50◦ N, also related to a lower relative wind.
The most conspicuous percental changes in wave height are observed
in the NBC, CC, ITF and at the eastern African coasts. The NBC and CC
8
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in a narrow band in the western equatorial Pacific, where a reduction
of the mean bias and RMSE is observed (Fig. 1.f and i). Similarly,
in the NBC region close to the coast, the mean bias in 𝐻𝑠 for the
simulation without currents is negative (Fig. 1.d). Including currents
reduces the wave height in this area (Fig. 7.a), therefore exacerbating
the negative bias, which is deemed as a worsening of 𝐻𝑠 estimates in
this area (Fig. 1.f). Nevertheless, the correspondence between Fig. 1.f
and Fig. 7.a is not absolute (possibly due to altimeter under-sampling
in the equatorial region).
To better understand the conditions that lead to an increase or
decrease in wave height (and mean period), Fig. 8 shows the timeaveraged changes in 𝐻𝑠 and mean period (𝑇𝑚01 ), as a function of
the current speed and the wave propagation relative to the currents’
direction. A value of 0◦ in the x-axis of Fig. 8 indicates that waves
propagate in the same direction as the currents, and a value of −180◦ or
180◦ indicates that waves and currents are propagating in opposite directions. Fig. 8.a and b show the differences in significant wave height
for the December–January–February and June–July–August months,
respectively. When wave propagation is in the same direction as the
currents, there is an overall decrease in wave height. Conversely, when
waves propagate against the currents, there is an overall increase
in wave heights. Something analogous happens with the mean wave
period: there is a general decrease (increase) in wave period when
waves propagate with (against) the currents. These results are well in
agreement with those presented by Barnes and Rautenbach (2020) for
the South African region. However, it remains unclear what are the
physical mechanisms that lead to these differences: while a reduced
relative wind (for winds and currents flowing in the same direction)
should decrease the wave period, the change in intrinsic wavenumber
magnitude (the ‘‘concertina’’ effect) should increase the wave period for
waves going in the same direction as the currents. In addition, currentinduced refraction can significantly alter the wave climate of regions
otherwise unaffected.
Fig. 7.b shows the percental differences in 𝑇𝑚01 between the simulations with and without currents. There is an average decrease of
mean wave periods in the Southern Ocean, which could also be related
to a less intense relative wind (e.g., a JONSWAP spectra will become
narrower in frequency and the peak will move to lower frequencies
with increasing wind speeds Hasselmann et al., 1973). Further, these
differences are propagated throughout the ocean basins, producing
lower-period waves in the South Indian, Pacific and Atlantic Oceans.
Similar to the 𝐻𝑠 differences, there is a dipole of increasing wave
periods close to the coast and decreasing periods off-shore in the AC,
MC, CC and EAC regions. Fig. 8.c and d shows that, on average, waves
tend to decrease (increase) their periods when they propagate in the
same direction as (opposite to) the currents. This would be particularly
true in the AC, MC and EAC regions which receive southerly waves
from the Southern Ocean. Furthermore, this is supported by Figure S4,
which shows the average differences in mean wave period off-shore of
eastern Australia for the June–July–August months, together with the
one-dimensional frequency spectra of both wave simulations for two
distinct locations: one where the waves propagate in the same direction
as the current (where there is a decrease in the wave energy in the
spectrum and the peak shifts towards higher frequencies), and another
one where waves oppose the flow (where there is an increase of energy
in the spectrum with a shift towards lower frequencies). These differences in wave spectral density levels could be produced by exchanges of
energy with the mean flow (mediated by the radiation stress, LonguetHiggins and Stewart, 1964), or by current-induced refraction, affecting
areas that, in the absence of currents, would present a different wave
climate. The substantial increase in wave period for current speeds of
1–1.75 m/s for waves propagating approximately between −50◦ and
−120◦ of the currents’ direction observed in Fig. 8 can be traced back to
the interaction of Southern Ocean swell waves with the EC (see Figure
S6). In the equatorial regions, there is a time-average increase in the
mean wave period. Here, the wave climate is highly complex, with

Fig. 7. (a) Percental average difference in significant wave height, computed as the
value in the current-forced simulation minus that of the simulation without currents,
normalized by the mean wave height in the simulation without currents . Units are
in %. (b) Same as (a) but for mean period. Units are in %(c) Same as (a) but for
mean direction. Units are in degrees. Most grid points present a statistically significant
difference (at the 95% confidence level, based on a t-student test), except those
locations where the percental difference is approximately between ±1% for 𝐻𝑠 and
𝑇𝑚02 . For wave direction, it is considered that the differences are insignificant when
the mean direction in the current-forced simulation lies between the 95% confidence
interval of the mean direction of the simulation without currents. Significant differences
are attained in those locations with a mean difference of more than ±1◦ .

significantly reduce 𝐻𝑠 by up to 15% of the mean values, and in the
NBC retroflection area there is a slight increase in 𝐻𝑠 . The circulation
in the Gulf of Mexico increases the wave heights at the eastern side of
the Gulf. In addition, the Florida Current increases 𝐻𝑠 by more than
15% of their mean values. The ITF is an ocean current system located
in an area with extremely complicated geography. It is composed of a
complex suite of currents that bifurcate and converge, but collectively
describe a net east to west transport from the Pacific into the Indian
Ocean. As such, there are alternating increases and decreases of wave
heights due to the inclusion of currents. The most important changes
occur north of Sulawesi Island, where 𝐻𝑠 is reduced by more than 15%
of the mean 𝐻𝑠 in this area. The southernmost part of the ITF affects the
wave climate off northwest Australia, increasing the wave heights close
to the coast and decreasing them further offshore. The South Indian
Ocean EC flowing northward of Madagascar significantly reduces 𝐻𝑠 by
more than 15% of the mean values in this region. Close to the coast, the
flow is split into the southward flowing AC (which increases the wave
heights close to the coast) and the EACC (which decreases the wave
heights). The changes in wave height due to the inclusion of current
forcing in the wave simulation can explain the improvements in the
simulated 𝐻𝑠 observed in Fig. 1.f. For example, the mean bias in 𝐻𝑠
for the simulation without currents in the western Pacific is mainly
negative (Fig. 1.d). Therefore, if the inclusion of currents increases the
wave heights in this area, this will translate into an improvement of 𝐻𝑠
estimates. Indeed, Fig. 7.a shows that the wave heights are increased
9
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Fig. 8. (a) Mean differences in significant wave height between both simulations (with and without currents) grouped by current speed (y-axis) and wave direction relative to
currents direction (x-axis) for the months of December–January–February (DJF) for the period 2014–2016. A value of 0◦ in the x-axis represents co-flowing waves and currents and
a value of ±180◦ indicates waves opposing the main flow. The differences in wave height are computed as the value in the current-forced simulation minus that in the simulation
without currents. Units in metres. (b) Same as (a), but for the months of June–July–August (JJA). (c) Differences in mean wave period grouped by current speed (y-axis) and
wave direction relative to currents direction (x-axis) for DJF months. Units in seconds. (d) Same as (c), but for JJA months.

multiple wave modes presenting different frequencies and directions,
and being affected differently by the ocean circulation (Figures S5 and
S6). For example, the inclusion of currents increases the wave period of
the Southern Ocean swell at location (120◦ W; 0◦ ) mostly in the June–
July–August months, whereas it reduces the period of the south-easterly
equatorial waves during this time. On the other hand, the Northern
Hemisphere generated waves increase their periods due to currents
throughout the year (Figures S5 and S6). In this case, the swell waves
propagate opposite to the currents’ direction, and the south-easterly
waves travel in the same direction as the local currents. In the North
Indian Ocean, there is also a decrease in wave periods that can be traced
back to the lower period waves coming from the Southern Ocean.
However, at the western side of the Arabian Sea and the Bay of Bengal,
there is a significant increase in wave periods of around 7%. These
changes seem to reach the coasts of Pakistan, India and Myanmar. In
addition, a reduction of more than 10% of the mean period is observed
to the north of Sulawesi Island. Off northwest Australia, the wave
period is increased by around 8%.
Importantly, there are significant changes in mean wave direction
due to the inclusion of currents in the model. Here, a positive difference
in direction means that the waves of the current-forced simulation
propagate in a more clockwise direction than in the simulation without
currents (for example, the wave direction in the simulation without
currents could be 90◦ (to the E) and the direction in the case with
currents 135◦ (to the SSE)). Likewise, a negative difference implies
an anti-clockwise rotation of waves with the inclusion of currents.
Kenyon (1971) stated that waves which propagate against a variable
current will be deflected in the direction of increasing current speed.
Conversely, waves propagating in the same direction as the currents
will be deflected in the direction of decreasing current speed. In the
Southern Ocean, there are positive differences in wave direction, which
means that currents refract the eastward propagating waves on average
a few degrees to the south. There are very strong directional differences
close to the southeast African and east Australian coasts, once more
evidencing the dipole of positive differences (clockwise rotation) to
the right of the current’s flow direction and negative differences (anticlockwise rotation) to the left of the current. This pattern is also evident
in the BC offshore of Uruguay and south Brazil, in the KC and, to
a lesser extent, in the GS and NBC. Given the exposure of the south
African coasts to Southern Ocean generated swell, the AC can induce
a clockwise rotation of these waves if they are close to the coast,
and an anti-clockwise rotation if they are further offshore. This could

translate into a swell wave focusing in the central axis of the AC,
as well as in the EAC. In deep waters at around 30–40◦ latitude,
on average there are insignificant changes in mean direction, hence
current-induced refraction is less important in these areas. However,
waves in the Tropics are significantly refracted by the EC and ECC. In
the eastern equatorial Pacific, there are time-averaged changes in mean
wave direction of around +10◦ . As shown in Figures S5 and S6, the
equatorial Pacific is an area with a very complex and multi-modal wave
climate, and therefore examining changes in the direction of individual
wave modes will be more accurate. Nevertheless, we can conclude that
significant wave refraction occurs in this area. In the western Pacific,
complex refraction patterns are observed, with clockwise and anticlockwise rotations induced by the currents. However, this is an area
where the performance of the wave model worsens when including
currents. Therefore, the changes in wave direction might not be a
real feature but may be a consequence of a poorer representation
of the ocean circulation in this area by the Bluelink Reanalysis. At
high latitudes of the Northern Hemisphere, although small, the main
changes in mean direction are negative, meaning that the currents
refract waves to a more northward direction. The patterns of differences
in mean wave direction approximately follow the patterns of relative
vorticity in western boundary currents and the ACC. Negative (positive)
vorticity values match with clockwise (anticlockwise) differences in
wave direction. In the AC or EAC regions, the main currents flow
poleward and the prevalent waves propagate in the opposite direction
(equatorward). According to Kenyon (1971), waves will be deflected in
the direction of increasing current speed, hence producing clockwise
rotations in the western side of the AC or EAC, and anticlockwise
rotations in their eastern sides (Fig. 7.c).
Fig. 9 shows the time-averaged percental differences in wind friction
velocity (a), wave energy flux (CgE, b), Stokes drift speed (c), and the
changes in Stokes drift direction (d). The friction velocity is a parameter
used to characterize the stress transmitted from the wind to the ocean
surface, and it can be modified under different sea surface roughness
states (e.g., waves). The parameterization of wind friction velocity in
WAVEWATCH III depends on the source term physics choice. For ST4,
it is an adaptation of Janssen (1991) that includes a ‘‘sheltering term’’
(𝑠𝑢 ), designed to reduce the drag coefficient at high winds. Including
current forcing in the wave model reduces the friction velocity in
most areas of the world, particularly the EC, ACC, EACC, NBC and
CC, and increases it mainly in the ECC, Florida Current and NBC
retroflection area (Fig. 9.a). The signs of the changes in 𝐻𝑠 in these
10
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Fig. 9. (a) Time-averaged percental differences in wind friction velocity, computed as the value in the current-forced simulation minus that of the simulation without currents.
(b) Same as (a) but for the wave energy flux (CgE). (c) Same as (a) but for the Stokes drift speed. Units in (a), (b) and (c) are in %. (d) Time-averaged differences in the Stokes
drift direction. Units are in degrees. Significant differences (at the 95% confidence level) in friction velocity, CgE, Stokes drift speed and direction match those areas with changes
in their mean values of ±1%, ±4%, 2% and ±1◦ , respectively.

velocity values are lower. As a result, the energy and momentum fluxes
from the atmosphere to the ocean decreases (Figure S7.b), and with it
the generated wave heights (Fig. 7.a). The opposite occurs in the ECC
regions, where the currents and the wind flow in opposite directions
and therefore the relative wind computed by the wave model (and
hence the wind friction velocity and the transfer of energy from the
atmosphere to the ocean) is greater. In addition, the whitecap coverage
is also reduced (Figure S7.c), due to a decreased wind stress acting
on this area (whitecaps arise from waves breaking in deep waters,
entraining air bubbles and forming patches of foam in the surface of
the ocean, Leckler et al., 2013; Scanlon et al., 2016). In short, the wind
friction velocity, atmosphere-to-ocean energy and momentum flux, and
whitecap cover changes due to the inclusion of currents, follow the
same pattern. Their most salient features are a decrease in the North
and South EC, an increase in the ECC and Florida Current, and a
decrease in the central North Indian Ocean and in the EACC region.
The changes in friction velocity range between ±10% (Fig. 9.a) in the
Tropics, whereas the changes in whitecap cover and energy flux from
the atmosphere vary between ±50% of their mean values (Figure S7).
We find that the wave energy flux (CgE, Fig. 9.b) decreases in most
areas of the world, especially in the AC, EACC, NBC and CC regions.
However, there is a slight increase in the ECC region and close to the
southeast African and Australian coasts. This increase can be linked to
the increases in the spectral energy levels (and therefore in significant
wave height) and wave period observed in these areas (e.g., Fig. 7, S4,
S5 and S6). The wave energy flux is an important variable for assessing
the potential force of the waves on coastal processes and on coastal or
offshore infrastructure. We find that ignoring current forcing in wave
simulations can lead to inaccurate estimates of the wave energy flux in
many coastal regions around the world (for example, > +25% mean
difference in the coast of Mozambique, > +10% in the east coast of
Australia, Madagascar and India, < −20% difference in the coasts of
Somalia). The decrease in CgE in the southern coast of Australia and
the increase in the eastern coast due to the inclusion of current forcing
could help to improve the bias in CgE observed by Hemer et al. (2017).
Finally, differences in Stokes drift speed and direction are shown
in panels 9.c and 9.d, respectively. As mentioned earlier, the Stokes
drift is an important consideration for search and rescue activities and
tracking of particles in the ocean, such as plastics, plankton, or drifting
debris (Van Den Bremer and Breivik, 2018; Dobler et al., 2019). Recent
theoretical developments have been made regarding the solution for
Stokes drift velocities in the presence of ocean currents (Henry, 2019).

Fig. 10. Comparison of the performance of wave simulations forced with currents but
run with and without a 0.1◦ grid across the Southern Ocean (denoted by dotted black
lines). (a) Correlation values between altimeter derived and modelled significant wave
heights for the simulation with the higher-resolution grid minus the correlation values
for the simulation with only the global (0.4◦ ) grid. (b) Difference in the absolute value
of the bias in wave heights for the simulations with the 0.1◦ grid and the simulation
with the global grid only. (c) Same as (b) but for the RMSE. Units of bias and RMSE
in metres..

areas approximately match those of the friction velocity. For example,
in the EC regions, a diminished relative wind due to co-flowing winds
and currents reduces the surface stress, and consequently the friction
11
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a reduction in the mean bias or RMSE and hence an improvement in
the model performance. As expected, there are no changes in the model
performance in the Northern Hemisphere. In the Southern Ocean, the
average of the mean bias (absolute value) across all grid points is
reduced from 29 cm to 27.5 cm, and the RMSE from 35.5 cm to
34.9 cm. Many regions in deep waters of the Southern Ocean show
a reduction of the mean bias by up to ∼10 cm and of RMSE by
up to ∼5 cm. However, in various coastal areas and downstream
of them, the (current-forced) simulation with the higher resolution
grid performs worse than the simulation with the global grid only.
This issue could be related to the fact that the higher resolution grid
reaches shallower areas, where presumably our global model can incur
errors and misrepresent bathymetric features and transformations of
shoaling waves. On the other hand, errors in the current data from the
Bluelink Reanalysis in coastal areas could also contribute to this effect.
Nonetheless, deep-water areas show an overall slight improvement in
𝐻𝑠 estimates.
Rapizo et al. (2018) previously found the inclusion of current forcing improved the estimates of peak wave direction only slightly and
worsened the mean wave direction estimations at the SOFS buoy location, and they related this issue to the accuracy and resolution of
the current forcing. The rationale is that a wave model with a spatial
resolution that is too coarse will incorporate current data in an eddypermitting manner (it would only represent eddies when the Rossby
radius of deformation is much larger than the grid spacing), whereas
an eddy-resolving model would be expected to be more accurate. While
the accuracy of the current forcing is paramount, the wave model
resolution is also an important consideration. This would be especially
true for representing current-induced refraction and changes in wave
direction.
Here, we tested the differences in the performance of wave models
forced with currents, but with model grids of differing resolution
(0.4◦ and 0.1◦ ). First, we selected the same storm event in Sydney
shown in Fig. 5 and analysed how both simulations (with and without
the high-resolution Southern Ocean grid) represented the differences
in wave height and direction when including currents, in an area
surrounding the south part of Australia (Fig. 11). This was the most
intense wave–current interaction event at the Sydney buoy location for
2014–2016.
Fig. 11 shows that significant changes in 𝐻𝑠 , higher than ±1 m,
occurred in the Tasman Sea and the Southern Ocean that day, as well as
complex changes (although of lower amplitude) off western Australia.
Off eastern Australia, the current-induced refraction was particularly
intense that day, producing changes in wave direction of more than
±20◦ . The ACC and the Leeuwin Current also produced changes of
wave direction, although of lower magnitude. While undoubtedly these
features are resolved in a more detailed manner in the higher-resolution
simulation, the lower resolution simulation does not fail to represent
the general current-induced refraction patterns, nor the changes in
wave height. Besides, the intensity of the changes is very similar in
both cases. Fig. 11 shows the differences in the representation of
current-induced refraction between the higher and lower resolution
simulations, in terms of 𝐻𝑠 (in panel (c)) and 𝜃𝑚 (in panel (f)): the
differences in wave direction are generally smaller than 4◦ , and differences in 𝐻𝑠 are well below ±15 cm; for current-induced changes in
wave height of more than ±1 m, this represents a maximum difference
of ∼10% (for the most intense wave–current interaction event at the
Sydney location). A comparison of these current-forced simulations
(with and without the higher resolution grid in the Southern Ocean)
with the Australian buoy network reveals that while some improvements are attained with the high-resolution simulation (especially in
terms of wave period statistics, and also correlation in wave direction
off eastern Australia), there are also areas where there is a worsening
of wave estimates (Figure S8). In short, depending on the application,
running a (current-forced) wave simulation with a 0.4◦ grid provides a
reasonable representation of wave–current interaction processes. Some
areas will result in improvements in certain wave parameters when
using a high-resolution grid.

Here, we analyse the differences in the Stokes drift representation by
our simulations (with and without current forcing). Interestingly, the
time-averaged differences in Stokes drift speed present an analogous
pattern to that of the friction velocity: decreasing values in the ACC
(a maximum absolute average change of 0.25 cm/s), EACC, central
region of the North Indian Ocean, EC, NBC and CC, and an increase
in the ECC and Florida Current. The changes in Stokes drift speed
range between ±30% in low latitudes. In terms of Stokes drift direction,
there are significant differences in the AC, MC, ITF, EAC, NBC, KC,
GS and especially in the equatorial region. As seen in the mean wave
direction, in this case there is also a dipole of positive differences in
Stokes drift direction (clockwise rotation) to the right of the mean
flow direction, and negative differences (anti-clockwise rotation) to the
left of the current’s direction in the major western boundary currents
(AC, MC, EACC, EAC, KC BC, BC, NBC, CC ad GS). The differences in
Stokes drift direction can also be linked to the differences in the wind
friction velocity direction (Figure S7.a). However, these are Eulerian
differences, in the sense that they are computed as the time-average
at each grid point; a Lagrangian difference (following the particle as it
moves) might have a significantly different impact on the tracking of
particles in the ocean.
3.3. Importance of wave model resolution
Rapizo et al. (2018) showed that a significant improvement in 𝐻𝑠
estimates is attained by considering current forcing in wave simulations. However, when comparing with buoy observations (SOFS), they
concluded that despite the improvements in estimates of wave height
and period, only a slight improvement in peak wave direction estimates
and a slight worsening in mean direction were found for the currentforced simulation. They attributed this to the current forcing product
and model resolution being too coarse (0.5◦ ), presumably incapable of
representing current-induced refraction properly: the change in wave
direction is proportional to the magnitude of the current shear in
a direction perpendicular to the waves propagation (Dysthe, 2001),
which would be better represented in an eddy-resolving simulation
(rather than eddy-permitting). Rapizo et al. (2018), using two distinct
surface current products (CFSR currents with a resolution of 0.5◦ ,
and HYCOM currents with a resolution of 1/12◦ ), studied the spatial
patterns of differences in 𝐻𝑠 between simulations with and without
currents. They found that the differences in 𝐻𝑠 were significantly
greater in the simulation with HYCOM currents, pointing to the importance of the resolution and the accuracy of the current forcing dataset
in correctly representing wave–current interactions. Here, we use the
Bluelink Reanalysis surface current dataset (with a resolution of 0.1◦ )
as forcing for our simulations. To test the importance of the wave model
resolution on representing wave–current interaction processes, apart
from the simulations described in Section 2.1 (i.e., a global grid of
0.4◦ resolution with another grid of 0.1◦ resolution across the Southern
Ocean), another set of simulations (with and without currents) was
undertaken using only a global grid with a 0.4◦ spatial resolution but
otherwise keeping the same configuration described in Section 2.1.
The significant wave height output from the model in both currentforced simulations (with and without the higher resolution grid in the
Southern Ocean) was compared against altimeter observations as in
Section 3.1. In each simulation, we found a significant improvement in
the 𝐻𝑠 estimations with the inclusion of currents. However, when we
explored the result sensitivity to increased resolution in the Southern
Ocean, any improvements due to this higher resolution were much less
obvious. Fig. 10 shows the difference in performance metrics (linear
correlation coefficient, mean bias and RMSE) between the simulations
with and without the higher resolution grid (in each case, surface
currents were included as a forcing of the model).
Analogously to Fig. 1, a positive value in the correlation differences
(Fig. 10.a) means that the correlation is increased when using the
higher-resolution grid, and a negative value in Fig. 10.b or c represents
12
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Fig. 11. (a) Differences in 𝐻𝑠 between the simulation with and without currents, for the simulation with the 0.1◦ Southern Ocean grid. Units are in m. (b) Same as (a), but for the
simulation with the global 0.4◦ grid. (c) Differences in the changes of Hs due to the inclusion of currents between the 0.1◦ and 0.4◦ simulations (i.e., differences between panels
(a) and (b)). Results from the 0.1◦ resolution simulation were linearly interpolated into the 0.4◦ grid to carry out the comparison. Units in metres. (d) Differences in 𝜃𝑚 between
the simulation with and without currents, for the simulation with the 0.1◦ Southern Ocean grid. Units are in degrees north. (e) Same as (d) but for the simulation with the global
0.4◦ grid. (f) Same as (c) but for the differences in mean direction (i.e., differences between panels (d) and (e)). Units in degrees north. The time is 2016-03-27T12:00:00Z.

4. Discussion and conclusions

terms of mean bias and RMSE), which suggest errors in the spatiotemporal location of the mean current, meanders and eddies in the
Bluelink reanalysis data used as input. The model performance in the
western Pacific region is also worse when incorporating currents. This
is a very challenging area for ocean modelling because of its complex
geography, with multiple atolls and small islands covering this region.
A global simulation with a relatively coarse grid resolution is unable
to capture the complex geographic and bathymetric features of this
area. Nevertheless, as a global average, the current-forced simulation
performs better than the simulation without currents in terms of correlation, bias and RMSE throughout the year. Moreover, the improvement
is also seen if separating the data into different ocean basins. This
improvement can yield major benefits for a broad range of practicalities
that involve wave modelling, such as wave forecasts, industry-based
applications, coastal studies, future wave projections, among others. In
addition, many wave modelling studies have historically disregarded
the influence of ocean currents (e.g., coastal studies: Harley et al., 2009;
swell climate analysis: Semedo et al., 2011; assessments of projected
changes of wave climate: Morim et al., 2019), although that trend has
been reversing in recent years (Ardhuin et al., 2017; Rapizo et al., 2018;
Hegermiller et al., 2019).
A comparison was carried out between the simulation outputs and
buoy observations from the Australian and NDBC buoy networks. Although most buoys are in intermediate and even shallow waters, and
the spatial resolution of the global grid used in this study (0.4◦ globally
and 0.1◦ in the Southern Ocean) is too coarse to properly capture
the wave processes and transformations that occur at the coast, this
comparison is helpful to evaluate how the large-scale wave–current
interactions influence the coastal wave climate. In addition, the model
suitably represents the observed wave parameters, with average correlation values of 0.91, 0.57 and 0.57 for 𝐻𝑠 , 𝑇𝑝 and 𝜃𝑝 respectively, for
the Australian buoy network (Table S1 of the Supporting Information

In this study, we have shown that a significant improvement in the
performance of wave simulations can be achieved by including ocean
surface current data from a global reanalysis as an additional forcing
to the wave model. The correlation values for the current-forced simulation are statistically larger (at the 95% confidence level) than those
of the simulation without currents for every month of the year and
for every ocean basin (Fig. 2 and S3). We found there is an important
reduction of the mean bias and RMSE in most areas of the world, and
particularly in the Southern Ocean: here, global wave models tend to
overestimate the observed wave heights, in part due to biases in the
wind data used as input, drifting icebergs that block the wave energy
but not accounted for in the model, and not considering surface current
forcing. Since the westerly winds blow in the same direction as the ACC,
the relative wind that acts on the surface of the ocean is lower than
the real wind. WAVEWATCH III incorporates this effect by balancing
current and wind vectors, assuming a proportionality coefficient of 1
(𝑎 in Eq. (1)). In reality, the wind, waves and currents will interact and
modify the boundary layer profile and hence the relative wind will be
different to the one given by Eq. (1). In this implementation, the choice
of 𝑎 = 1 most likely produces an overestimation of the relative wind
in most conditions. A fully coupled ocean–wave–atmosphere model
would be necessary to represent these interactions more accurately
(see, for example, Renault et al., 2016). Nevertheless, this simplistic
approach partially captures this process and helps to reduce the bias
in wave heights. Other areas with improvement in the wave model
performance are the AC and EACC regions and the south Indonesian
islands. A large area eastward of the Drake Passage also exhibits a
substantial improvement in wave heights. In the Agulhas retroflection
area, there are alternating bands of improvement and worsening (in
13
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southeast coast of Africa. A correct representation of wave periods is
fundamental to improve the propagation of swell waves by numerical
wave models. Because the wave propagation speed in deep-waters
depends on the wave period, the longer wave periods of the simulation
without currents on most areas of the world (Fig. 7.b) would translate
into faster-propagating waves, and therefore wave models would tend
to predict early swell arrival times (Jiang et al., 2016).
Fig. 8 shows that, in general, waves tend to increase their wave
heights and periods when they propagate against the main flow, and
vice versa. This agrees with results shown in Fig. 7: In the Agulhas
Current or East Australian Current regions, where wave heights and periods are increased (decreased) where the predominant southerly waves
propagate against (with) the current. The changes in wave properties
in the equatorial region are more challenging to scrutinize, given the
complex and multi-modal wave climate of the region. However, the
largest increases in wave period seem to arise from the Northern and
Southern Hemisphere swell waves (Figures S5 and S6). There are also
large percental changes in wave period in the Arabian Sea and Bay of
Bengal. Wave–current interactions in this area deserve a more detailed
analysis, given the complexity of the main wave climate as well as
the strong seasonality in the (reversing) ocean circulation in the area,
both strongly influenced by the Asian Monsoon (e.g., Shankar et al.,
2002). Although the consideration of current forcing leads to an overall
improvement in wave period estimates, the physical mechanisms that
lead to the observed differences in wave period in many areas of the
world are not yet fully understood. Importantly, there are considerable
average differences in wave direction, particularly in the Tropics, the
ITF and the AC and EAC regions. The positive/negative differences at
the right/left sides of the current’s main flow direction in the AC, MC,
EAC, BC, NBC and GS represent clockwise/anticlockwise changes in
wave direction, in agreement with results from Kenyon (1971). This
suggests that waves propagating opposite to the currents’ main direction may focus and/or be trapped in the central axis of the currents.
This is most likely to occur in the AC, MC and EAC which are exposed to
Southern Ocean generated swell waves. The changes in wave direction
in the AC, MC and EAC seem, at this scale, to reach the coast. Further,
Figs. 3 and 5 show that an overall improvement in wave direction is
achieved with the current-forced simulation along eastern Australia.
Given that wave direction has historically been challenging to simulate
in wave models, these results may be beneficial to improving estimates
of wave direction in future studies, as well as providing improved
understanding and representation of coastal processes, for which wave
direction plays a critical role (e.g., along-shore sediment transport).
Furthermore, this will undoubtedly affect global wind-wave climate
projections studies, which so far have been carried out using surface
wind fields taken from the Coupled Model Intercomparison Project
(CMIP), with no ocean surface current forcing (Hemer et al., 2013;
Morim et al., 2019). The changes in wave heights, periods and direction
due to the inclusion of currents shown in Fig. 7 are approximately of the
same magnitude (and in some cases greater) than the projected changes
in these wave parameters calculated by Hemer et al. (2013) and Morim
et al. (2019). Wave–current interactions could be particularly relevant
for wave projections near and along the east coast of Australia, given
the significant wave refraction induced by the EAC (Figs. 5 and 7.c)
and the on-going and projected increase in EAC transport and poleward
extension as climate changes into the future (Oliver and Holbrook,
2014; Oliver et al., 2015).
The changes in wave conditions by the inclusion of currents also
modify the ocean surface roughness, which has consequences for the
coupled climate system. The whitecap cover is reduced by 0.02–0.04 in
the ACC, EACC, NBC, CC and EC, and it is increased by 0.02 in the ECC
region. The global average whitecap coverage is estimated to be around
3.6% (Blanchard, 1963). In the equatorial region, considering current
forcing changes the whitecap cover by more than 25%. The friction
velocity and atmosphere-to-ocean energy flux show similar patterns,
although the changes in friction velocity range between ±10% and

section (SI)). For the NDBC buoy network, the average correlation
values are 0.94, 0.58 and 0.68 for 𝐻𝑠 , 𝑇𝑝 and 𝜃𝑝 respectively (Table
S2 of the SI). The main conclusion we draw from this comparison
is that introducing current forcing into wave simulations produces
a substantial improvement in the model estimates of wave height,
period and direction, albeit some statistics are made worse in a few
locations. It has been previously shown that tidal currents (not included
in the Bluelink reanalysis) can modulate the coastal wave climate.
Here, we see that the large-scale circulation of the East Australian
Current also has a significant impact on the wave properties measured
at the east coast of Australia. However, as noted by Oke et al. (2013)
and Chiswell and Rickard (2014), the ocean surface currents from the
Bluelink reanalysis present significant differences with the observations
in the EAC and AAC. These errors in the current forcing dataset can
be a factor that contributes to the worsening in the representation of
wave parameters observed for some buoys: e.g., Figure 17 of Chiswell
and Rickard (2014) shows large discrepancies in the ocean surface
velocities in south-east Australia close to the Eden buoy location, where
we observe a statistically significant worsening in the wave direction
estimates for the simulation with currents.
On the other hand, while the average improvement is small and
not statistically significant for some locations, currents can have a
significant impact on waves on short intervals of time. Fig. 5 shows
the 𝐻𝑠 , 𝑇𝑝 and 𝜃𝑝 measured by the Sydney buoy during the last days of
March 2016. At this location, between 2014 and 2016, the wave heights
of the simulation without currents were changed by < 5% of their value
during 50% of the time due to the inclusion of current forcing. For
80% of the time, the changes in 𝐻𝑠 were < 10%. However, during the
event shown in Fig. 5 in the last days of 2016, there were significant
changes in wave height of up to 1.2 m (2.8 m in the current-forced
simulation, 75% higher than 1.6 m in the simulation without currents),
5s in peak period (a 50% change from ∼11s to ∼16s) and 80◦ in
direction. Further, the current-forced simulation output values are substantially closer to the observed wave conditions than the simulation
without currents. This has direct implications for coastal management
studies. Not considering currents led to a significant underestimation of
wave heights during this event, which can impact other wave derived
quantities, such as wave energy fluxes or estimations of wave setup. In
the long term, wave–current interactions could affect estimates of wave
contributions to coastal sea-levels, maximum and return period wave
heights, design parameters of coastal structures, among many others.
Importantly, wave direction is substantially misrepresented, and this
variable plays a critical role in many important coastal processes, such
as alongshore sediment transport (Komar, 1971). Moreover, Harley
et al. (2017) investigated the June 2016 Collaroy Beach storm (the most
damaging storm in the last 40 years in that area) and observed that
the anomalous wave direction (instead of wave heights) was primarily
responsible for making this storm so destructive. Here we show that
the meandering flow of the EAC can significantly influence the wave
climate in the Tasman Sea and modulate the wave direction at the
coast.
Considering that an overall improvement in wave simulation is
achieved by introducing current forcing, the differences in various
wave parameters were analysed to further understand wave–current
interaction processes and their implications. Fig. 7 shows the percental
changes in wave heights, mean periods and directions. Wave heights
are reduced in most parts of the world, except in the AC and EAC close
to the coast, the ECC and in some regions of the North Indian Ocean,
and the northern section of the CC (there is also a slight increase in
wave heights close to the Antarctic Continent, but since there is not an
improvement of the model performance by including currents in this
area, this feature is disregarded). The well-known overestimation of
observed wave heights by the model is reduced by accounting for the
effect of ocean currents on waves. Waves also have shorter periods in
the current-forced simulation in most ocean basins, and larger periods
in the Tropics, at the east and northwest coasts of Australia and
14
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the energy flux into the ocean changes by ±50% (it should be noted
that the atmosphere-to-ocean momentum flux changes are equivalent
to those of the energy flux). The generation of whitecaps in deep water
plays an important role in the enhancement of heat, momentum, gas
and particle transfer between the ocean and the atmosphere, as well
as being high sunlight-reflectance areas that contribute to increase the
planetary albedo and are therefore fundamental in global radiation
budget calculations (Cavaleri et al., 2012). The results shown in Figs. 7,
9 and S7 point to the critical importance of wave–current interaction
for climate modelling in Tropical areas. The inclusion of currents
leads to reduced ocean surface roughness and whitecap coverage in
the EC region, and reduces the energy and momentum transfers from
the atmosphere. The contrary happens in the ECC area. Since waves
can also influence surface currents and winds, better representation
of these processes could be achieved by implementing a fully-coupled
atmosphere–wave–ocean model. In addition, a comparison of the relative wind computed by the wave model with measured winds (either in
situ or from satellites) is necessary to better assess the validity of these
results. Furthermore, significant changes in Stokes drift speed (∼±30%)
and direction (∼±10◦ ) in western boundary currents and particularly
in the equatorial region are attained by incorporating current forcing.
The changes in Stokes drift direction follow a very similar pattern to
the changes in friction velocity direction (Figure S7.a). Currents are
a fundamental consideration in particle tracking studies (e.g., Onink
et al., 2019), which often use independent ocean circulation and Stokes
drift data (as opposed to fully coupled models). Given the inherent
turbulence of the upper ocean, particle tracking studies must use a large
number of particles to provide statistical consistency to their results.
Hence, if the change in Stokes drift speed or direction can advect
a particle to a slightly different position, this could have significant
impacts on the final trajectory of the particle.
Finally, the sensitivity of the wave–current results to wave model
resolution was explored in Section 3.3. Current-forced wave simulations
with and without the higher resolution (0.1◦ ) grid in the Southern
Ocean were compared. Fig. 10 shows that by incorporating an eddyresolving model configuration (instead of an eddy-permitting one),
slightly better estimates of significant wave height in deep waters were
achieved. This is likely a product of a more accurate representation of
the surface wind field from the CFSR reanalysis (of 0.2◦ spatial resolution). Based on Fig. 11 of Rapizo et al. (2018), we hypothesized that the
patterns of current-induced refraction would be radically different in
both simulations (high and low resolution). Instead, we found (Fig. 11)
that changes in the significant wave height and mean wave direction
follow the same patterns in both simulations — albeit that the higher
resolution simulation represents these in a more detailed manner. The
changes in wave period due to the inclusion of current-forcing are also
equivalent in both simulations (not shown). The most extreme wave–
current interaction event at the Sydney buoy location for 2014–2016
was chosen for Fig. 11. However, other time periods were also selected
and analysed, all yielding similar results. Figure S8 compares these two
simulations against the buoy observations in Australia, and shows that
the improvements achieved when incorporating the high-resolution
grid are mostly in terms of peak wave period. Estimates of wave
height and direction are improved for some locations but worsened
for others. While the introduction of current forcing greatly improved
the performance of global wave simulations, using a high-resolution
grid did not necessarily translate into significant further improvements.
Rather, we found that current-induced changes in wave parameters
were relatively well represented using the coarser (0.4◦ ) model grid,
in comparison with the eddy-resolving 0.1◦ -grid configuration in the
Southern Ocean. This is appreciated by examining the representation of
wave direction against observations from the Australian buoys (within
the 0.1◦ grid domain) and NDBC buoys (within the 0.4◦ global grid):
Figures 3 and 4 show that there is an improvement in wave direction
with the inclusion of currents for most of the buoys. While here we
have only compared wave simulations with resolutions of 0.4◦ and

0.1◦ , ocean surface currents of smaller spatial scales can also have a
substantial impact on waves (e.g., Ardhuin et al., 2017). In addition,
an assessment of the sensitivity of wave modelling to the inclusion of
surface current forcing from different ocean reanalysis products could
yield a greater understanding of global and regional wave–current
interaction processes.
In conclusion, surface currents impact wind-waves in various ways,
and WAVEWATCH III certainly captures these processes in a one-way
coupling implementation, broadly improving simulation performance.
Undoubtedly, there will be some errors in the current forcing data taken
from the BRAN reanalysis, and a fully coupled modelling approach
will be more beneficial to capture the complex interactions between
the ocean, atmosphere and waves and provide more realistic outputs.
Nevertheless, we have shown that global deep-water and coastal wave
parameter estimates can be significantly improved with the methodology applied in this study, and that major benefits can be achieved based
on this approach for the wave modelling community.
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Chapter 5
COMPARISONS BETWEEN
SENTINEL-1 SAR OBSERVATIONS
AND THE CAWCR WAVES HINDCAST

In this chapter, we use a recently developed Sentinel-1 Synthetic Aperture Radar
(SAR) waves dataset for the Australian region (Khan et al., 2020, submitted ).
SAR measures the directional wave spectra for waves longer than ∼150m, from
which integrated wave parameters can be extracted (in this study, Hs , Tm0,2 and
θm ). A comprehensive comparison of these observations against the Centre for
Australian Weather and Climate Research (CAWCR) wave hindcast spectral data
was carried out. Sentinel-1 measurements were separated by platform, incidence
angle and orbit directions. Aspects of the underlying physics of the wave model
and SAR observations, which potentially result in the quantified differences in
wave parameters, are discussed.
Validations of spectral wind-wave simulations against wave heights are
common in the literature (e.g., Rascle and Ardhuin, 2013; Durrant et al., 2014;
Roland and Ardhuin, 2014; Hemer et al., 2017). However, validations of wave
periods or directions are less common and/or restricted to buoy locations.
Moreover, the performance of wave models in representing wave direction and
spreading is relatively poor (Stopa et al., 2016).
SAR directional spectra
measurements can therefore have immense benefits for the wave modelling
community, providing wave period and direction estimates with a quasi-global
coverage. In line with the main objectives of this thesis, this chapter seeks to
deepen our understanding of the directional/spectral wind-wave climate, using
SAR derived spectral parameters. Specifically, this chapter aims to address the
following questions:
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(i) How do modelled swell wave periods and directions compare against SAR
observations (from Sentinel-1 satellites) at a regional scale around Australia?
(ii) Where are the biggest discrepancies between model and observations and why?
(iii) Are there differences in the representation of swell wave heights, periods and/or
directions for Sentinel-1 observations of different platforms, incidence angles
and/or orbit directions?
The main text of this chapter forms a manuscript published in Journal of
Geophysical Research: Oceans, with the following citation: Khan, S. S., Echevarria,
E. R., & Hemer, M. A. (2020). Ocean Swell Comparisons Between Sentinel-1 and
WAVEWATCH III Around Australia. Journal of Geophysical Research: Oceans,
126, e2020JC016265. https://doi.org/10.1029/2020JC016265.
The SAR waves dataset for the Australian region used in this study was
developed by Dr. Salman Khan with the aid of his collaborators. A manuscript
describing the dataset has been submitted to Geoscience Data Journal and is
currently under review. The conceptualisation and design of the study presented
in this chapter, together with the proposed analysis methods were discussed
between my coauthors, Dr. Salman Khan and Dr. Mark Hemer, and myself. Dr.
Salman Khan, Dr. Mark Hemer and I processed and analyzed the data, discussed
the results and framed the study in a collaborative way. The writing of all sections
of the manuscript and the review process were led by Dr. Salman Khan and
myself, under the supervision and guidance of Dr. Mark Hemer.
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Abstract An intercomparison between directional wave spectra derived from Sentinel-1 Synthetic
Aperture Radar (SAR) satellites and a WAVEWATCH III model hindcast in the wider Australian region
is presented. The coastal buoy network around Australia is considerably sparse, and only a handful of
buoy measurements exist in deeper oceans. National and regional scale wave models require validation
and verification through intercomparisons with available observations to be confidently adopted and
improved. In the absence of dense in-situ measurements, satellite-derived surface wave data provide an
invaluable and independent source of observations. Satellite altimeters provide well-calibrated significant
wave height data, but do not resolve wave directions, and are also not the platform of choice for resolving
wave periods. SAR satellites that routinely map ocean surface waves fill this gap as they are able to
measure directional wind-wave spectra of long period waves. This constitutes an important satellite data
stream for better understanding the propagation of swell waves across ocean basins, and for comparisons
with national and down-scaled wave models. However, both SAR wave measurements as well as wave
models do not represent the truth and need qualification before regarding them as reliable data sets.
The aim of this article is to perform an intercomparison of a wave model hindcast with SAR-derived
wave information in the wider Australian region. The comparisons are done in the context of mean
wave climate and its seasonal variability, and demonstrate good agreement for wave heights and periods.
Valuable insights into possible sources of disagreement are given.
Plain Language Summary

Australia has one of the longest coastlines and largest marine
estates in the world. Surrounded by the Pacific, Indian, and Southern Oceans, it is heavily influenced
by the impingent wave climate. Ocean waves affect marine safety and navigation, public beach safety
and recreation, design of coastal infrastructure, offshore platforms and ships, and are a potential source
of renewable energy. It is therefore important that ocean wave conditions are understood, and can be
accurately predicted. Wave buoys are sparse in Australian waters, due to challenges in deploying them
in harsh ocean conditions throughout the year, and the cost of covering such a large area. Wave models
fill this gap by providing continuous wave information over vast regions, while satellite radars can also
measure global ocean surface waves repeatedly. This research explores how ocean waves measured by
Synthetic Aperture Radars compare with a global wave model in the context of mean wave climate and
its seasonal variability around Australia, knowing that both these sources of wave data can contain
errors. The comparisons demonstrate good agreement between wave heights and periods, providing
encouragement on the eﬃcacy of these instruments, as well as oﬀering valuable insight into model
deficiencies.

1. Introduction

© 2020. American Geophysical Union.
All Rights Reserved.

Australia is an island-continent, with one of the longest coastlines and marine exclusive economic zones in
the world. It sits at the intersection of the Pacific, Indian, and Southern Oceans (SO), and is heavily influenced by the prevalent sea-state and regional climatology. Monitoring of sea-state is important for a number
of reasons: (i) waves influence the coupled climate system by exchanges of heat, momentum, and gases with
the atmosphere, production of foam (whitecaps, which also affect the albedo and therefore global radiation
budgets), sea-spray and aerosols, interaction with the marginal ice zone, potential calving of glaciers, and
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driving ocean turbulence and mixing (Cavaleri et al., 2012; D'Asaro et al., 2014; Williams et al., 2013), (ii)
there is a growing number of marine applications (and users) of wave data streams such as those related to
marine safety and navigation, blue economy and marine renewable energy, coastal planning and management, marine and offshore structure design, harbor management and public beach safety and recreation
(Mapstone et al., 2017), and (iii) the significant environmental impact that waves can have at coastal locations either during storm events or in the long-term, influencing extreme sea levels (through wave run-up
and set-up) and beach stability (through sediment transport), as well as in the transport of pollutants such
as oil spills and plastics.
The SO is one of the most intense wave-generation areas in the world and drives many climate processes
globally. SO swells propagate into the Indian, Pacific, and South Atlantic oceans forming an important part
of global swell systems (Alves, 2006; Snodgrass et al., 1966). They can even produce severe flooding events
in low-lying islands (Hoeke et al., 2013; Wadey et al., 2017), and also affect local wave climate in Australian
shelf waters (Hemer, 2010). Wave models, driven by forecast wind fields, are an important means of generating and predicting sea-state conditions both globally and regionally. In-situ and remote sensing wave
measurements can improve model initial conditions, verify model skill, and provide insight into model
physics. But, in-situ wave measurements in the SO are very sparse, given that it is an extremely harsh environment for marine operations throughout the year. Therefore, satellite-derived wave measurements such
as wave height, wavelength, and propagation direction are extremely valuable as they provide a synoptic
view of waves that cannot be currently obtained by buoys or ships.
Synthetic Aperture Radar (SAR) is the only type of satellite radar instrument that can image the ocean
surface at high resolution independent of cloud cover and light conditions. Although satellite altimeters
provide well-calibrated significant wave height measurements (Ribal et al., 2019), SAR can measure directional swell spectra, resolve swell systems, and their associated wave heights, directionalities, and periods
that satellite altimeters are unable to determine. Together these satellite wave data provide fundamental
knowledge of the generation and propagation of waves. SEASAT (1978) carried both SAR and altimeter sensors on-board and demonstrated global wave measurements for the first time. At present, the continuity of
historical C-band SAR satellites that measured ocean surface waves globally (ERS-1, ERS-2, and ENVISAT
1991–2012) is ensured by European Copernicus Sentinel-1A and B, and Chinese GaoFen-3 SAR satellites
(2014 onward). Sentinel-1 satellites are carrying forward the flagship of ERS-1/2 and ENVISAT SAR global
wave mode measurements, and have a nominal lifetime of ∼7 years. Future continuity is ensured by follow-on Sentinel-1C and D platforms (tentative launch > 2022).
Longer ocean waves become visible in SAR images because they modulate ocean surface backscatter at Bragg
wavelengths. Three types of modulations are intrinsic to SAR imaging of the ocean surface (Holt, 2004). The
first two are tilt and hydrodynamic modulations, common to both synthetic and real aperture radars, and
are most dominant in the radar look direction (range direction). The third is velocity bunching (only affecting SAR images) of waves with an azimuth-traveling component. While the above modulations allow longer
ocean waves to be imaged in SAR, the random motions of ocean surface caused by shorter scale waves introduce random position shifts in azimuth direction, worsening the azimuth resolution, and introducing a
cut-off wavelength (Hasselmann et al., 2013). SAR cannot image waves shorter than this cut-off wavelength
(∼150 m in azimuth direction). Nevertheless, SAR-derived swell spectra have been useful in improving the
performance of global wave models (Aouf et al., 2006; Stopa et al., 2016), understanding the propagation
of swell systems (Ardhuin et al., 2009) and cross-seas (Li et al., 2016), and are potentially an invaluable
source of ocean surface wave measurements for the scientific community. While extensive significant wave
height validations have been performed (Durrant et al., 2014; Hemer et al., 2017; Rascle & Ardhuin, 2013;
Roland & Ardhuin, 2014), our understanding of SAR-model comparisons for wave periods and directions
are somewhat limited to total regional and global comparisons. In this article, we have presented detailed
intercomparisons by geographical locations between wave observations from Sentinel-1 SAR satellites and
the Centre for Australian Weather and Climate Research (CAWCR) WAVEWATCH III (hereafter WW3)
hindcast (Durrant et al., 2013a, 2013b; Smith et al., 2020) in the context of mean wave climate of the Australian region and its seasonal variability.
The remainder of this article has been arranged as follows: Section 2 presents Sentinel-1 wave mode acquisitions, Section 3 describes the two data sets, Sentinel-1 and WW3 hindcast, that have been used for
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Figure 1. Sentinel-1 acquisition modes. Wave mode acquires 20 km × 20 km vignettes over open ocean alternating
between two different incidence angles. Credit: ESA-CC BY-SA. IGO 3.0.

intercomparisons, Section 4 explains the methodology for intercomparisons, and assesses the agreement
between SAR and model data in the region, Section 5 analyses the mean spectral wave climate and its seasonal variability in the Australian region, while Section 6 presents a discussion on the main results and its
implications, and Section 7 summarizes the conclusions and discusses future directions.

2. Sentinel-1 Wave Mode
Sentinel-1A and B satellites, which are part of Europe's Copernicus programme, were launched in April
2014 and 2016, respectively. The satellites fly in the same polar orbital plane, but 180° out of orbital phase,
and offer a 6-days repeat cycle at the equator and more frequently at higher latitudes. Both satellites are
equipped with identical C-band SAR instruments, which can measure the directional wind-wave spectra
for wavelengths longer than ∼150 m in azimuth direction. In the open ocean, they operate in wave mode
(WV), measuring alternately in near-range with an incidence angle of ∼23.5° (WV1) and far-range with an
incidence angle of ∼36.5° (WV2), and acquire 20 km × 20 km vignettes every 100 km along-track (Figure 1).
Since they alternate between WV1 and WV2, consecutive vignettes for each incidence angle are 200 km
apart. The transmit-receive electromagnetic polarization pair of choice in wave mode is VV (vertical transmit and receive polarizations), but some experimental HH (horizontal transmit and receive polarizations)
data have also been acquired.

3. Data Sets
The two data sets compared in this study consist of a recently developed Australian Sentinel-1 ocean surface
waves data set and a WW3 model hindcast:
3.1. Australian Sentinel-1 SAR Ocean Surface Waves Data Product
The Australian Sentinel-1 data set has been recently developed by using ESA's level-2 (L2) Ocean (OCN)
wave mode data as source (Sentinel-1 Product Definition, 2016), and defines a new standard format with
KHAN ET AL.

3 of 23

68

Journal of Geophysical Research: Oceans

10.1029/2020JC016265

Figure 2. Australian region of interest. Australia's exclusive economic zone is shown with a different color than the rest of the ocean. Source: Geoscience
Australia (http://www.copernicus.gov.au/)-CC BY-SA.

the desirable properties of being compact in size and structurally consistent (Khan et al., 2020). The data set
contains directional ocean swell spectra, swell partitions, and partitioned bulk parameters of swell significant height, peak period, and direction, along with other auxiliary variables. It is convenient to use and offers an opportunity to perform fast, multiyear time series analysis. Additional quality assurance and control
have been applied to the data to ensure consistency in data structure and types, meta data, and to remove invalid measurements with the help of auxiliary variables. The data mainly cover the wider Australian region
of interest (Figure 2), with some along-track measurements also extending outside this region and contain
Sentinel-1A and B measurements from July 2015 to October 2016, respectively, until May 2020. The coverage scenarios are considerably different in this region between ascending and descending passes (Figure 3).
3.2. CAWCR WW3 Hindcast
WW3 is a third-generation spectral wind-wave model (Tolman, 1991), mainly used for large-scale and global wind-wave modeling. The output from the model can include gridded data of bulk wave parameters as
well as directional wave spectral data. In this study, we have used spectral wave data derived from a longterm (1979-present) global waves hindcast developed by the Centre for Australian Weather and Climate
Research (CAWCR) (Smith et al., 2020). This hindcast is a multigrid implementation of WW3 model v4.08
(Tolman, 2009), forced with hourly 10 m wind data and 6-hourly ice concentration data from the Climate
System Forecast Reanalysis (CFSR, Saha et al., 2010). The hindcast configuration features include: the Ardhuin et al. (2010) source term parameterizations, configured for utilization with CFSR winds; the Discrete
Interaction Approximation (Hasselmann et al., 1985) for nonlinear wave-wave interactions; the third-order
Ultimate Quickest propagation scheme (Leonard, 1979, 1991), including the garden sprinkler effect correction (Tolman, 2002). In addition, an increase of the sheltering term from 1.0 to 1.2 (related to an effective
wind reduction by shorter waves) and decrease of the nondimensional growth factor of the input source
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Figure 3. Total number of observations from Sentinel-1 platforms binned in 2.5° × 2.5° grids for all combinations of incidence angles and orbital directions.
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Figure 4. Center for Australian Weather and Climate Research (CAWCR) WAVEWATCH III hindcast grid (top), and a
magnified snapshot of grid collocations with Sentinel-1A observations (bottom). Blue dots correspond to the CAWCR
hindcast spectral output. In the bottom panel, the green dots are the Sentinel-1A observations that are within 100 km of
the model grid points, and the gray dots are model grid points without any collocation. A radius of 100 km is shown in
orange in one of the locations as reference.

term (βmax) from 1.52 to 1.33 were implemented (Durrant et al., 2014; Smith et al., 2020). These last two
modifications were included as they significantly reduced the mean bias between modeled and observed
wave heights in the SO. The CAWCR hindcast provides hourly directional wave spectra archives for 3,684 locations in total, over a continuous period from January 1979 to present. These include sites of interest such
as moored buoys, as well as a global grid with a 10° grid spacing and another 0.5° resolution grid around
Australia and the Pacific islands (Figure 4, top panel).

4. Sentinel-1 and WW3 Intercomparisons
Observations from Sentinel-1 and WW3 hourly outputs have been matched according to the following criteria (Figure 4):
1. S
 entinel-1 measurements must be within 100 km of the WW3 grid location. Since WW3 hindcast stores
hourly spectra the overpass was guaranteed to be within 30 min of WW3 output. In addition, since
we are considering observations with different incidence angles separately, and the distance between
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consecutive Sentinel-1 measurements at the same incidence angle is 200 km, no >1 observation is retained at a time
2. All data in depths shallower than 30 m were omitted to avoid potentially contaminated and inaccurate
data closer to the coast, and in complex bathymetric environments
3. All data with significant wave heights smaller than 1 m (either Sentinel-1 observations and/or model
outputs) were omitted to make sure that there is a strong signal present in the spectra. In low swell conditions, the correlations with model output were often disproportionately low compared to correlations
in higher swell regimes. Knowing that SAR can only see longer waves, the low correlation likely results from low swell steepness not sufficiently modulating the backscatter and not manifesting strongly
enough in SAR images
The total number of collocations at WW3 grid locations has been computed for the two platforms for all
combinations of incidence angles and orbital directions (Figure S1). The comparisons have been made
for nearly the full along-track time series of valid Sentinel-1A and B measurements, except for some of
the wave mode measurements in the beginning of Sentinel-1A time series (∼July-November, 2015), which
have a different wavenumber coordinate vector (Khan et al., 2020). It is pertinent to mention that the Sentinel-1A wave mode observations between ∼November 2015 and April 2016, with the more commonly occurring wavenumber coordinate vector, do not compare well with collocated WW3 hindcast outputs (see
Section 4.1.2). Hence, the Sentinel-1A wave spectra until April 2016 were not considered for assessing intercomparisons with WW3.
In order to do consistent comparisons between valid wave spectra from SAR and WW3 hindcast, higher-frequency surface waves that SAR is unable to record were also removed from collocated WW3 wave spectra
using a cut-off wavelength netCDF variable in Sentinel-1 data set (Sentinel-1 Product Definition), which
depends on the relative angle between wave propagation direction and antenna look-angle.
The SAR ocean swell spectra inversion algorithm has the limitation that, sometimes, the wave propagation
direction cannot be confidently determined (Sentinel-1 OSW ATBD, 2011), and is considered to be ambiguous between two opposing directions. These ambiguities have been found to be more common in WV2
than in WV1 mode, which is in agreement with Wang et al. (2020). For comparing swell wave direction, in
addition to the previous processing, only Sentinel-1 observations without such directional ambiguities were
considered.
The below discussion highlights quantitative intercomparisons between Sentinel-1 and the WW3 hindcast,
which are focused on evaluating similarities between integrated wave spectra parameters of wave heights,
periods and directions.

4.1. Integrated Swell Spectra Parameters: Wave Height, Period, and Direction
The integrated parameters of effective significant wave height ( H seff ), mean period (Tmeff0,2), and mean direction ( meff ) (Mouche et al., 2016) were computed at each model grid location for collocated SAR and
WW3 spectra. Pearson's linear correlation coefficient (r), normalized root mean squared error (nrmse =
2

1  M i  Oi 
, with Oi the Sentinel-1 observation, Mi the model output, and N the number of observa
N i
Oi
1  M i  Oi 
tions), and normalized mean bias (nbias = 
) were used as statistical parameters to assess the
N i
Oi
agreement between the two. On the other hand, the statistics for mean direction are not normalized, and
were computed following the theory of circular variable statistics (Jammalamadaka & Sengupta, 2001).

The following discussion presents the results first geographically at each WW3 grid location, and then an
overall comparison is provided by combining the data from all grid locations. The comparisons have been
grouped by the two wave mode incidence angles (WV1 and WV2), and by orbit directions (ascending and
descending) for the two Sentinel-1 platforms because: (i) the quality of wave inversion may vary by incidence angle as the modulation transfer functions used in wave inversion may have different performances
at different incidence angles, and (ii) since the ascending and descending passes naturally map different
areas in the region of interest and hence capture different wave climatologies (including directionality), if
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Figure 5. Comparison statistics between modeled and observed integrated swell spectra parameters for Sentinel-1A WV1 ascending orbit observations. rmse
and bias for wave heights and periods are expressed as a percentage of their mean values at each location, and in degrees north for wave direction.

directional effects are not properly taken into account by the wave inversion algorithm, the quality of wave
retrievals may be different in the two orbital directions. All platform, incidence angle, and orbit direction
combinations are shown for the overall comparisons (Section 4.1.2), but for comparisons by grid locations,
a representative subset of results is shown as each corresponding incidence angle and orbital direction pair
between the two Sentinel-1 platforms shows very similar results. Results for the remaining combinations of
incidence angle and orbit direction are included in the Supporting Information section.
4.1.1. Comparisons by WW3 Grid Locations
The H seff and Tmeff0,2 show a similar distribution of correlation between model and SAR measurements (Figures 5–8), except that Tmeff0,2 correlation values are slightly lower, especially in WV2 mode descending passes
(Figure 8), which shows the worst agreement with the model in all statistics (r, nrmse, nbias). Overall, the
correlation is generally high (∼0.9 for H seff , ∼0.8 for Tmeff0,2); however, it decreases slightly in the North Indian
Ocean and closer to the Antarctic continent (∼60°S). In the Western Pacific, the correlation is somewhat
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Figure 6. Comparison statistics between modeled and observed integrated swell spectra parameters for Sentinel-1B WV2 ascending orbit observations. rmse
and bias for wave heights and periods are expressed as a percentage of their mean values at each location, and in degrees north for wave direction.

variable due to the complex island geography with some high correlation values in the northern and southern periphery of the islands, contaminated with a few lower values in the eastern and western parts. High
correlation values for H seff (∼0.9), and slightly lower ones for Tmeff0,2 (∼0.8) are also observed around the western and southern Australian coast.
The nrmse of H seff is lower closer to the equator (∼20%), and a gradual increasing trend can be seen moving
away on either side of the equator with the highest values (∼40%) closer to the Antarctic (with some exceptions for descending passes), and slightly lower (∼30%) in areas of the Western Pacific in the NE of the study
region. Low nrmse values (∼20%) are found around the southwestern Australian coast, but relatively higher
values (∼35%) in the east coast.
There is generally a positive mean nbias (∼30–40%) in H seff in the SO (less pronounced in WV2 mode),
directly related to the well-known overestimation of spectral variance density values in the model (see Section 5), a consequence of inaccuracies in the reanalysis wind-forcing data, as well as unaccounted drifting
icebergs that block the wave energy (Ardhuin et al., 2011), not considering the influence of ocean surface
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Figure 7. Comparison statistics between modeled and observed integrated swell spectra parameters for Sentinel-1A WV1 descending orbit observations. rmse
and bias for wave heights and periods are expressed as a percentage of their mean values at each location, and in degrees north for wave direction.

currents (Rapizo et al., 2018), among others. For Sentinel-1B, a slight negative nbias can also be seen in the
western and southern Australian coast.
Both mean nrmse and nbias of Tmeff0,2 are generally low (∼±15%). The geographical distribution of nrmse
and nbias are very similar between the same incidence angle modes of the two platforms: for WV1 mode
(Figures 5 and 7), the nrmse is highest in the northern periphery of the Pacific islands, North Indian Ocean,
east coast of Australian mainland, close to Antarctica, and in the Western Pacific, while for WV2 mode (Figures 6 and 8), the nrmse in the periphery of Pacific islands is considerably less, but more pronounced in the
Indian and SO. The nbias is predominantly negative for WV1 mode (Figures 5 and 7), which means that the
model generally underestimates Tmeff0,2, especially north-eastward of Papua New Guinea where the negative
nbias is the largest; however, southwest of mainland Australia and generally in the SO there is a slight positive nbias. On the other hand, for WV2 mode (Figures 6 and 8), there is mainly a strong positive nbias in the
SO and southwestern Australian coast, and a slight negative nbias north-eastward of Papua New Guinea.
This positive nbias in the SO is in agreement with validations performed by Rapizo et al. (2015, 2018) at
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Figure 8. Comparison statistics between modeled and observed integrated swell spectra parameters for Sentinel-1B WV2 descending orbit observations. rmse
and bias for wave heights and periods are expressed as a percentage of their mean values at each location, and in degrees north for wave direction.

the Southern Ocean Flux Station (SOFS). The high nbias and nrmse close to Antarctica are likely related to
an oversimplified parameterization of wave propagation over sea-ice as well as not accounting for drifting
icebergs which block the wave energy (Durrant et al., 2014).
The comparisons of  meff show the worst agreement between model and SAR. The correlation values are
significantly lower than those of H seff and Tmeff0,2 in the Indian and Southern Ocean, but slightly better around
the Pacific islands. High nrmse values (∼40–50°) can be seen close to the Antarctic continent, decreasing in
the North Indian Ocean (∼15–20°), while the Western Pacific shows the largest discrepancies, with errors
in wave direction exceeding 50° for some locations (Figure 5). This is somewhat expected because both the
Western Pacific and poleward of 60°S are areas with typically greater directional spreading in this region.
There is a negative bias close to Antarctica, generally a positive bias northward of 50°S in the Southern and
Indian Oceans, and a variable bias in the Western Pacific, but mainly positive. A negative bias in  meff indicates that the wave directions from the model tend to be more anticlockwise than those retrieved from SAR,
and vice versa. In the south and west coasts of Australia, where the swell wave climate is characterized by
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waves coming from the SO, the bias in wave direction is positive (Figure 7), which means that the model
tends to represent waves farther clockwise (i.e., propagating a few degrees more to the south than the observed swells).
Location-wise comparisons of WV1 and WV2 mode observations (Figure S6), after combining observations
from both platforms, reveal that WV2 observations generally compare better with the model than WV1 in
terms of H seff (lower nbias and nrmse, albeit slightly lower r) and mean wave direction. Conversely, observations in WV1 mode compare better with the model than WV2 in terms of Tmeff02 (lower nbias and nrmse and
higher r). These results are in agreement with Wang et al. (2020).
Similarly, comparisons between observations made in ascending and descending passes of the satellites
(Figure S7), after combining observations from both platforms, show that Tmeff02 estimates from measurements in ascending orbits have a better agreement with modeled wave periods than those in descending
orbits (higher r and lower nbias and nrmse). In terms of  meff , the best agreement with the model is attained
with the observations in descending passes (higher r and lower rmse). The differences in the comparison
statistics for wave height do not suggest a significantly better agreement with the model for ascending or
descending orbits.
4.1.2. Overall Regional Comparisons
Random sample consensus (RANSAC) linear model (Fischler & Bolles, 1981) has been used to perform
linear regression between observed and modeled swell wave parameters (Figures 9 and 10) because of its
robustness in identifying outliers in the data. The performance statistics are included in the figures, and also
listed in Table 1. Sentinel-1A data between ∼November 2015 and ∼April 2016 have not been considered in
linear regression (but highlighted in Figure 9 by magenta points) because they form a distinctly separate
scatter cluster for WV1 mode. This could be due to calibration issues or modifications in the wave inversion
algorithm of Sentinel-1 Instrument Processing Facility (IPF).
The correlation for H seff is high (>0.83), rmse is well under a meter on average (∼0.7 m), and a varying (but
generally positive) bias exists (∼−0.01 cm to 0.37 m). The data quantiles show that the model overestimates
H seff in high sea-state, supporting the positive model nbias found in the SO (Figures 5–8). This bias comes
mainly from higher waves: for H seff > 3 m, the quantiles are generally above the 1–1 agreement line for WV1
mode (a feature only mildly observed or not observed at all in WV2 measurements). This is not observed
in the comparison of CAWCR wave hindcast with altimetry (Durrant et al., 2014), indicating a potential
underestimation in wave spectral density values observed by Sentinel-1, especially in WV1 mode. For both
platforms, WV1 mode has better H seff correlation with the model compared to WV2 mode, but worse rmse
and mean bias for the two corresponding orbital directions. Overall, the two platforms show very similar
H seff agreement with the model: Sentinel-1B having lower rmse, mostly lower bias, but generally slightly
worse correlation.
For Tmeff0,2, generally the correlations with the model are high (>0.73), with low biases (∼−0.2–0.35 s), and
low rmse (∼0.85 s on average) for both platforms, except for WV2 mode in descending orbits, which shows
the worst performance in all statistics. The mean biases for both platforms are negative in WV1 mode and
positive in WV2 mode. The data quantiles predominantly reveal slight overestimation and underestimation
by the model at longer (>13 s) and shorter (<9 s) periods, respectively.
The comparisons for  meff are shown as scatter plots of difference between model and SAR mean swell direction. Because the ascending and descending passes of the satellites naturally cover different areas in the
region of interest (Figure 3), they map different mean wave direction climatologies (Section 5, Figure 11).
Each combination of wave mode and orbit direction presents a unique pattern in the swell direction scatter
plots found in both platforms. On the whole, Sentinel-1A and B have similar correlation values and bias;
however, Sentinel-1B presents lower rmse in each case. The scatter plots for WV1 in both platforms show
an interesting feature: there is a positive bias in direction (model represents swell propagation further in a
clockwise direction) for swells propagating at right angles from the SAR azimuth direction (from 0° to 90°),
and from −90° to −180° from the SAR azimuth direction, and a negative bias (model represents swell propagation further in an anticlockwise direction) for swells propagating from 90° to 180° or from −90° to 0°
relative to the azimuth direction. The scatter plots for WV2 in ascending orbit display a somewhat uniform
KHAN ET AL.

12 of 23

77

Journal of Geophysical Research: Oceans

10.1029/2020JC016265

Figure 9. Scatter plots of Sentinel-1A integrated swell spectra parameters against model for all combinations of incidence angles and orbital directions.
RANSAC linear regression (Fischler & Bolles, 1981), 1–1 agreement line, and data quantiles shown for wave height and mean period. The magenta color
represents Sentinel-1A data from November 2015 to April 2016.
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Figure 10. Scatter plots of Sentinel-1B integrated swell spectra parameters against model for all combinations of incidence angles and orbital directions.
RANSAC linear regression (Fischler & Bolles, 1981), 1–1 agreement line, and data quantiles shown for wave height and mean period.
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Table 1
Linear Correlation Coefficient (R), Mean Bias, Root-Mean-Square Error (rmse) Between Modeled and Observed Swell
Significant Wave Height (Hs), Mean Period (Tm0,2) and Mean Wave Direction (θm)
H s (m)

S1A

S1B

Tm 02 (s)

θ m (°)

R

bias

rmse

R

bias

rmse

R

bias

rmse

WV1 asc

0.89

0.32

0.71

0.82

−0.2

0.86

WV1 desc

0.87

0.37

0.76

0.83

−0.2

0.83

0.83

6.44

32.5

0.85

−1.4

WV2 asc

0.86

0.03

0.64

0.82

0.28

0.93

31.0

0.85

2.61

27.1

WV2 desc

0.83

0.15

0.7

0.75

0.32

WV1 asc

0.86

0.2

0.66

0.82

−0.2

1.06

0.89

−4.0

28.8

0.86

0.83

5.82

30.7

WV1 desc

0.86

0.25

0.69

0.82

−0.1

WV2 asc

0.86

−0.01

0.65

0.81

0.34

0.86

0.83

−1.5

29.5

0.98

0.86

3.03

26.7

WV2 desc

0.83

0.11

0.68

0.73

0.35

1.12

0.89

−4.8

26.4

dispersion of the data around the mean direction, whereas WV2 in descending orbit has a substantial negative bias for waves propagating between −180° and −90°. The mean bias is positive for observations in the
ascending orbits and negative for the descending orbits (Table 1). The correlation values for  meff are overall
around 0.85 and very similar across both platforms. Sentinel-1B has lower rmse values than Sentinel-1A in
each case, and the WV2 observations agree better with the model than WV1.

Figure 11. Time-averaged spectra of combined Sentinel-1A and B observations (top panels) collocated with WW3 spectra (bottom panels), and separated by
Austral summer (left panels) and winter (right panels) seasons. (a) Sentinel-1 (DJF), (b) Sentinel-1 (JJA), (c) WW3 (DJF), and (d) WW3 (JJA).
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Figure 12. Percentage of the total wave energy contained in the modeled spectra after filtering in frequency to match
Sentinel-1B observations.

5. Mean and Seasonal Variability of Wave Climate
The mean wave climate of the region is presented as time-averaged variance density spectra at the coarser
10° WW3 hindcast grid locations (Figure 11). All Sentinel-1A and B observations, without wave propagation
directional ambiguities, were collocated with the 10° grid and grouped by Southern Hemisphere winter
and summer seasons to compute the mean spectra. The mean spectra of WW3 and Sentinel-1 (Figure 11)
have similar shapes and directionalities throughout the study region. Many of the uniform wave systems
expected in this region (Echevarria et al., 2019), such as the Southern and Indian Ocean swell systems, are
also well-captured by both Sentinel-1 observations and the model. The mean spectra in the SO, as observed
by Sentinel-1A, mainly consist of swell waves with a peak frequency of ∼0.07 Hz (∼14 s period) propagating
eastward and can be qualitatively observed to follow great circle paths. A closer look suggests the potential
of SAR to resolve multiple swell peaks in the SO swell systems (∼50°S) due to its significantly higher spectral resolution compared to the model. The spectral variance density values in the wave model's SO mean
spectra are significantly higher than those of Sentinel-1, whereas in the Western Pacific these are slightly
lower than those of Sentinel-1 observations. This is in agreement with well-known biases in global wave
models (e.g., Rascle & Ardhuin, 2013) and specifically in the CAWCR hindcast (Durrant et al., 2014), which
tend to overestimate wave heights in the SO and underestimate them in the Western Pacific. The mean
spectra in the SO, as well as Indian Ocean, are more well-defined in terms of wave energy distribution across
frequencies and directions than those in the Western Pacific. In the North Indian Ocean, there is evidence
of a lower energy swell system propagating to the west-northwest, a consequence of the prevailing easterly
winds in that area (Mapstone et al., 2017).
It is also helpful to find out the portion of the total wave energy present in the longer waves that SAR captures, and examine its relation to the mean wave climate in this region. For this purpose, collocated WW3
spectra are used as a reference. By removing the high frequency part of the WW3 spectra using the cut-off
wavelength of the collocated SAR spectra, the percentage of the total mean wave energy remaining in WW3
spectra (at model grid locations) is computed (Figure 12). In the SO, despite being one of the most intense
wave-generation areas in the world, the energy in longer waves is ∼65% between 50°S and 60°S, and increases northward, becoming ∼75% at 40°S, and peaking to ∼85% at 30°S. Further equatorward (∼10–20°S in the
Indian Ocean), the energy fraction drops due to the prevailing easterly winds, which generate new wave
energy in the higher-frequency part of the spectrum. In the Western Pacific, the SO swells are effectively
blocked by the complex land geography in the region (Figure 11), and only a small portion of the energy in
longer waves from the south arrives here. Northward of this barrier, the long wave energy fraction is ∼75%
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Figure 13. First Empirical Orthogonal Function (EOF-1) patterns of monthly averaged directional wave spectra from Sentinel-1 observations (both platforms
and regardless of incidence angle or orbit direction). EOF-1 patterns separated every 5° in latitude and longitude. All Sentinel-1 observations (without any
directional ambiguity) within 200 km of each grid point were used to compute the EOFs.

until the equator, and decreases to ∼65% between 10°N and 20°N. To the east of the Australian mainland
the waves measured by SAR represent just over half of the total wave energy, while in the swell-dominated
southern and western coasts of mainland Australia and Tasmania the long period energy fraction is above
80%.
We can also use the SAR and model data sets to understand the seasonal variability of the wave spectral climate in this region. For this purpose, we follow the EOF analysis method outlined by Echevarria
et al. (2019) to extract the main modes of seasonal spectral variability in the wave climate of the Australian
region, and their evolution through the year. Briefly, the seasonal cycle of monthly mean spectra at a given
location can be approximated by
n

E  t , f ,  
 EOFi PCi  Emean  f , 
(1)
i 1

where E  t , f ,  is the monthly mean directional wave spectra (t = 1, 2, …, 12), as a function of frequency f
and direction θ, Emean(f,θ) is the average spectrum for the whole period, EOF (eigenvector in PCA terminology) is the pattern of variability in the spectral (frequency-direction) domain (Figure 13), PC is the Principal
Component time series (centered and monthly averaged spectra projected in EOF space), which describes
the seasonal cycle of these patterns (Figure 14), and n is the number of EOFs selected to reconstruct the
data (usually, most of the variability is spread along the first few EOFs). In this study, a 5° grid was selected
in the region and all Sentinel-1 observations (both platforms, all incidence angles and orbit directions)
were grouped together within 200 km of each grid point. Monthly average anomalies were then calculated,
followed by the extraction of EOFs and PCs. The first two PCs explain a majority of the variance in the data
(Figure S11). The analogous analysis of the WW3 spectral anomalies on the sparse 10° grid of the CAWCR
hindcast was presented by Echevarria et al. (2019), and are included here for comparison.
The signs of EOF elements (or loadings) are arbitrary and only their relative magnitudes and sign patterns
are meaningful. Since the loadings are weights to compute PC time series by taking linear combinations of
the original variables that maximize variability: (i) loadings (corresponding to frequency-direction spectra
bins) with heavier weights show stronger seasonal variability and (ii) loadings with the same sign show
seasonal variability in-phase, while those with opposite signs are seasonally out-of-phase.
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Figure 14. First Principal Component time series (PC-1) of monthly averaged directional wave spectra from Sentinel-1 observations (both platforms and
regardless of incidence angle or orbit direction). The blue line corresponds to the PC-1 of the Sentinel-1 observations and the red line corresponds to the PC-1
time series calculated from collocated WW3 spectra at the CAWCR hindcast 10° grid.

Here, we show observational agreement of the modeled results presented by Echevarria et al. (2019), with
opportunity for increased spatial granularity. In the Southern and Indian Oceans, the main pattern of
spectral variability (using EOF-1) is depicted by a strong low-frequency wave signal propagating eastward
(Figure 13). These represent the long period waves generated by intense westerly winds in the SO, that
propagate equatorward along great circle paths, and present a greater directional spreading at higher latitudes. The EOF-1 captures the variation in their intensity through the year. In the Northern Indian Ocean
(∼10–30°S), the wave systems propagating westward driven by southeasterly trade winds also show an inphase seasonal cycle with the SO swell. In the Western Pacific by contrast, the seasonal variability is less
pronounced (weaker EOF loadings), greater directional spreading is apparent through the year, and out-ofphase seasonal cycle (red/blue) of wave systems from the two hemispheres is visible closer to the equator.
In the tropical cyclone belt, in both the Indian and Western Pacific oceans, waves are generated in a range of
directions (more pronounced in Western Pacific), and often seasonally out-of-phase with the swells arriving
from the south.
The relative magnitude and signage of PC-1 monthly time series (associated with EOF-1) shows the strength
of the seasonal variability (Figure 14) i.e., the variation in amplitude of these waves through the year (regardless of whether the variability is seasonally in-phase or out-of-phase). Stronger seasonal variability is
evident in the higher latitudes of the SO, generally decreasing through midlatitudes, and significantly lower
in the tropics as expected. All the PC-1 time series show generally positive values in June-July-August (JJA),
and negative values in December-January-February (DJF). In the SO, this means that the EOF-1 patterns
represent a positive anomaly in JJA and a negative one in DJF. Likewise, the Northern Pacific generated
swell waves observed in the Western Pacific (not shown here) will represent a negative anomaly in JJA and
a positive anomaly in DJF, in accordance with well-known wave climatologies (e.g., Young, 1999). Figure 14
shows the strong agreement between the SAR-derived PC-1 time series and that from the collocated WW3
spectra on the 10° grid, with correlation values between the PC time series >0.8 for >90% of the locations.
We can also infer that the corresponding EOF-1 patterns between WW3 (not shown) and SAR also match
well.
Figures S9 and S10 (included in supporting information) show the EOF-2 patterns and PC-2 time series, respectively. As seen by Echevarria et al. (2019) using the WW3 spectral data, we see that in the SO the second
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EOF derived from the SAR data (EOF-2) represents a rotation of the main wave signal observed in EOF-1.
For example, at (90°E; 50°S), the pattern consists of negative values in the SE direction, and positive values
in the NE direction: for positive values of PC-2, this will represent a shift in energy from SE to NE, or an
anticlockwise rotation of the wave signal. In the central Indian Ocean, EOF-2 represents a shift in frequency
of the main wave signal. For example, at (90°E; 30°S), the pattern consists of negative values around 0.08 Hz
and positive values around 0.06 Hz: this will represent a shift of energy toward lower frequencies in the
spectrum for positive values of PC-2. In the Western Pacific region between 20°S and 30°S, some EOF-2 patterns capture the variability of higher-frequency westward propagating waves, possibly a result of the zonal
easterly trade winds in the region. Other patterns are highly complex and clear physical interpretations are
challenging. Nevertheless, the correlation with the corresponding WW3 PC-2 time series is >0.8 for almost
half of the locations, and >0.6 for >70% of the locations. Overall, the seasonal variability in PC-2 time series
is somewhat noisy, and the shifts in frequency and direction depicted by EOF-2 do not show a clear pattern
that is consistent across locations.
These results indicate that although we have only ∼4 years' worth of usable SAR wave mode data from
the two Sentinel-1 platforms combined, this is sufficient to build understanding of the long period wave
climate and its seasonal variability. The observationally derived SAR data provides some distinct benefits.
It has higher spatial sampling at twice (current analysis) or more, than the CAWCR hindcast sparse global
spectral grid (although worse temporal sampling due to polar satellite orbits), and can potentially better
resolve wave modes because of higher spectral (frequency-direction bin) resolution. There are also benefits
of using an observational data set to build confidence in the results previously inferred from wave model
(with inherent underlying model assumptions) results alone. Blending available model and observational
data sets to study seasonal variability of ocean waves can be a more fruitful approach.

6. Discussion
A significant leap in the understanding of wind-waves and the development of numerical wave models
was achieved in the recent decades due to the availability of altimeter significant wave height observations
with an almost global coverage. Directional wavenumber spectra derived from SAR images have the potential to further improve the knowledge of wind-waves dynamics at regional and global scales. Of particular
importance is the understanding of wave propagation directions (not captured by radar altimeters), and
many coastlines globally are being increasingly endangered by the action of storm waves with anomalous
directions (Barnard et al., 2015; Harley et al., 2017), especially in wave-dominated beaches, which represent
50% of Australian beaches (Short et al., 2006). There are visible differences in wave direction comparisons
between the two incidence angles of Sentinel-1 wave mode radar geometry, with WV1 having a bias in wave
direction (Figures 9 and 10) that varies systematically with the wave propagation direction relative to SAR
azimuth direction. This bias pattern is hardly observed in the WV2 measurements. Since observations made
in WV1 or WV2 cover similar areas of the ocean (Figure 3), and therefore map similar wave climatology
and collocate against similar spatial distributions of model hindcast stations, the systematic bias in mean
wave direction is most likely a manifestation of the difference in the quality of wave inversion at the two
incidence angles. In fact, the performance of real aperture radar modulation transfer functions, used in
Sentinel-1 wave inversion, may vary by incidence angle (Sentinel-1 OSW ATBD) resulting in differences in
quality of wave inversion. It is essential that such biases and their origin in SAR data are well-understood,
documented, and removed.
A number of limitations of the wave model including inaccurate physics, oversimplified parameterizations,
and errors in the forcing data can also be responsible for disagreements with SAR observations. Some wellknown sources are inaccuracies in reanalysis winds used to force the model, an oversimplified parameterization of wave propagation in sea-ice regions (Tolman et al., 2003), unaccounted drifting icebergs which
block wave energy (Ardhuin et al., 2011), unaccounted subgrid-scale wave energy blocking by islands and
reefs that are too small to be resolved by the grid (Durrant et al., 2011; Tolman et al., 2003), and not considering the influence of ocean surface currents (Rapizo et al., 2018), especially the Australian Circumpolar Current (ACC) in the SO—the most intense current system in the world (Rintoul et al., 2001). As an example,
the positive and negative biases in wave directions northward and southward of the ACC (Figure 5) could be
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a consequence of not considering wave-current interactions. According to Kenyon (1971), for waves which
propagate with a variable current (as would be the case for the westerly waves in the SO), the rays will bend
in the direction of decreasing current speed. This would generate positive and negative wave direction differences southwards and northwards of the ACC, respectively. Other large-scale circulation systems such as
the East Australian and Leeuwin Currents, although far smaller than the ACC and closer to the Australian
coast, will also introduce differences between the model and SAR data. Furthermore, the performance of
wave models in conditions of ∼infinite fetch/duration, such as those prevalent in the SO, is widely inconsistent (Babanin et al., 2019). SO waves are normally long (fast moving), and propagate into other ocean
basins forming part of the global swell system. Although swell propagation is physically a relatively simple
process, it is numerically challenging to represent, and is poorly predicted by wave forecasting models in
both arrival time as well as magnitude. For example, assuming that the overestimation of wave periods in
the SO by the model (as suggested in Figures 5–8) is correct, this will translate to faster propagating waves
and the model will therefore predict an earlier arrival of swell (Jiang et al., 2016). Quantifying the magnitude of these inconsistencies between the available modeled and observational data sets in this region is a
first step toward a better understanding of wave spectra evolution, and their representation in numerical
wave models.
Another separate source of potential errors, when computing model's integrated wave statistics, is the filtering applied on model spectra to make them comparable to SAR spectra. Tests performed with slightly
different SAR cut-off wavelengths (Figure S8) revealed considerably different values of H seff . The potential
reasons for these errors are that: (i) historical parameterizations/tuning of numerical wave models have
favored bulk parameters (especially significant wave height) over spectral shape, and (ii) the model spectra
have significantly coarser bin resolution than SAR spectra.
The wave model and SAR data studied in this article are not free from inaccuracies and biases, and neither
can be regarded as the truth. But due to the lack of periodic in-situ wave measurements in the Southern
hemisphere (especially in the SO), these data sets are invaluable for improving our understanding of regional ocean swell dynamics despite their limitations. Such comparisons of the available regional models
and satellite observational data sets that also resolve wave period and direction (wave heights have received
comparatively greater attention and are better understood) will allow us to identify errors in the data sets,
their sources, and propose potential corrections for scientific use. Work is ongoing to address some of the
above uncertainties.

7. Conclusions and Future Directions
A thorough intercomparison between ocean surface wave measurements from SAR and those from WW3
in the wider Australian region has been presented. This work has also provided (to the best of our knowledge) a first location-wise comparison between observed and modeled swell wave directions on a regional
scale. Limitations of both data sets leading to observed disagreements are discussed and potential sources
of errors are also identified, and it is acknowledged that neither can be regarded as the truth. It is also emphasized that such comparisons between model and observational data sets are a first step in quantitatively
assessing errors and biases, and will lead to clearer understanding of disagreements between data, their
origins, and potential corrections needed for appropriate use of the data.
Generally, the agreement between observations and model is high for swell significant height and mean
period, but low for mean direction. Overall, the two Sentinel-1 platforms perform very similarly in comparison with the wave model, and the WV2 incidence angle mode, especially in descending orbits, shows comparatively worse agreement than the other cases. An overestimation of wave heights by the model is found
in the SO, lower correlation in the Western Pacific as well as in the Northern Indian Ocean and close to
Antarctica. The expected positive bias in swell significant wave height in the SO is unusually higher for Sentinel-1 (as compared to altimeters) indicating a stronger underestimation of spectral density in Sentinel-1's
measured range of wavenumbers, and comes mainly from higher waves. The mean nbias and nrmse values
have been found to be significantly dependent on incidence angle and orbital direction, with the significant
wave height comparing better for WV1 observations, mean wave period having a better agreement with
observations in ascending orbits of WV1 mode, and mean wave direction presenting a substantially better
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agreement for WV2 observations. In fact, comparisons of mean wave direction in WV1 mode exhibit a systematic bias that is dependent on the mean wave propagation direction relative to Sentinel-1 azimuth direction. Suspected difference in the quality of wave inversion at the two incidence angles, as a result of variable
performance of modulation transfer function, likely leads to the systematic bias. An attempt is also made
to ascertain whether one incidence angle mode (or orbital direction) agrees better with the model than the
other for the two identical Sentinel-1 platforms. It is found that WV2 observations generally compare better
with the model than WV1 measurements in terms of effective wave heights and mean wave directions,
while the opposite is the case when examining mean wave period. Ascending passes overall agree better
with the model in terms of mean wave period than descending passes, the reverse is true when considering
mean wave direction, and neither orbital direction agrees with the model significantly better than the other
for effective wave heights. Compared to Sentinel-1A, platform B has a higher number of model collocations
closer to the Australian coast, and the model overestimates mean swell period, and slightly underestimates
swell significant height in the south and west coasts of Australia. Swell periods are mostly overestimated by
the model in the SO and underestimated in the Western Pacific. Not surprisingly, the comparison with mean
swell direction is overall poorer than with wave heights and periods. The largest errors are found to be close
to Antarctica and in the Western Pacific region. The mean bias is found to be positive for observations in the
ascending orbits and negative for the descending orbits.
The available Sentinel-1 data (∼4 years duration) has been used to examine the surface wave climate of
the Australian region and its seasonal variability. The mean wave climate of the Australian winter and
summer months adequately captures the dominant Southern and Indian Ocean swell systems driven by
the prevailing westerlies and trade winds, and confirms model's positive bias in overestimating variance
spectral densities in the SO and the vice versa in the Western Pacific. SAR's higher spectral resolution also
reveals potentially multiple swell peaks in the SO swell signal. The energy fraction of the longer waves seen
by SAR shows that SAR spectra can capture a significant amount of the wave energy along the Southern
and Western coast of Australian mainland, midlatitudes of Indian Ocean, and also somewhat along the
equator in both the Western Pacific and Indian Ocean. Interestingly, SAR spectra only capture about half
of the energy on Australian east coast. The main mode of seasonal variability in the region of study is the
intensity of the dominant SO swell, which increases during Austral winters and its seasonal cycle is in phase
with the ∼WNW Indian Ocean swell driven by the trades. The large directional spreading observed in the
mean wave state in Western Pacific, especially closer to the equator, is a result of seasonally out-of-phase
Northern Pacific wave systems traveling in the southwest sector. In the tropical cyclone latitude range,
greater directional spreading is observed (especially in Western Pacific), and seasonally out-of-phase with
the SO swell signal. A comparatively smaller seasonal variability of directional rotation of the main wave
signal in the SO is also observed, a shift of wave energy in frequency in the Indian Ocean, as well as a subtle
signal of westward propagating waves (between 20°S and 30°S) in the Western Pacific. Overall, stronger
seasonal variability is evident in the higher latitudes of the SO, generally decreasing through midlatitudes,
and significantly lower in the tropics as expected. The mean wave state and seasonal variability as inferred
from Sentinel-1 and WW3 data show a reasonable degree of similarity.
SAR ocean surface waves data streams are at a comparatively lower level of technical maturity, quality of
calibration and validation, and user uptake compared to satellite altimeters. The authors hope that this
work will encourage wider uptake of these data by supporting regional studies, and serve as a reference
by informing on expected errors and biases between regional wave models and SAR observations. An important future work would be to further explore the identified sources of errors in the two data sets more
thoroughly, correct resulting biases, and reduce uncertainties. There is also value in expanding this work
to a global coverage as well as include data from historical wave mode satellite missions (as these data are
reprocessed with more mature algorithms) in the future to provide benefits to users worldwide. In this regard, the validation against directional buoy measurements from various providers around the globe is also
an interesting and valuable prospect. Currently, only total integrated swell parameters have been compared,
but there is potential to explore different swell systems identified in SAR and wave models. This requires a
robust mechanism for matching corresponding swell systems between SAR and model and will also form
part of future direction. Finally, other satellites measuring direction ocean wave spectra, such as the recently launched Chinese French Oceanography Satellite (CFOSat), are also potential candidates to compare
with SAR observations.
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Data Availability Statement
The Sentinel-1 data used in this study can be sourced from:
• A
 ustralian Ocean Data Network Portal (https://portal.aodn.org.au), or
• AODN THREDDS server (http://thredds.aodn.org.au/thredds/catalog/IMOS/SRS/Surface-Waves/SAR/
DELAYED/catalog.html), or
• 
Amazon
Simple
Storage
Service
(http://imos-data.s3-website-ap-southeast-2.amazonaws.
com/?prefix=IMOS/SRS/Surface-Waves/SAR/DELAYED/)
The CAWCR wave hindcast is accessible at:
• h
 ttps://data-cbr.csiro.au/thredds/catalog/catch_all/CMAR_CAWCR-Wave_archive/CAWCR_Wave_
Hindcast_aggregate/catalog.html
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Chapter 6
SWELL WAVES MODULATION BY
SURFACE CURRENTS SHOWN IN
SAR OBSERVATIONS AND MODEL
SIMULATIONS

In this chapter we analyze the sensitivity of wind-wave modelling to the inclusion of
surface current forcing regarding the representation of swell wave parameters (Hs ,
Tm0,−1 and θp ). We use the Synthetic Aperture Radar (SAR) dataset that was
described and employed in Chapter 5. We have run WAVEWATCH III simulations
with and without current forcing from the Bluelink Reanalysis (Oke et al., 2013),
and compared their performances in representing swell parameters around Australia.
In line with the aims of the thesis, this chapter intends to address the following
questions:
(i) Is there an improvement in the estimation of swell wave parameters
(particularly wave period and direction) by WAVEWATCH III with the
inclusion of surface current forcing from the Bluelink Reanalysis?
(ii) What added benefits can be attained with the Sentinel-1 observations regarding
the spectral description of the wave climate?
(iii) What are the implications of surface current modulation of swell for other wave
processes?
This analysis revealed a substantial improvement in swell parameters
estimates with the inclusion of current forcing: the bias and RMSE in Hs are
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significantly reduced in the Southern Ocean; the wave simulation without currents
overestimates the observed Tm0,−1 in most of the Southern Ocean, particularly
southwest of Australia, whereas the current-forced simulation reduces these errors;
peak wave direction estimates are also generally improved, especially in the Indian
Ocean. The directional wave spectra in this area allows to identify the reasons for
the errors in wave direction and the improvement due to the inclusion of currents.
The main text of this chapter forms a manuscript that is currently under
preparation for submission to a peer-reviewed journal.
The SAR waves dataset for the Australian region used in this study was
developed by Dr.
Salman Khan with the aid of his collaborators.
The
conceptualisation and design of the study presented in this chapter, together with
the proposed analysis methods were discussed between my coauthors, Dr. Mark
Hemer, Assoc. Prof. Neil J. Holbrook and Dr. Salman Khan, and myself. I carried
out the WAVEWATCH III simulations, processed the output and analyzed the
data. This, together with the writing of all sections of the manuscript and the
review process were led by myself, under the supervision and guidance of the
co-authors.
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6.1

Abstract

The influence of ocean surface currents on the swell wave field around Australia is
assessed. WAVEWATCH III simulations, with and without surface current forcing,
were carried out and compared against Synthetic Aperture Radar observations from
Sentinel-1A and B satellites. We found that incorporating surface current data
from a global ocean reanalysis into wave simulations increased the correlation and
reduced the bias and root-mean-square error between modelled and observed wave
heights, periods and directions in the study area. Improvements in wave height
estimates were observed mostly in the Antarctic Circumpolar Current region. Mean
wave period estimates were substantially improved in the Indian Ocean, south of
Australia and in the western Pacific. Peak directions were significantly improved in
the central Indian Ocean. A spectral description of the wave climate in this area
enabled us to understand the sources of errors in wave direction and the improvement
due to the inclusion of current forcing.

6.2

Introduction

Ocean surface waves that have propagated away from their generation area, are
recognized as swell waves. Unlike wind-sea, swell waves do not receive active energy
input from the wind. The foundational study of Snodgrass et al. (1966) revealed
that swells generated in the Southern Ocean can travel across the Pacific and, after
10-15 days, reach the coasts of the United States and even Alaska. More recent
studies have shown that swell dominates the global wave field (e.g., Alves, 2006;
Semedo et al., 2011), particularly in the Tropics but also at high latitudes where
the winds are stronger. Importantly, swell waves can have a significant negative
impact on offshore operations and navigation (Lavrenov, 1998), as well as influence
air-sea interactions and ocean mixing (Cavaleri et al., 2012). Additionally, swell
waves generated by intense storms can cause severe inundation events in low-lying
islands (Hoeke et al. (2013), Wadey et al. (2017)). However, spectral wave models,
which are routinely used in the maritime industry for carrying out wave forecasts,
tend to give rather inaccurate estimates of swell wave height and particularly of
swell arrival time (by as much as tens of hours; Jiang et al., 2016). Therefore, a
more thorough understanding of the phenomena affecting swell physics, propagation
and dissipation is warranted.
The relatively poor performance of wave models in representing swell can
be attributed in part to a lack of observations. Buoys render detailed and accurate
wave information, yet they are sparsely distributed in space and time. Satellite radar
altimeters have provided important data with near-global coverage for the past ∼30
years. However, these data are limited to significant wave height estimates. In this
context, space-borne Satellite Aperture Radar (SAR) observations can have immense
benefits for wind-wave research as they measure the two-dimensional directional
wave spectrum for wavelengths longer than typically 150m (i.e., swell), with an
almost global coverage. A directional wave spectrum describes how the wave energy
is distributed across frequencies (or wavenumbers) and directions, hence providing a
comprehensive and accurate description of the wind-wave state. Swell wave heights,
periods and directions can be computed from the SAR spectra. In this paper, a
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recently developed SAR dataset for the Australasian region (Khan et al., 2020) has
been used to investigate the influence of ocean surface currents on the observed swell
wave climate.
The theoretical fundamentals of the effects of ocean circulation on the
wave field are well established and, although with limitations, have been
implemented in spectral wave models (Ardhuin et al., 2017; Rapizo et al., 2018). It
is known that currents affect waves via the Doppler shift effect (Tolman, 1990),
exchanges of energy mediated by the radiation stress (Longuet-Higgins & Stewart,
1964), changes in the relative wind (e.g., Ardhuin et al., 2012), refraction (Dysthe,
2001), and other processes.
While several studies of wave-(tidal) current
interaction have been carried out in coastal areas, comparatively little is known
about how the large-scale ocean circulation affects waves, and particularly the
propagation of swell. Munk et al. (1963) measured the incoming swell waves off
California and backtracked those waves through great circle paths to their
generating storms in the Southern Ocean. However, their method occasionally
yielded substantial errors in the location of the inferred source, incorrectly placing
them on the Antarctic continent. Gallet and Young (2014), using spherical ray
tracing and satellite derived ocean current products, demonstrated that wave rays
from the Southern Ocean can be significantly deflected by vertical vorticity in the
ocean. Thus, they provided a compelling explanation for the errors in the
calculations of Munk et al. (1963) and bolstered the idea that considering the
influence of surface current forcing in wave simulations can lead to a more realistic
representation of swell propagation.
In this study, we have carried out wave simulations with and without
surface current forcing using the WAVEWATCH III v5.16 spectral wave model
(WW3). We compared the performance of both simulation types (with and
without currents) against swell estimates derived from SAR directional wave
spectra, measured by the Sentinel-1A and Sentinel-1B missions (Khan et al., 2020).
Specifically, we compared swell wave heights, mean periods and peak directions at
each model spectral output grid point to assess whether surface current forcing in
our wave simulations could improve model-SAR spectral comparisons. This paper
is organized as follows: Section 6.3 describes the SAR dataset developed by Khan
et al. (2020) and the configuration employed for the wave simulations; Section 6.4
presents the comparisons with modelled swell parameters; Section 6.5 outlines
some of the impacts of the results presented in this paper.

6.3
6.3.1

Data and Methods
Sentinel-1 wave mode SAR dataset

Khan et al. (2020) developed a SAR dataset for the Australasian region using the
European Space Agency level-2 (L2) Ocean (OCN) wave mode data from
Sentinel-1 (A and B) missions. The dataset is optimised to provide a temporally
consistent product, that is both convenient to use and compact in size, and that
enables users to more-easily carry out fast multi-year time series analyses.
Sentinel-1 A and B are both equipped with C-band SAR sensors that measure the
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directional wave spectrum for wavelengths longer than ∼150m. In the open ocean,
they operate in wave mode, measuring alternately in near-range with an incidence
angle of ∼23.5◦ (WV1) and far-range with an incidence angle of ∼36.5◦ (WV2),
and acquire 20 km x 20 km vignettes every 100 km along-track (Sentinel-1 Product
Definition, 2016). The data mainly cover the wider Australian region (Figure 6.1)
from July 2015 (Sentinel-1A) and October 2016 (Sentinel-1B) until November
2019. The dataset is publicly available and can be accessed via the Australian
Ocean Data Network Portal (https://portal.aodn.org.au).

6.3.2

WAVEWATCH III simulations

Quasi-global (-78◦ S-78◦ N) wave simulations were performed using the WW3 model
(Tolman et al., 2009) on a grid of 0.4◦ spatial resolution and forced with hourly 10m
winds and 6 hourly ice concentration from the Climate Forecast System Reanalysis
v2 (CFSR; Saha et al., 2010), from January 2017 until December 2018. The model
uses the Ardhuin et al. (2010) source term parameterisations (ST4), specifically
configured for usage with CFSR winds, the Discrete Interaction Approximation
(Hasselmann et al., 1985) and the third-order Ultimate Quickest propagation scheme
(Leonard, 1979; Leonard, 1991), including the garden sprinkler effect correction
(Tolman, 2002). The propagation of wave energy in regions partially covered by
sea-ice is parameterised following Tolman (2003), with default ice cover limits of 0.25
and 0.75. The model is spectrally discretised in 29 frequencies, from 0.035 Hz to 0.5
Hz with an increment factor of 1.1, and 36 directions (every 10◦ ). Several spectral
output locations were defined covering the region of interest (Figure 6.1). With this
configuration, we ran two sets of simulations: one including ocean surface currents
data (2.5 m depth) taken from the Bluelink Reanalysis (BRAN; Oke et al., 2013)
as an additional forcing for the wave model, and another simulation in the absence
of surface current forcing. BRAN is an eddy-resolving ocean reanalysis (horizontal
resolution = 0.1◦ ) that uses data assimilation to produce a realistic quantitative
description of the ocean circulation for the last three decades. The average current
speed for the study area is presented in Figure D.1.

6.3.3

Sentinel-1 and WAVEWATCH III co-locations

For each WW3 spectral output location, Sentinel-1 observations were matched
according to the following criteria:
• Sentinel-1 measurements within 100 km of each WW3 grid location were
selected (Figure 6.1.a). Since the model computes hourly spectra, the
maximum time difference between model and observation is 30 minutes.
• Data in depths <100 m and/or at a distance <50 km from the coast were
omitted. Deep-water assumptions were made for converting wavenumber
spectra to frequency spectra.
• Only data for which the swell significant wave height was higher than 1 m
were selected to ensure that there was a strong swell signal in the spectra.
• Because SAR does not measure waves with wavelengths shorter than ∼150m,
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the corresponding part of the WW3 spectrum was accordingly filtered (Khan
et al. (2020); also, see Figure 6.1.b).
• Data for which the energy fraction remaining in the WW3 spectra after
filtering the higher frequencies (Figure D.3) was <50% were discarded.
In addition, due to limitations in the SAR inversion algorithm, sometimes the wave
direction of a given wave partition cannot be confidently determined. This causes
the spectrum to have an ambiguity between two opposite directions. While this
does not affect wave heights or period estimates (as these do not depend on the
directionality of the wave energy), it affects the swell direction estimates. Therefore,
to compute wave direction, we have only selected Sentinel-1 observations that do not
have any directional ambiguity. The total number of co-locations attained with these
considerations is shown in Figure 6.1.c. Time-averaged SAR spectra are presented
in Figure D.2.

6.3.4

WAVEWATCH III - SAR intercomparison

ef f
) and peak
The effective significant wave height (Hsef f ), mean period (Tm,0−1
ef f
direction (θp ) were computed from the co-located SAR and WW3 spectra (see
Appendix D for their definition). The following statistical parameters were
considered as indicators of the degree of similarity between model (M ) and
observations (O): Pearson’s linear correlation coefficientq (R), mean bias (bias, =
P 1
P 1
(M − O)), and root mean square error (RMSE, =
(M − O) ∗ ∗2), with
N
N
N the number of observations (wave direction is a circular variable and hence the
formulas are modified accordingly (see Jammalamadaka and Sengupta (2001))).
The potential improvement in the wave model’s performance due to the inclusion
of current forcing is assessed in terms of these statistics (increased correlation
and/or decreased bias or RMSE).
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6.4

Results

Figure 6.1: a) WW3 spectral output locations (blue) and Sentinel-1 observations
that are within 100 km of each model spectral grid point (green). A 100 km radius
circle is shown in orange in one of the locations as a reference. The dashed grey
line is the 100 m depth contour. b) Sample WW3 spectrum (right) and co-located
SAR measurement (left). The azimuthal cut-off is shown with a grey line. c) Top:
Number of co-locations of Sentinel-1 observations used to compute wave heights
and periods. Bottom: Number of co-locations of Sentinel-1 observations without
directional ambiguity (used to compute peak directions).
Figure 6.2 shows the comparisons between the Hsef f computed from SAR
observations and Hsef f computed from the model wave spectra. The R values (top
row), bias (middle row) and RMSE (bottom row) for the simulation without currents
are shown in the left column, and for the simulation with currents in the middle
column. The right column shows the differences in the statistics (R, bias and RMSE)
computed as the value in the simulation with currents minus that of the simulation
without currents. Thus, a positive difference in R means that the correlation is
higher in the current-forced simulation. Likewise, a negative value in the bias or
RMSE differences means that the bias or RMSE of the current-forced simulation is
comparatively lower. The correlation with Hsef f is generally high in the Southern
and Indian oceans but decreases in the western Pacific and for low latitudes of the
Indian Ocean. The bias shows that WW3 tends to overestimate the observed wave
heights in the Southern Ocean and underestimate them in the western Pacific. The
RMSE is higher in the Southern Ocean, with the maximum values close to the
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Antarctic continent. Including surface currents as an additional forcing to wave
simulations reduces the bias and RMSE, especially in the Southern Ocean south
of Australia and New Zealand. R is slightly increased for the low latitudes of the
Indian Ocean, but it is mostly reduced in the western Pacific.

Figure 6.2: Comparisons between modelled and observed Hsef f . R (top row), bias
(middle row) and RMSE (bottom row) for the simulation without currents (left
column) and for the simulation with currents (middle column). The right column is
showing the differences in R, bias and RMSE (with currents minus without currents).
The R, bias and RMSE values (and their differences) computed considering all
locations together is shown in the upper right corner of each panel.
ef f
Figure 6.3 shows the comparisons between modelled and observed Tm0,−1
.
The correlation values are generally >0.7 in the Southern and Indian Ocean and
they drop substantially in the western Pacific, North Indian Ocean and close to
Antarctica. The latter are also areas where the maximum RMSE values are attained
ef f
(>0.9 s). There is a broad increase in correlation of Tm0,−1
when current forcing is
◦
considered, especially north of 40 S. The overall correlation increases slightly from
0.75 to 0.76 (Figure 6.3). The bias of the simulation without currents indicates that
WW3 overestimates the observed wave periods in most of the Southern Ocean and
central Indian Ocean. Including current forcing reduces the modelled wave periods
in the Southern Ocean (Figure D.4), thus reducing the positive bias, especially south
ef f
and west of Australia. On the other hand, the mean bias in Tm0,−1
of the simulation
without currents in the western Pacific, the North Indian Ocean and Antarctic
waters is negative (WW3 underestimates the observed wave period). Including
surface current forcing further reduces the wave periods in some of these locations,
which translates into a higher (negative) bias, and therefore a worsening of the wave
model’s performance. Considering all locations together, the bias falls from +0.079
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s for the simulation without currents to +0.016 s for the current-forced simulation.
Finally, the RMSE values are <0.8 across most of the study area, except for the
western Pacific, North Indian Ocean and Antarctic waters. There is an overall
reduction of the RMSE for the simulation with currents in most locations, which in
total is reduced from 0.97 s to 0.93 s.

ef f
.
Figure 6.3: Comparisons between modelled and observed Tm0,−1

Figure 6.4 shows the comparisons between modelled and observed θpef f .
ef f
.
The correlation values are substantially lower than those for Hsef f and Tm0,−1
ef f
Including currents produces an overall increase in the θp correlation northwards
of 40◦ S. Considering all locations together, the correlation increases from 0.805 to
0.816. The bias in wave direction is mostly positive in the Indian Ocean, the
Tasman Sea and east of New Zealand, which means the directions in WW3 are
more clockwise than in the observations (e.g., the direction in the model could be
eastward, while for the observations it is north-eastward). At high latitudes of the
Southern Ocean and in areas of the western Pacific, the bias is negative, i.e. WW3
directions are more anticlockwise than the observations. There is a strong
reduction of the bias in wave directions around (80◦ E; 20◦ S), by up to 5◦ . In the
Southern Ocean and western Pacific, there are alternating locations of
improvement/worsening. Finally, the RMSE for θpef f presents relatively low values
southwest of Australia (∼10-20◦ ), whereas in the western Pacific, the North Indian
Ocean and Antarctic waters, the RMSE is generally >40◦ , reaching 60◦ at some
locations. In total, RMSE is reduced from 29.4◦ to 28.6◦ .
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Figure 6.4: Comparisons between modelled and observed θpef f
In order to better understand the sources of errors in θpef f around (80◦ E;
20 S), Figure 6.5 shows a snapshot in time of the peak wave directions derived
from SAR observations and WW3 simulations (with and without currents). The
SAR spectrum for the location (75◦ E; 17.5◦ S) shows two distinct wave partitions:
low-frequency Southern Ocean swell waves propagating north-eastwards, and
higher-frequency waves propagating broadly westwards. The SAR θpef f is 278.4◦ ,
associated with the westward-propagating waves. WW3 depicts the observed wave
partitions. However, θpef f in the simulation without currents is 41.4◦ , associated
with the Southern Ocean swell. This represents a difference of +123◦ with the
SAR wave direction. On the other hand, θpef f in the current-forced simulation is
288.6◦ , which is in much closer agreement with the peak direction from SAR (a
difference of +10.2◦ ). The reason for this is that the energy levels of the Southern
Ocean swell mode is substantially reduced in the simulation with currents, due to
a reduced relative wind produced by the co-flowing Antarctic Circumpolar Current
and predominant westerly winds (see Rapizo et al., 2018). This makes the peak
direction in the simulation with currents shift to the westward-propagating mode,
in alignment with the SAR observations.
◦
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Figure 6.5: Peak wave directions estimated from Sentinel-1A measurements taken
between 2017-02-23T13:22:59Z and 2017-02-23T13:36:10Z (black vectors). The
corresponding WW3 derived peak directions closer in time to the SAR observations
are shown with blue and red vectors for the simulations with and without currents,
respectively. Directional wave spectra are shown for the locations marked with a
grey circle.
Table 6.1 synthesises Figures 6.2 - 6.4 showing the percentage of locations
for which there are improvement/worsening (when considering surface current
ef f
forcing) in R, Bias or RMSE (separately) of Hsef f , Tm0,−1
and θpef f . In addition,
the percentage of locations for which there are improvement/worsening in all
statistics is also shown. The percentage of improvement in any statistic for any
variable is generally >60%. The wave period presents the largest percentage of
improvement overall. Approximately 40% of the locations present an improvement
in all statistics for any variable, whereas the percentage of locations for which
there is worsening in all statistics is ∼4%, 10% and 14% for wave period, height
and direction.
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Hsef f
ef f
Tm0,−1
θpef f

R
60.2/39.8
70/30
66.3/33.7

Bias
67.3/32.7
61.7/38.3
58.8/41.2

RMSE
79.6/20.4
90.4/9.6
64.9/35.1

R, Bias and RMSE
39/10.4
42/4.1
38.1/13.7

Table 6.1: Percentage of locations that show improvement/worsening in correlation
(R), mean bias (Bias) and root-mean-square error (RMSE) for the wave variables
ef f
and θpef f ). The last column shows the
compared in this study (Hsef f , Tm0,−1
percentage of locations that show improvement/worsening in all statistics.

6.5

Impacts of surface current modulation of
swell

Assessments of the performance of wave simulations in representing deep-water
wave periods and directions are rare, as the focus has historically been on
estimates of wave height, mostly due to a higher availability of Hs measurements
from altimeters. While this has enabled important developments to be made in
spectral wind-wave models (e.g. Ardhuin et al., 2010) which represent Hs with
high accuracy, the estimation of higher-order spectral moments is substantially
worse, particularly wave direction and spreading (Stopa et al., 2016). More work is
needed in this regard to attain a more accurate representation of directional wave
spectra. SAR observations (past and present) have the potential to fill this
knowledge gap, as they continuously map the directional swell spectra over the
global oceans, hence providing information of wave periods and directions. In this
study, we have evaluated the effects of including ocean surface current data as an
additional forcing for wind-wave simulations in the representation of low-frequency
waves. We exploited a recently developed SAR dataset (Khan et al., 2020), and
WW3 simulations with a high-resolution spectral output around Australia.
A correct representation of deep-water wave periods (and therefore
wavelengths) by the model is fundamental for many considerations, including: 1)
the representation of swell arrival times, since the speed of propagation of waves in
deep water depends on the period (longer waves travel faster). The simulation
without currents largely overestimates the mean wave periods, and therefore the
model tends to predict early arrival times (Jiang et al., 2016). The current-forced
simulation generates lower wave periods (in closer agreement with SAR
observations) which translates to slower-propagating swells, and therefore can help
to reduce the bias in swell arrival observed by Jiang et al. (2016); 2) longer waves
with the same energy are less steep, hence estimates of energy dissipation by
shorter waves riding on the leeward face of longer swells will be modified
(Longuet-Higgins, 1987); 3) swell waves induce loads on many coastal and offshore
structures, ships, ocean renewable energy deployments, harbours and many other
structures, with this interaction being critically dependent on swell wavelengths.
Introducing current forcing into wave simulations can lead to more accurate wave
forecasts in this regard; 4) longer swells will produce a stronger and more in-depth
Stokes transport, enhancing Lagrangian transport and Langmuir circulations; and
5) longer wave breaking at the shore will yield more intense run-ups. Our results
ef f
show a substantial increase in correlation and decrease in bias and RMSE in Tm0,−1
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in the Southern and Indian Oceans and north and west of New Zealand due to the
inclusion of surface currents from BRAN into WW3, which suggests that the
above-mentioned processes could be more accurately represented in a wave
simulation that implements current forcing.
Estimates of swell peak direction were also found to be improved with the
addition of currents, with an increased correlation and decreased bias and RMSE
northward of 40◦ S. Wave direction is a fundamental variable in coastal processes,
with alongshore currents only triggered in obliquely incident wave conditions. These
currents can drive major and rapid changes in sediment transport along coasts made
of unconsolidated sediments (Adams et al., 2011; Harley et al., 2017). Like wave
period, certain swell directions can be hazardous for navigation, causing deck cargo
to be washed overboard. Furthermore, spectral wave models do not represent wave
directions as well as wave heights. Figure 6.4 shows that the areas with largest
errors are the Antarctic waters, the western Pacific and the Indian Ocean eastward
of Madagascar. The large discrepancies observed close to Antarctica are likely due
to an over-simplified parameterisation of wave propagation over varying sea-ice.
The errors in the western Pacific are in part due to its complex geography and
bathymetry, including small islands and atolls that are not fully resolved by the
model grid. The strong positive bias in θpef f in the Indian Ocean is a consequence
of the bi-modal mean wave climate of this region: for the wave simulation without
currents the peak wave direction is linked to the Southern Ocean swell, whereas
in the current-forced simulation it is linked to the westward propagating partition,
as in the SAR observations. These results point to the paramount importance of
directional spectral wave data in understanding and analysing the wave climate
(Portilla-Yandún et al., 2016).
In summary, surface ocean currents have broad and significant impacts on
swell wave properties. While the current-forced wave simulation exhibited errors in
the estimation of swell parameters, these errors were found to be much lower than
those in the simulation without currents. These and future directional swell
spectra observations from space (such as those from the Chinese French
Oceanography Satellite, CFOSat, launched in October 2018, which measures a
larger wavenumber range than SAR) will help understand and unravel the
dynamics of swell propagation.
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Chapter 7
DISCUSSION

The overall aims of this thesis were: i) to investigate the influence of ocean surface
currents on the global wind-wave climate, and ii) to strengthen our understanding of
the directional/spectral characteristics of waves. These are two topics that have been
receiving increasingly more attention in recent years (e.g., Ardhuin et al. (2017) and
Rapizo et al. (2018) for wave-current interactions and Portilla-Yandún et al. (2016)
for the importance of describing the wave climate using directional wave spectra),
although knowledge gaps still remain (Villas Bôas et al., 2020).
In terms of wave-current interaction, a number of studies have
investigated the influence of strong tidal flows on coastal wave climates, but
comparatively less attention has been paid to the potential impacts of the
large-scale global ocean circulation on waves. In fact, many wave studies and wave
modelling efforts nowadays do not consider the influence of surface currents (e.g.,
the
widely
used
NOAA
waves
forecast,
https://polar.ncep.noaa.gov/waves/implementations.php). While several studies
have demonstrated how wind-waves are modulated by large-scale oceanic flows
(e.g., Ardhuin et al. (2017) for the Gulf Stream; Quilfen et al. (2018) for the
Agulhas Current; Rapizo et al. (2018) for the Antarctic Circumpolar Current),
there are regions of the ocean for which knowledge of wave-current interactions
remains limited or null.
At the start of this thesis, the potential impacts of the East Australian
Current on the wave climate in the Tasman Sea and at the east coast of Australia
had not been explored. Likewise, the Equatorial Pacific is an area where wave models
strive to accurately represent swell, and it is also an area with strong and complex
currents. The wave climate at the south and west coasts of Australia is dominated
by swell from the Southern Ocean, yet the impact of the Antarctic Circumpolar
Current on the propagation of these swell waves is not fully understood. This
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thesis advances our knowledge of wave-current interactions in these and other areas
of the world. In addition, studies of wave-current interaction tend to focus almost
exclusively on changes or improvements in significant wave height estimates, whereas
evaluations of changes in wave period and/or direction are less common, and yet
crucial to fully understand the impacts of the ocean circulation on wind-waves from
global to coastal scales. In this thesis, changes in several wave parameters due
to the inclusion of current forcing have been comprehensively described (including
wave height, period and direction, wave energy flux, atmosphere-to-ocean energy
flux, whitecap coverage, Stokes drift speed and direction). Wave height, period and
direction estimates have also been evaluated against a large range of observations.
The wave model horizontal resolution necessary to accurately represent the effects
of surface currents on the wave field has also been briefly explored in this thesis,
acknowledging that ocean circulation features of smaller spatial scales (than the
ones presented in this work) can also have a substantial impact on the global wave
climate (Ardhuin et al., 2017).
On the other hand, wind-wave studies (including many of the results shown
in this thesis) tend to employ integrated wave parameters (e.g., Hs , Tm0,2 , θm ) to
describe the wave climate. The reason for this is that they are convenient to use,
and they represent a reasonable summary of the wave conditions in most areas of the
world. However, as described in Portilla-Yandún et al. (2016), bulk parameters only
provide a correct representation of the wave climate when the wave state is described
by a single wave mode (or partition in the spectrum). In cases where the wave state is
composed of more than one wave system, integrated parameters lose representation
and accuracy, and in some cases might even provide misleading information (e.g.,
see Figure 1.2). Knowledge of the directional/spectral wave climate is therefore
paramount for a correct and accurate interpretation of analysis of the wave climate in
many regions of the world. An obvious disadvantage of spectral wave data is its extra
dimensionality compared to bulk wave parameters (a directional wave spectrum has
two more dimensions, namely frequency or wavenumber and direction). Concerning
this, techniques such as the spectral partitioning algorithms described in Portilla et
al. (2009) or the empirical orthogonal function methodology presented in Chapters
2, 3 and 5 represent an appealing way of reducing the dimensionality of the spectral
wave data while at the same time retaining its valuable information. In Chapters 2
and 3 we have shown that employing directional wave spectra data yields a deeper
understanding of the seasonal and interannual variability of the wave field than using
integrated parameters. It is also worth noticing that the ever-growing compute
storage capacity nowadays enables archival of spectral data at a scale that until
recently was not possible, presenting opportunities to explore in greater depth and
detail the spectral characteristics of the wave field at global scale.
Various endeavours in the wind-wave research field are hindered by a lack
of measurements.
Given this limitation, this thesis has built on global
high-resolution wave simulations forced with and without surface currents from a
global ocean reanalysis, complemented with a bulk of available wave observations,
to study the impacts of surface currents on waves around the world, with a special
focus on Australian waters. In addition, directional wave spectra were used
wherever possible to provide a comprehensive description and understanding of the
wind-wave climate. In this regard, a large part of the thesis has been dedicated to
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the usage and analysis of Synthetic Aperture Radar (SAR) observations from
Sentinel-1A and Sentinel-1B missions, as they measure the directional wave
spectrum for low frequency waves (swell) with an almost global coverage.
Although restricted to long waves only, SAR observations represent an invaluable
dataset for the wind-wave modelling community. This thesis has comprehensively
evaluated SAR derived spectral parameters against a global wave hindcast. This
will serve as a reference for future studies, informing on expected errors and
inaccuracies in the wave model and observations. Additionally, this SAR dataset
was utilised to provide an assessment of the influence of surface currents on
modelled swell wave height, period and direction around Australia.
Overall, the chief aim of this thesis was to build upon the state of the art
of spectral wind-wave modelling and underpin future improvements in the
performance of wave models. We have shown that surface current forcing is an
essential consideration for wind-wave modelling in most areas of the world, for it
improves the performance of wave models, providing more accurate estimates of
various wave parameters. Further improvements in the performance of wave
models will be enabled founded on a deeper understanding of the characteristics of
the wind-wave field. We have shown that this is attainable through the use of
directional wave spectra data, which spotlight features of the wave climate often
indiscernible when employing integrated parameters.

7.1
7.1.1

Key findings and implications
Chapter 2

In Chapter 2, using global directional wave spectra data from the CAWCR wave
hindcast, we implemented a methodology to extract the main modes of variability
in the wave frequency/direction domain. This methodology provides a richer
perspective on the seasonal variability of the wave climate than is achieved using
integrated wave parameters alone. This is particularly true in the equatorial
Pacific, where the directional wave spectra are most complex, presenting many
simultaneous distinct wave partitions. Here, spatio-temporal variability of swell
waves from the Southern and Northern Hemisphere could be resolved, along with
the higher-frequency waves associated with local wind forcing. Moreover, each of
these wave modes displayed a different time evolution throughout the year. We
believe this methodology provides a deeper understanding of the seasonal
variability of the wave climate, in comparison to using integrated wave parameters.
For example, Young (1999) and Semedo et al. (2011) make reference to a ”swell
front”, defined as a boundary that separates the regions of dominance of swell
from the Northern and Southern hemispheres. They characterise this front by
examining mean wave direction maps and identify the boundary where the wave
direction presents an abrupt change (see, for example, Figures 2 and 3 of Semedo
et al., 2011). However, implementing the empirical orthogonal function (EOF)
analysis to directional wave spectra described in Chapter 2, we found that swell
waves from both hemispheres can co-exist in a band of latitudes around the
equator. Therefore, such a ”swell front” does not hold any physical meaning, and
it is rather a consequence of a misrepresentation of the mean wave direction in
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areas where swell waves from both hemispheres are present (see, for example,
figure 1.2). In summary, we found that directional wave spectra information is
critical to attain a complete understanding of the wave climate variability in
tropical regions, and the EOF methodology presented in Chapter 2 stands out as
an effective and concise way to achieve this.

7.1.2

Chapter 3

Previous studies have demonstrated the impact of many climate modes on
significant wave heights or extreme wave heights (e.g., Izaguirre et al., 2011;
Shimura et al., 2013; Stopa et al., 2013), but relatively fewer studies have focused
on the directional aspects of the wind-wave climate (e.g., Hemer, 2010). The
methodology applied in Chapter 2 allowed us to extract the seasonal variations in
wave heights (EOF -1) and the changes in wave direction (EOF -2) separately.
This brings forth a more comprehensive description of the global wave climate,
that was further exploited in Chapter 3 to quantify how different large-scale modes
of atmospheric variability modulate changes in wave heights and directions. We
observed that the Southern Annular Mode (SAM) has a significant impact on the
first mode of spectral interannual variability in the Southern Hemisphere (EOF-1,
related to swell waves generated in the Southern Ocean), and that this influence
seems to reach the coasts of Baja California, Mexico. However, when examining
the influence of SAM on significant wave heights (computed by integrating the full
spectrum), we found that their correlation is much lower and does not reach these
northern latitudes. Similarly, it was found tat the Arctic Oscillation (AO)
presented a significant correlation with Northern Pacific generated swell waves
from 50◦ N to 20◦ S, but that no signal was observed southward of 20◦ N when
examining significant wave heights (Figure 7 of Chapter 3). Furthermore, with the
EOF methodology we were able to quantify how climate modes governed changes
in wave direction.
A key finding of this study was that the Pacific South American modes
(PSA-1 and PSA-2, the second and third EOF modes of atmospheric circulation
variability in the Southern Hemisphere) have a major influence on the global windwave climate, particularly in the South Pacific Ocean, a link that had not been
previously explored or quantified. PSA-1 and PSA-2 were found to modulate broad
and significant changes in modelled wave heights and wave directions. Quantifying
the inter-annual variability of wind-waves and the physical processes that regulate
it is fundamental to understand wave extreme events and long-term trends. The
influence of the PSA modes extends across the Southern Ocean and this was found
to be a particularly important consideration for the wave climate at the coasts of
Perú, Chile and New Zealand.

7.1.3

Chapter 4

Chapter 4 outlines a comprehensive assessment of the sensitivity of wind-wave
modelling to the inclusion of current forcing from a global ocean reanalysis (the
Bluelink Reanalysis). The most conspicuous effect of the inclusion of currents was
an improvement in the significant wave height estimates in most areas of the
world, particularly in the Southern Ocean. A strong consistent bias was observed
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in the simulation without currents, which was reduced due to a diminished relative
wind in the current-forced simulation produced by the westerly winds around 50◦ S
and the Antarctic Circumpolar Current (ACC) flowing in the same direction. This
has direct potential benefits for improving wave forecasting capabilities, critical for
the maritime industry, off-shore and harbour operations, amongst others. Broad
improvements in wave height estimates were found for the waters surrounding
Australia when including current forcing (increase in correlation and decrease in
bias and root-mean-square error (RMSE)). A comparison of both wave simulations
(with and without currents) against buoy data taken from the Australian buoy
observations network also revealed an overall improvement in wave heights
(increased correlation and reduced RMSE), albeit that some locations were found
to have a worse absolute bias.
The East Australian, Madagascar and Agulhas Currents (and to a lesser
extent, the Brazil Current) produced notable changes in wave direction: on
average, they were found to refract the incoming waves clockwise close to the coast
where the mean relative vorticity was negative, and induce anti-clockwise rotations
further offshore, where the mean ocean vorticity was positive (Figures 4.6 and 4.7).
This is in close agreement with Kenyon (1971), who stated that ”for waves which
propagate with (against) a variable current the wave rays will bend in the
direction of decreasing (increasing) current speed”. Thus, the Southern Ocean
swell, propagating against the East Australian, Madagascar and Agulhas currents,
can be trapped along the axis of these major ocean currents, becoming a potential
hazard for navigation (Lavrenov, 1998). In addition, the validation against wave
buoy observations in the coastal waters off east Australia showed a significant
improvement in wave direction estimates when incorporating surface currents into
the wave simulations (Figure 4.3). Further, Table B.2 shows that there was a
statistically significant improvement in wave direction estimates in many buoy
locations along the west coast of the United States. Figure 4.5 shows ∼10 days of
wave measurements taken from the Sydney buoy, and the differences in the
representation of wave heights, periods and directions by both wave simulations.
The East Australian Current was found to induce major increases in wave height
and period, and a strong clockwise change in wave direction, and so the
current-forced simulation was in substantially better agreement with the
observations. These results bespeak of the role of the East Australian Current in
the wave climate measured at the coast, a role previously not contemplated (this
presumably holds true for other western boundary currents in the world). In
particular, the implications are that changes in wave direction can have a
significant impact in various coastal processes, such as alongshore sediment
transport, only triggered in conditions of obliquely incident waves. Harley et al.
(2017) investigated the June 2016 Collaroy Beach storm at Australia’s east coast
(the most erosive storm in the region in the last 40 years) and observed that the
highly anomalous wave directions during the event (rather than wave heights) were
mainly responsible for the intense induced erosion. Our results have further shown
that ocean circulation in the Tasman Sea can be an important consideration for
wind-wave modelling along the east coast of Australia, particularly in terms of
wave direction.
Interestingly, the inclusion of current forcing in the simulations led to an
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overall improvement in wave period estimates (increased correlation, reduced bias
and RMSE) corresponding to all of the selected buoys around Australia. Similarly,
evaluation against buoy data from the NDBC buoy network showed an improvement
in peak period estimates for most of the buoys. Wave period can be an important
factor for many practicalities, since waves induce loads on many coastal and offshore
structures, ships, ocean renewable energy deployments, harbours and many others,
with this interaction sometimes being critically dependent on the wavelength.
Because the South and North Equatorial currents flow in the same
direction as the easterly winds, the relative wind is reduced in these areas, and
with it, the wave heights, atmosphere-to-ocean energy and momentum fluxes and
whitecap coverage. Similarly, since the Equatorial Counter-Current flows in a
direction opposite to the easterly winds, an increase of these parameters is
observed. Waves have long been recognised as an important consideration in the
coupled climate system, affecting the exchanges of gases, heat and momentum
between the ocean and the atmosphere (Cavaleri et al., 2012). Recently, Shimura
et al. (2020) demonstrated that ocean circulation models provide more accurate
predictions of surface velocities if a wave-dependent ocean momentum flux is taken
into account, especially at low latitudes. Here, we found that currents affect the
energy and momentum fluxes from the atmosphere as simulated in the wave
model.
These reciprocal feedbacks point to the importance of coupled
atmosphere-ocean-wave models (which simulate the complex interactions between
the atmosphere, the ocean circulation and the wave conditions) in tropical areas.
The modification of the relative wind by the currents parameterised in
WAVEWATCH III might give rise to noticeable errors, whereas it can be more
adequately taken into account with a fully coupled modelling scheme.
A final analysis carried out in Chapter 4 explored the sensitivity of two
different wave model resolutions in representing current-induced refraction
patterns. We found that wave simulations with a horizontal resolution of 0.4◦
(which incorporates surface currents in an eddy-permitting manner) did not fail to
effectively represent the patterns of changes in significant wave height and wave
direction observed in the eddy-resolving simulation (with a horizontal resolution of
0.1◦ ), albeit that the latter represented them in a more detailed manner (Figure
4.11). A comparison of current-forced simulations with different resolutions against
measurements from the Australian buoys indicated that neither wave simulation
outperformed the other. The most notable improvements in the high-resolution
simulation were for wave heights in Cape du Couedic, for wave periods along east
Australia and for the correlation with wave direction in the New South Wales
buoys.

7.1.4

Chapter 5

The main novelty in Chapter 5 was the use of Synthetic Aperture Radar (SAR)
observations from Sentinel-1A and Sentinel-1B missions around Australia to
provide a regional-wise evaluation of swell wave periods and directions. SAR
observations in wave mode capture the directional wave spectra for waves with
length >∼150m (i.e., swell). This represents a greatly rich dataset as it provides
information of long wave periods and directions with an almost global coverage. In
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this chapter, we exploited a recently developed SAR waves dataset for the
Australian region (Khan et al., 2020) to provide initial accounts on the
performance of the CAWCR waves hindcast in representing observed swell wave
heights, periods and directions. Regional and global-scale evaluations of wave
heights are common in the literature, whereas evaluations of wave periods and
wave directions are restricted to buoy locations, and yet can provide invaluable
insights into model errors and the physical processes models fail to represent.
Further, important advances in the field of wind-waves research have been enabled
by the availability of significant wave height altimeter missions (e.g., Ardhuin
et al., 2010; Zieger et al., 2015). As a result, spectral wave models represent
significant wave height with high accuracy but sustain higher errors in the
representation of wave directions and particularly directional spread (Stopa et al.,
2016). Therefore, SAR data from current and future satellite missions can aid in
future developments of spectral wave models, founded on a more comprehensive
and detailed knowledge of the directional/spectral global wave climate. However,
SAR observations are not free from inaccuracies or biases, and are at a
comparatively lower level of technical maturity and quality of
calibration/validation than altimeter measurements. It is therefore important that
such errors in SAR measurements are well understood, documented and removed.
The inter-comparison presented in Chapter 5 allowed us: i) to provide an
assessment of the performance of the CAWCR wave hindcast in representing swell
wave heights, periods and directions around Australia, and ii) to identify biases in
the model and/or the observations. Separating the SAR observations by platform,
incidence angle and orbit directions made it possible to recognise marked
differences in the comparison statistics and to link them to plausible errors in the
model and/or observations. For example, the comparisons of mean wave period
were found to be strikingly worse for SAR observations with an incidence angle of
∼36.5◦ (WV2). Given that observations with an incidence angle of ∼23.5◦ (WV1)
measured very similar wave conditions and were co-located with similar model
output, it is likely that there were some errors in the wave inversion algorithm for
WV2 measurements in terms of wavelengths.
On the other hand, SAR
observations in WV2 represented swell significant wave height and mean direction
significantly better than observations in WV1. In addition, the comparisons show
large discrepancies in swell wave heights, especially for large waves (>3m). Since
these differences are much greater than those observed in comparisons of total Hs
against altimeters, it is likely that Sentinel-1 SAR observations are biased low. In
terms of model physics, errors in the reanalysis winds used as forcing, not
accounting for the effects of drifting icebergs and not considering the influence of
ocean currents (as seen in Chapter 6), provide compelling explanations for many of
the observed differences between SAR and wave simulations. Many studies have
proposed empirical methods to be applied on SAR observations to provide better
estimates of swell wave heights or periods (e.g., Schulz-Stellenfleth et al., 2007;
Stopa and Mouche, 2017). We believe the analysis presented in Chapter 5 will aid
in the development of such empirical methods, and also serve as a reference for
future studies, informing on expected errors in regional comparisons between wave
models and SAR observations.
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7.1.5

Chapter 6

In Chapter 6, SAR observations around Australia were used as a ground truth to
evaluate the impact of including surface current forcing into wave simulations in
representing swell characteristics. This represents an extension of the validations
performed in Chapter 4 to include assessments of the effects of currents on wave
periods and directions at a regional scale. We observed an overall improvement in
wave heights, period and directions (increased correlation and decreased bias and
RMSE) when incorporating current forcing. For the simulation without currents,
there was a consistent positive bias in swell wave heights in the Southern Ocean,
that was significantly reduced in the current-forced simulation, displaying a clear
signature of the ACC (Figure 6.2). Wave periods were also overestimated by the
simulation without currents. We believe there is a plausible connection between
these results and those presented by Jiang et al. (2016), who observed that wave
models (without considering current forcing) tend to predict early swell arrival times,
by as much as tens of hours. There are many factors that could influence the
representation of swell propagation in wave models and the swell arrival time (e.g.,
the frequency discretisation in the model, the dissipation of swell). One such factor
could be the fact that wave models tend to overestimate wave periods (as shown in
Figure 6.3), generating swells that are too long and therefore travel too fast (the
group velocity of deep-water waves has a linear dependency with the wave period)
and arrive too early. In fact, including currents mostly reduces the wave period
(Figure D.4; also see Figure 4.7), reducing the positive bias to the region southwest
of Australia and the RMSE in most of the study area, which will presumably provide
more timely swell arrival estimates. A correct representation of wave periods by
the model is also important for other processes, such as upper ocean turbulence
estimates (Stokes drift depth-integrated transport and Langmuir circulations have
a dependency on wave frequency), extreme coastal sea levels assessments (longer
waves produce more intense run-ups), wave loads on coastal and offshore structures
and ships (for which the wavelengths sometimes play a crucial role).
Peak wave direction estimates are also improved in the current-forced
simulation, particularly in the Indian Ocean. The availability of directional wave
spectra observations from SAR allowed us to identify the errors and
misrepresentation of wave direction in the wave simulations. Again, these results
denote the importance of directional wave spectra measurements (in this case
facilitated by Sentinel-1 SAR) for a comprehensive understanding of the wave
climate.

7.2

Future research directions

Surface currents have broad and considerable impacts on wind-waves, from global
to coastal scales. The inclusion of current-forcing into spectral wave models leads
to an overall improvement in the estimation of various wave parameters, and is
therefore an important consideration for future wave modelling studies. As
computational capacity progressively increases, this will facilitate higher-resolution
global wave simulations to be supported that incorporate the effects of ocean
currents with spatial scales of 10-100km, which have been shown to significantly
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influence modelled wind-waves (Ardhuin et al., 2017). The quality of ocean surface
current products is also expected to improve with increased measurements around
the world, leading to more accurate current forcing for wave simulations. As shown
in this thesis and in Rapizo et al. (2018), the modified relative wind is one of the
most important effects currents have on the global wave field. WAVEWATCH III
resolves this process as a vector balance between the 10m winds and the surface
currents, mediated by a proportionality constant (Equation (1) in Chapter 4). In
reality, winds, waves and currents interact and modify the boundary layer profile,
making the relative wind differ from that computed by Equation (1). The choice of
a=1 is most likely an overestimate of the real relative wind (see, e.g., Renault
et al., 2016).
In addition, for the Ardhuin et al. (2010) source term
parameterisations (ST4) of WAVEWATCH III, other parameters that affect the
wind input and that are commonly tuned are the non-dimensional growth
parameter (βmax ) and the sheltering term (su ), designed to reduce the wind stress
for high winds, which would be otherwise largely overestimated. In our study, we
adopted the settings that have been found to be most accurate for the wind forcing
data set (CFSRv2); however, a comprehensive analysis of the appropriate value of
these parameters and their interrelations can benefit future wind-wave Cal/Val
endeavors.
On the other hand, coupling ocean, atmosphere and wave models represents
a modelling framework that allows to capture the complex interactions between these
components of the climate system more accurately (Warner et al., 2010; Fan et al.,
2012; Katsafados et al., 2016; Varlas et al., 2018). For example, wind-waves modify
the sea-surface roughness, which is then used by the atmospheric model to compute
the 10 m winds, which are in turn used to force the wave model. Ocean surface
currents affect wind-waves in various ways (see section 1), and waves in turn exert
an influence on the surface current field, through mechanisms such as the Stokes drift
and Langmuir circulations. However, the simpler approach of running wind-wave
simulations, one-way forced by the atmosphere and ocean, may be preferred in many
circumstances, given its relatively lower computational demand. In any case, a more
comprehensive analysis of the processes affecting the ocean-atmosphere boundary
layer will benefit the development of future wave modelling frameworks.
The East Australian Current has been shown to have substantial impacts
on wave properties measured at the coast, which can have many implications for
various other processes (described in Section 7.1.3). The inclusion of current forcing
is expected to be highly beneficial for future endeavours in coastal wave modelling
off eastern Australia, providing more accurate estimates of wave heights, periods
and directions (Figures 4.1, 4.3, 4.5, Table B.1). Wave direction changes at the
coast due to current-induced refraction might provide a better understanding of
coastal processes such as alongshore sediment transport and/or erosion at Australian
coasts. On the other hand, projections of future wind-wave climate under different
scenarios of greenhouse gases emissions have been previously carried out using wind
fields taken from the Coupled Model Intercomparison Project (CMIP), with no
consideration of surface currents (e.g., Hemer et al., 2013; Morim et al., 2019).
Results and findings from this thesis show that the sensitivity of wave simulations
to current forcing is of the same magnitude (or greater) than the sensitivity to
climate-driven changes in surface winds. Therefore, there is great value in including
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current forcing for future wave climate projections. The influence of currents can
be particularly important for wave projections near and along the east coast of
Australia, given the substantial changes in wave heights, periods and directions
observed in this area (see, e.g., Figures 4.5 and 4.7), and the on-going and projected
increase in East Australian Current transport and poleward extension (Oliver and
Holbrook, 2014; Oliver et al., 2015).
There is also value in extending the analysis presented in Chapters 2 and
3 to include consideration of the role of ocean surface currents in modulating the
seasonal and interannual variability of the spectral wind-wave field, from global to
coastal scales.
In Chapters 2, 3, 5 and 6 of this thesis, the importance of utilising
directional wave spectra data for the characterisation of the wave climate has been
outlined, in contrast with the use of integrated wave parameters. In this regard,
past and present directional wave spectra observations from satellites (such as
ERS-1, ERS-2, Envisat, Sentinel-1 and CFOSat missions) become invaluable data
sources that can lead to major advances in the representation of directional wave
spectra by current spectral wave models. This is an important step forward in
wind-wave modelling, as developments and parameterisations of model physics
have historically favoured integrated wave parameters (significant wave heights
above all) over spectral shape. In the comparisons presented in Chapters 5 and 6,
we have used the directional wave spectra from SAR to compute integrated
parameters and their modelled counterparts. There is value in extending this
analysis to include comparisons of individual wave components in the spectra,
which would require a robust methodology to match the observed and modelled
wave partitions. The SAR dataset used in Chapters 5 and 6 encompasses the
Australian region only, whereas global comparisons of modelled and observed swell
spectra are expected to yield greater insights into swell propagation across ocean
basins. In particular, directional wave spectra data in equatorial regions is of the
greatest importance, given the complex multi-modal wave climate of this region.
However, the Sentinel-1 observations utilised in this thesis are limited by
the minimum wavelength SAR can measure. This represents a restriction for the
comparisons against the wave model carried out in Chapters 5 and 6, as the
modelled spectra has to be filtered to match the frequency (wavelength) range of
SAR. This filtering process, although necessary, can be very sensitive to shifts in
energy within the wave spectrum, which may result in large changes in the energy
within arbitrarily defined bands. This can be improved in the future with products
such as the CFOSat, which measures the directional wind-wave spectra for a larger
range of frequencies.
Lastly, an unexpectedly important effect of wave-current interactions is
the modification of wave periods, a consequence of the modified relative wind and
Doppler shift of waves propagating in a moving medium. Our wave simulation
without current forcing overestimates the observed wave periods (Figure 6.3),
whereas including currents translates into a considerable improvement in wave
period estimates (Figures 4.3, 4.4 and 6.3, Tables B.1 and B.2). As described in
Babanin et al. (2019) and Jiang et al. (2016), wave models strive to accurately
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represent swell propagation, particularly in terms of swell arrival time, predicting
arrival times that are on average several hours too early. A future research path
will be to look at the representation of swell arrival times by current-forced wave
simulations. The results presented in this thesis strongly suggest that this process
will be improved with the inclusion of current forcing into wave simulations.
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Introduction
This section presents a set of comparisons that are necessary to validate the EOF methodology
devised in this study and also to provide an estimation of the errors in it. In the first part, we show
that the EOF-1 patterns showed in Figure 4 are representative of real wave modes observed in the
spectra and not artificial constructions of the data by doing a quantitative comparison with the wave
modes identified through a spectral partitioning technique. In the second part, we show that the
modes of variability presented in the paper are effectively the seasonal cycle of directional wave
spectra by comparing them with the seasonal cycle that is obtained applying the EOF analysis to daily
averaged spectra. Finally, in the third section we reconstruct the seasonal cycle of directional wave
spectra using the first two EOFs and compare it with the seasonal cycle observed in the original (full)
dataset to provide an estimation of the errors that may arise from the EOF analysis.

1. Comparison between wave modes identified in EOFs and partitioned data.
We selected four stations with distinctive spectral patterns of variability, one in the Southern
Ocean (180°E; 50°S), one in the north Indian Ocean (90°E; 10°S), one in the equatorial east Pacific
(100°W; 0°) and another one in the north Atlantic Ocean (30°W; 40°N). The first EOF pattern for these
locations shows two, three, four and two wave systems (WS), respectively. To analyze whether these
are real wave systems observed in the spectra, we used partitioned parameters from the CAWCR
waves hindcast (Durrant et al., 2013): the significant wave height, peak frequency and peak direction
from the first four partitions were mapped onto a frequency/direction grid using hourly data from
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January 1979 to December 2016 to reconstruct the principal wave modes observed in the spectra.
Figure S1 shows four panels, one for each location; inside those panels there are two spectra, the
upper one is the EOF-1 pattern for that location as in Figure 4, and the lower one represents the
different wave partitions in the spectra. It can be observed that all the wave systems obtained with
the spectral partitioning technique are identified in the EOF analysis. The peak frequency and peak
direction of each wave system are also very well correlated, with the error being in general equal to
the spectral resolution (that is, 15° in direction and a 1.1 increment in frequency).
2. Comparison between EOFs extracted from the monthly and daily averaged spectra
dataset
The EOF methodology described in section 2.2 was also applied to daily averaged spectra from
January 1st 1979 to December 31st 2016 and compared with the results obtained in this paper (that is,
the EOF analysis applied to the monthly averaged dataset). No filtering of the seasonality present in
the data was applied. The dominant modes of spectral variability (i.e., EOF-1) that emerge from the
daily dataset correspond to a well-defined seasonal cycle that is very well correlated with the modes
that emerge from the monthly dataset.
Next, detailed results are shown for representative locations (the same ones as in 1). Figure S2
is showing, in the first column (a), the EOF-1 patterns that arise from the monthly dataset for the
different locations, as in Figure 4 of the paper. Column b) shows the EOF-1 patterns obtained with
the daily averaged spectra dataset. These patterns represent the main mode of variability in the
frequency/direction domain, and they are related to different wave systems observed in the spectra,
with their temporal variability being modulated by the PC time series. A frequency power spectrum
was computed for the daily PC-1 time series to determine their main frequencies of variability.
Column c) of Figure S2 shows the power spectral density as a function of frequency (in 1/day) for the
different locations. In all cases, the dominant frequency is around 365.3 days, and for some locations
a secondary peak at around 182.5 days was also present. Finally, the monthly averages of the daily
PC-1 time series were computed and compared with the PC time series that result from the EOF
analysis applied to monthly mean spectra. Column d) displays the monthly PC-1 values in red (as in
Figure 5 of the paper) and the monthly means of daily PC-1 in blue. Finally, Figure S3 contains the
same comparison for all the locations in the Pacific Ocean.
In summary, Figures S2 and S3 show that the modes of spectral variability that come out of the
EOF analysis applied with monthly averaged spectra effectively correspond to the seasonal cycle of
directional wave spectra.

3. Seasonal cycle of directional wave spectra derived from the full time series and
reconstructed with two EOFs
The seasonal cycle of directional wave spectra was reconstructed using the first two EOFs
(equation [3]), and compared with the original dataset to provide an estimation of the potential errors
in the EOF analysis. Firstly, a detailed comparison is shown for the four locations mentioned earlier
(Figure S4). All the wave modes observed in the full seasonal cycle at these locations are captured by
EOF-1. The representation of each wave systems is also robust, with the error in peak frequency or
peak direction being in general equal or less than the spectral resolution.
Finally, Figure S5 shows a comparison of the total energy contained in the spectra for each
month. The total energy time series are very well correlated at all locations. Results are shown here
for the Pacific Ocean however the global performance is very similar.
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Figure S1. Comparison between wave modes identified with the EOF analysis (upper spectra) and
from partitioned data (lower spectra). Each panel corresponds to a different location (coordinates at
the top). Peak frequency values are given in Hz and direction in degrees North.
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Figure S2. a) EOF-1 patterns obtained when using monthly averaged spectra data as in Figure 4 of
the main manuscript; b) EOF-1 patterns obtained when using daily mean spectra; c) Frequency
power spectrum of the daily PC-1 time series (spectral density as a function of frequency in 1/day);
d) comparison between monthly PC-1 time series as in Figure 5 (red line) and monthly averages of
daily PC-1 time series (blue line).
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Figure S3. Comparison between monthly PC-1 time series in red (as in Figure 5 of the main
manuscript) and monthly averages of daily PC-1 time series in blue for all the locations in the Pacific
Ocean. Units in 𝑚2 𝑠 𝑟𝑎𝑑−1 .
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Figure S4. Comparison between the seasonal cycle of directional wave spectra observed in the original dataset and the seasonal cycle reconstructed with
the first two EOFs. Upper left panel: EOF pattern with the identified wave systems. Lower left: total energy contained in the spectra; upper right: peak
frequency of each wave system; lower right: peak direction of each wave system, for stations a) 180°E 50°S; b) 90°E 10°S and c) 100°W 0°.

Figure S5. Time series of total energy contained in the spectra for each month. In orange: spectra
reconstructed using the first two EOFs. In black: full spectra from the original dataset.
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Appendix B
SUPPORTING INFORMATION FOR
CHAPTER 4

This section presents tables with comparison statistics (correlation, bias, RMSE) for
wave simulations with and without currents against the Australian buoy network
(Table B.1) and against the NDBC buoy network (Table B.2). Figure B.1 shows
the 90th percentile wave heights observed by altimeters, and the differences in 90th
percentile wave heights between the simulations with and without currents. Figure
B.2 presents a validation of the 90th percentile wave heights from the simulation
with and without currents against altimeters. Figure B.3 shows the correlation,
bias and RMSE of Hs for the simulations with and without currents for different
ocean basins and for each month. Figure B.4 shows wave period and frequency
spectra differences for a region east of Australia. Figure B.5 presents the differences
in partitioned wave parameters, frequency spectra and mean period for a location in
the Tropical Pacific in December-January-February. Figure B.6 is analogous to B.5
but for June-July-August. Figure B.7 shows the differences in wind friction velocity,
whitecap coverage and atmosphere-to-ocean energy flux between wave simulations
with and without currents. Figure B.8 shows a comparison of performance statistics
(R, bias and RMSE) between current-forced wave simulations with and without a
high-resolution grid in the Southern Ocean.
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Without
currents
Rottnest Island
Cape Naturaliste
Albany
Cape du Couedic
SOFS
Cape Sorell
Eden
Batemans Bay
Port Kembla
Sydney
Crowdy Head
Coffs Harbour
Byron Bay
Tweed Heads
Gold Coast
Brisbane
With
currents
Rottnest Island
Cape Naturaliste
Albany
Cape du Couedic
SOFS
Cape Sorell
Eden
Batemans Bay
Port Kembla
Sydney
Crowdy Head
Coffs Harbour
Byron Bay
Tweed Heads
Gold Coast
Brisbane

Depth
(m)
47
57
48
108
4100
256
91
47
97
102
64
41
49
37
6
62

Depth
(m)
47
57
48
108
4100
256
91
47
97
102
64
41
49
37
6
62

R
0.933
0.934
0.916
0.943
0.952
0.955
0.877
0.859
0.848
0.907
0.888
0.901
0.883
0.863
0.871
0.819

R
0.938
0.940
0.922
0.946
0.954
0.956
0.907
0.896
0.886
0.930
0.913
0.925
0.914
0.865
0.867
0.865

Hs
Bias
(m)
0.062
0.14
0.139
-0.129
0.659
0.364
0.026
0.005
0.075
0.067
0.212
0.095
0.071
0.231
0.295
-0.146

RMSE
(m)
0.315
0.38
0.419
0.380
0.833
0.548
0.348
0.328
0.361
0.331
0.372
0.290
0.310
0.352
0.388
0.400

Hs
Bias
(m)
0.053
0.078
0.027
-0.167
0.493
0.313
0.039
0.031
0.089
0.101
0.195
0.124
0.147
0.275
0.346
-0.110

RMSE
(m)
0.305
0.342
0.375
0.388
0.696
0.507
0.304
0.283
0.319
0.299
0.334
0.270
0.299
0.376
0.430
0.344

R
0.508
0.553
0.586
0.554
0.568
0.582
0.486
0.435
0.452
0.468
0.464
0.487
0.525
0.595
0.526
0.508

R
0.529
0.565
0.604
0.567
0.566
0.586
0.536
0.564
0.554
0.569
0.577
0.553
0.560
0.595
0.560
0.575

Tp
Bias
(s)
1.46
1.32
1.16
1.54
1.34
1.56
-0.56
-0.68
-0.71
-0.57
-0.50
-0.36
-0.56
-0.36
-0.73
-0.67

RMSE
(s)
2.63
2.35
2.22
2.47
2.40
2.32
2.47
2.49
2.59
2.58
2.49
2.38
2.24
2.02
2.44
2.34

Tp
Bias
(s)
1.31
1.17
0.91
1.39
1.13
1.57
-0.08
-0.14
-0.16
0.08
0.08
0.15
-0.09
0.07
-0.44
-0.42

RMSE
(s)
2.51
2.26
2.05
2.34
2.29
2.33
2.37
2.25
2.34
2.39
2.29
2.33
2.16
2.04
2.30
2.16

0.329
0.394
0.230

θp
Bias
(◦ )
8.49
9.32
11.77

RMSE
(◦ )
43.20
50.2
50.22

0.661

26.35

37.55

0.609
0.479
0.549
0.566
0.615
0.617
0.639
0.669
0.684
0.655

-6.47
-14.41
-6.53
-5.78
-0.37
1.29
-4.95
16.52
8.60
-16.91

50.36
43.42
41.78
40.14
38.94
37.96
36.51
30.70
27.22
37.16

0.356
0.401
0.258

θp
Bias
(◦ )
9.87
9.63
11.26

RMSE
(◦ )
43.43
50.18
49.81

0.660

25.93

37.24

0.591
0.524
0.575
0.594
0.645
0.641
0.655
0.669
0.655
0.724

-1.33
-6.73
3.01
3.83
7.49
8.05
2.05
22.38
13.39
-12.28

49.44
36.87
37.92
36.01
35.66
35.83
33.97
32.86
27.81
32.39

R

R

Table B.1: Validation against Australian buoys. Linear correlation coefficient (R),
average of the differences (Bias) and root mean square error (RMSE) between
significant wave heights (Hs ), peak periods (Tp ), peak directions (θp ) modelled by
WAVEWATCH III and measured by the buoys. Results for the wave simulation
without current forcing on the top, and for the current-forced simulation on the
bottom. Bold letters: in blue (red) the correlation values of the current-forced
simulation that are statistically higher (lower) than those of the simulation without
currents at the 95% confidence level.
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Without
currents
46073
46066
46078
51004
46005
46089
46015
46012
46028
46025
46086
42055
42002
42057
41004
41002
44025
41040
With
currents
46073
46066
46078
51004
46005
46089
46015
46012
46028
46025
46086
42055
42002
42057
41004
41002
44025
41040

Depth
(m)
305
4460
5380
4998
2852
2293
400
208
1048
888
1844
3624
3125
377
39
3920
36
5112

Depth
(m)
305
4460
5380
4998
2852
2293
400
208
1048
888
1844
3624
3125
377
39
3920
36
5112

R
0.968
0.969
0.956
0.892
0.970
0.964
0.955
0.933
0.912
0.893
0.898
0.951
0.924
0.883
0.945
0.940
0.946
0.945

R
0.969
0.969
0.961
0.902
0.970
0.964
0.956
0.935
0.916
0.896
0.902
0.953
0.924
0.891
0.949
0.940
0.945
0.946

Hs
Bias
(m)
0.212
0.427
0.215
0.114
0.371
0.322
0.271
0.122
0.134
0.213
-0.092
0.017
0.058
0.293
0.087
0.124
0.043
0.111

RMSE
(m)
0.474
0.587
0.450
0.299
0.533
0.473
0.449
0.362
0.356
0.311
0.279
0.210
0.278
0.396
0.228
0.350
0.237
0.200

Hs
Bias
(m)
0.187
0.384
0.241
0.076
0.338
0.268
0.220
0.093
0.113
0.220
-0.087
-0.007
0.053
0.230
0.084
0.104
0.031
0.078

RMSE
(m)
0.452
0.550
0.442
0.275
0.504
0.434
0.416
0.350
0.343
0.311
0.275
0.207
0.277
0.343
0.220
0.343
0.235
0.183

R
0.622
0.513
0.397
0.588
0.536
0.433
0.511
0.610
0.520
0.434
0.388
0.837
0.684
0.536
0.537
0.656
0.570
0.689

R
0.598
0.551
0.474
0.608
0.585
0.500
0.560
0.620
0.534
0.452
0.413
0.834
0.661
0.556
0.548
0.666
0.596
0.706

Tp
Bias
(s)
0.422
1.043
1.023
1.022
1.393
2.002
1.734
1.164
1.366
2.055
1.908
-0.17
-0.05
0.652
0.746
0.251
0.309
0.301

RMSE
(s)
2.196
2.930
3.420
3.055
3.322
4.012
3.698
3.048
3.379
4.152
3.834
0.819
1.069
1.325
2.212
1.726
2.191
1.622

Tp
Bias
(s)
0.442
0.818
0.873
0.938
1.160
1.612
1.416
1.085
1.327
2.047
1.785
-0.26
-0.04
0.213
0.758
0.156
0.312
0.252

RMSE
(s)
2.322
2.704
3.097
2.980
3.065
3.611
3.411
2.968
3.297
4.070
3.686
0.847
1.114
1.126
2.183
1.696
2.126
1.594

R
0.837
0.751
0.709
0.729
0.551
0.422
0.462
0.528
0.444
0.585
0.615
0.852
0.842
0.698
0.737
0.788
0.698
0.724

R
0.825
0.758
0.740
0.730
0.592
0.503
0.536
0.546
0.473
0.589
0.627
0.855
0.837
0.709
0.735
0.799
0.714
0.734

θp
Bias
(◦ )
3.09
-1.80
-1.74
-0.26
-4.44
-8.56
-6.42
-5.41
-10.82
9.30
-11.05
2.07
-4.97
5.30
-1.28
6.47
1.60
-9.80

RMSE
(◦ )
39.13
40.13
39.15
52.51
42.29
48.19
42.76
39.10
44.04
41.88
40.43
21.63
32.94
26.88
42.12
45.68
47.34
26.62

θp
Bias
(◦ )
1.710
-3.63
-1.84
-2.10
-4.48
-6.44
-4.44
-6.47
-12.11
7.160
-12.36
1.10
-5.16
2.220
-4.66
6.90
0.24
-11.19

RMSE
(◦ )
39.91
39.75
37.49
51.41
41.12
44.77
39.03
38.61
43.35
41.29
40.31
21.37
33.53
25.99
43.15
45.39
47.19
26.90

Table B.2: Validation against NDBC buoys. Linear correlation coefficient (R),
average of the differences (Bias) and root mean square error (RMSE) between
significant wave heights (Hs ), peak periods (Tp ), peak directions (θp ) modelled by
WAVEWATCH III and measured by the buoys. Results for the wave simulation
without current forcing on the top, and for the current-forced simulation on the
bottom. Bold letters: in blue (red) the correlation values of the current-forced
simulation that are statistically higher (lower) than those of the simulation without
currents at the 95% confidence level.
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Figure B.1: Top: time-averaged 90th percentile significant wave heights computed
from the satellite observations. Bottom: Difference in modelled 90th percentile
significant wave heights, computed as the value in the current-forced simulation
minus that of the simulation without currents. Units in meters.
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Figure B.2: a) Pearson’s linear correlation coefficient between observed and
simulated 90th percentile significant wave heights for the simulation without currents.
b) Same as a), but for the simulation with currents. c) Difference in correlation
values, computed as the value in the current-forced simulation minus that of the
simulation without currents (b - a). d) Mean normalized bias of 90th percentile wave
heights of the simulation without currents. e) Same as d), but for the simulation
with currents. f) Difference in the absolute value of the normalized bias (e - d,
with current minus without currents). g) Normalized root-mean-square error of 90th
percentile wave heights of the simulation without currents. h) Same as g), but for
the simulation with currents. i) Difference between the normalized root-mean-square
error values (h - g, with current minus without currents).
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Figure B.3: Pearson’s linear correlation coefficient between modelled and altimeter
derived wave heights (left column), mean bias (middle column) and root-meansquare error (right column) for different ocean basins: Indian Ocean (IO), South
Pacific (SP), North Pacific (NP), South Atlantic (SA) and North Atlantic (NA).
Values for the simulations without currents in red and for the simulation with
currents in blue.
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Figure B.4: Top: Time-averaged differences in intrinsic mean wave period (in
seconds) between the wave simulations with and without currents for Eastern
Australia for the months of June-July-August. Differences are computed as the
value in the current-forced simulation minus that in the simulation without currents.
Time-averaged surface current for the same period in black vectors. Bottom: Timeaveraged one-dimensional frequency spectra for the simulation without currents (red
line), for the simulation with currents (blue line), and their differences (black line) for
the locations shown with black triangles in the top panel. The blue and red arrows
shown in the bottom panels represent the time-averaged intrinsic peak frequency for
the simulation with and without currents, respectively.
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Figure B.5: Top: Time-averaged intrinsic mean wave period differences (in seconds)
between the simulations with and without currents for the Equatorial Pacific for the
period December-January-February. Time-averaged surface current for the same
period in black vectors. Bottom left: Time-averaged one-dimensional frequency
spectrum for the location shown with a black dot in the top panel (120◦ W, 0◦ ), for
the simulation without currents in red, the simulation with currents in blue, and
the differences between them in the panel below. Bottom right: Time-averaged
directional-frequency spectrum for the simulation without currents for the location
shown with a black dot in the top panel. The different wave modes (denoted
WV1, WV2, WV3 and WV4) were identified using Hanson’s watershed partitioning
algorithm and the significant wave height, intrinsic mean period and mean direction
for each individual wave mode were computed. The table in the bottom right corner
shows their time-averaged values for the simulation without currents, and their
difference with the simulation with currents.
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Figure B.6: Same as Figure B.4, but for the June-July-August months. WV3 is
present less than 10% of the time, therefore it is avoided here.

129

Figure B.7: Time-averaged difference in wind friction velocity direction (a)
atmosphere-to-ocean energy flux (b) and whitecap coverage (c) between the
simulations with and without currents. Units in a) are degrees north. Differences in
(b) and (c) are expressed as a percentage of the mean values in the whole period.
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Figure B.8: Comparison of performance statistics (R, bias and RMSE) between
current-forced simulations performed with and without a higher resolution (0.1◦ )
grid across the Southern Ocean. a) Differences in Hs statistics computed as the
value in the higher resolution simulation (globSO) minus that in the lower resolution
simulation (onlyglob). Units for bias and RMSE in meters. b) Same as a), but for
wave peak period. Units for bias and RMSE in seconds. c) Same as a), but for wave
peak direction. Units for bias and RMSE in degrees.
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Appendix C
SUPPORTING INFORMATION FOR
CHAPTER 5

This section presents comparisons between modelled and observed wave parameters
ef f
ef f ) at
and mean direction θm
(effective significant wave height, Hsef f , mean period, Tm02
each WAVEWATCH III grid location for the Sentinel-1A mission in wave mode 2
(ascending and descending passes, Figures C.1 and C.2) and Sentinel-1B mission in wave
mode 1 (ascending and descending passes, Figures C.3 and C.4). The total number of
collocations (Figure C.1) at WW3 grid locations has been computed for the two
platforms for all combinations of incidence angles and orbital directions. The degree of
agreement between observations and model output is quantified with the Pearson’s linear
correlation coefficient (r), the mean normalized bias (nbias, the average of the differences
weighted by the observations) and the normalized root mean square error (nrmse,
standard deviation of the residuals weighted by the observations). For wave direction,
non-normalized bias and rmse are used, and the Pearson’s linear correlation coefficient
was computed following Jammalamadaka and Sengupta (2001).
Comparison of statistics (r, (n)bias and (n)rmse) between WV1 and WV2
observations, and between observations in ascending and descending passes of the
satellite are also presented (Figures C.5 and C.6).
A sample WAVEWATCH III spectrum and its computed value of effective
significant wave height using different azimuthal cut-offs is presented (Figure C.7).
Finally, Figures C.9-C.10 contain the second empirical orthogonal function
(EOF -2) and the corresponding principal component time series (P C-2) capturing
seasonal variability of Sentinel-1 wave spectra (with P C-2 comparisons against WW3
spectra). And Figure C.11 shows the variance explained by the first two principal
components (P C-1 and P C-2) as a portion of the total variance.
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Figure C.1: Total number of collocations (>30) with Sentinel-1 platforms at WW3
grid locations for all combinations of incidence angles and orbital directions.
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Figure C.2: Performance statistics between modelled and observed integrated swell
spectra parameters for Sentinel-1A WV2 ascending orbit observations. nrmse and
nbias are used for wave heights and periods. bias and rmse in degrees north are
used for wave direction.
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Figure C.3:
observations.

Same as Figure C.1 but for Sentinel-1A WV2 descending orbit
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Figure C.4:
observations.

Same as Figure C.1 but for Sentinel-1B WV1 ascending orbit
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Figure C.5:
observations.

Same as Figure C.1 but for Sentinel-1B WV1 descending orbit
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Figure C.6: Difference in statistical parameters (r, (n)bias and (n)rmse between
model and observations) between WV1 and WV2 observations. The top panel
shows the difference in correlation values, computed as the correlation for the WV1
observations minus the correlation for WV2 observations. Thus, a positive value
(red in the figure) represents a better correlation for WV1 measurements. Likewise,
the middle row shows the (n)rmse difference between WV2 and WV1: A positive
difference indicates a lower (n)rmse for WV1 measurements, and therefore a better
agreement between model and observations. The bottom row shows the difference
in the absolute value of (n)bias: Again, a positive (red) value indicates a better
agreement with WV1 observations. Conversely, a negative value (blue in any of the
panels of the figure) indicates that WV2 observations are in better agreement with
the model. At each model grid point, the number of observations corresponding to
WV1 does not surpass that of WV2 observations by 50%, and vice versa.

138

Figure C.7:
Difference in statistical parameters (r, (n)bias and (n)rmse
between model and observations) between ascending and descending satellite orbit
observations. Similarly to Figure C.6, a positive value (red in this figure) indicates
that the ascending pass measurements are in better agreement with the model
(higher correlation, lower (n)rmse and (n)bias), and a negative value (blue) means
that the descending pass measurements are in better agreement with the model.
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Figure C.8: Sample WW3 spectrum for 2018-07-01T07:00:00Z at (170W; 60S).
The effective significant wave height was computed using the azimuthal cut-off of
the Sentinel-1B observation of 2018-07-01T06:36:08Z at (169.45612W; 60.102283S).
The original azimuthal cut-off is shown with a black line. The turquoise (blue) line
represents the azimuthal cut-off contracted two (one) frequency slots. The orange
(red) line represents the azimuthal cut-off expanded one (two) frequency slots. The
different values of Hsef f are shown for each azimuthal cut-off.

Figure C.9: Second Empirical Orthogonal Function (EOF -2) patterns of monthly
averaged directional wave spectra from Sentinel-1 observations (both platforms and
regardless of incidence angle or orbit direction). EOF -2 patterns separated every
5 in latitude and longitude. All Sentinel-1 observations (without any directional
ambiguity) within 200km of each grid point were used to compute the EOF s.
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Figure C.10: Second Principal Component time series (P C-2) of monthly averaged
directional wave spectra from Sentinel-1 observations (both platforms and regardless
of incidence angle or orbit direction). The seasonal variability of directional wave
spectra can be reconstructed from a few EOF s following equation 1 in Chapter 5.
The blue line corresponds to the P C-2 of the Sentinel-1 observations and the red
line corresponds to the P C-2 time series calculated from collocated WAVEWATCH
III spectra at the CAWCR hindcast 10 grid.

Figure C.11: Variance explained by the first two EOF s of Sentinel-1 observations.
Variance explained by EOF -1 (blue), EOF -2 (red) and the remaining EOF s
(black).
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Appendix D
SUPPORTING INFORMATION FOR
CHAPTER 6

D.1

Introduction

This section provides the definition of effective significant wave height (Hsef f ), mean
ef f
f
) and peak direction (ef
period (Tm0,−1
p ) used throughout the manuscript. In addition,
Figures D.1 and D.2 present the time-averaged current speed from BRAN and the
time-averaged co-located SAR spectra from Sentinel-1B, respectively. These are intended
to aid in the understanding of the mean wave climate and the main ocean circulation
features in the study region. Figure D.3 presents the energy fraction of WW3 spectra
after filtering the high-frequency part of the spectra that SAR does not measure; this is
used for the computation of co-locations. Finally, Figure D.4 shows the mean differences
ef f
f
and ef
in wave parameters (Hsef f , Tm0,−1
p ) between the WW3 simulations with and
without currents, which help to interpret the improvements in wave simulations due to
the inclusion of current forcing.

D.2

Definition of wave parameters from SAR

SAR measures the directional/wavenumber spectra. Assuming deep-water waves, a
conversion to directional/frequency spectra was carried out, following Holthuijsen (n.d.).
In addition, there is a limit to the wavenumbers (or frequencies) SAR is able to measure
(e.g., it cannot measure waves with very short wavelengths/very high frequencies). This
determines a “cut-off” limit, which depends on the azimuth (see Figure 6.1.b). The
computation of wave spectral moments through an integration of the spectrum over the
frequencies and directions that SAR measures determines the “effective” wave
parameters:
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fmax
Z (θ)Z2π

f
mef
0

=

E(f, θ)dθdf

(D.1)

f −1 E(f, θ)dθdf

(D.2)

fmin (θ) 0

f
mef
−1

fmax
Z (θ)Z2π

=
fmin (θ) 0

ef f

a

Z2π

=

cos(θ)E(fp , θ)dθ

(D.3)

sin(θ)E(fp , θ)dθ

(D.4)

0

bef f =

Z2π
0

q

f
Hsef f = 4 mef
0
ef f
Tm0,−1

=

f
mef
−1
f
mef
0

θpef f = atan(

bef f
)
aef f

(D.5)
(D.6)
(D.7)

where fp is the peak frequency, i.e., the frequency associated with the maximum
energy level in the (1D) spectrum.

Figure D.1: Time-averaged surface current (2.5 m) speed from the Bluelink
reanalysis. Streamlines of current velocities are given in black lines to show the
direction of the flow.
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Figure D.2: Time-averaged co-located Sentinel-1B directional wave spectra at each
WW3 spectral output location. Only data without directional ambiguity were
selected to generate this figure. Spectra show the frequencies in the radial axis
(lower frequencies in the center, higher frequencies in the outer part) and direction
in the azimuth. The colour range is the same for all locations, and it is shown for one
of them as a reference. Similar results are obtained with Sentinel-1A observations.
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Figure D.3: Energy fraction remaining in the WW3 spectra after removing the
energy in the higher-frequency part of the spectrum (that SAR does not measure).
Results from the WW3 simulation without currents are shown here.
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Figure D.4: a) Differences in Hsef f between the WW3 simulations with and without
currents, computed as the value in the current forced simulation minus that in the
simulation without currents. This way, a negative difference indicates a reduction
ef f
of the wave height when including currents. b) Same as a), but for Tm0,−1
. c)
ef f
Analogous to a), but for p . Here, for example, a positive difference means that the
wave directions in the simulation with currents are on average more clockwise than
in the simulation without currents.
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Dodet, G., Mélet, A., Ardhuin, F., Bertin, X., Idier, D., & Almar, R. (2019). The
contribution of wind-generated waves to coastal sea-level changes. Surveys in
Geophysics, 40 (6), 1563–1601.
148

Durrant, T., Hemer, M., Trenham, C., & Greensdale, D. (2013a). Cawcr wave
hindcast extension jan 2011–may 2013. v4. data collection. CSIRO.
https://doi. org/10.4225/08/52817E2858340.
Durrant, T., Hemer, M., Trenham, C., & Greenslade, D. (2013b). Cawcr wave
hindcast 1979-2010. v7. Centre for Australian Weather and Climate
Research (Commonwealth Scientific and Industrial Organisation and
Bureau of Meteorology) https://doi. org/10.4225/08/523168703DCC5. Data
Collection.
Durrant, T., Greenslade, D., Hemer, M., & Trenham, C. (2014). A global wave
hindcast focussed on the central and south pacific (Vol. 40). Citeseer.
Dysthe, K. B. (2001). Refraction of gravity waves by weak current gradients. Journal
of Fluid Mechanics, 442, 157.
Earle, M., Steele, K., & Wang, D. (1999). Use of advanced directional wave spectra
analysis methods. Ocean engineering, 26 (12), 1421–1434.
Echevarria, E., Hemer, M., & Holbrook, N. (2019). Seasonal variability of the global
spectral wind wave climate. Journal of Geophysical Research: Oceans, 124 (4),
2924–2939.
Fan, Y., Lin, S.-J., Griffies, S. M., & Hemer, M. A. (2014). Simulated global swell
and wind-sea climate and their responses to anthropogenic climate change at
the end of the twenty-first century. Journal of Climate, 27 (10), 3516–3536.
Fan, Y., Lin, S.-J., Held, I. M., Yu, Z., & Tolman, H. L. (2012). Global ocean surface
wave simulation using a coupled atmosphere–wave model. Journal of Climate,
25 (18), 6233–6252.
Fischler, M. A., & Bolles, R. C. (1981). Random sample consensus: A paradigm for
model fitting with applications to image analysis and automated cartography.
Communications of the ACM, 24 (6), 381–395.
Gallet, B., & Young, W. R. (2014). Refraction of swell by surface currents. Journal
of marine research, 72 (2), 105–126.
Gallop, S. L., Young, I. R., Ranasinghe, R., Durrant, T. H., & Haigh, I. D. (2014).
The large-scale influence of the great barrier reef matrix on wave attenuation.
Coral Reefs, 33 (4), 1167–1178.
Goodwin, I. D. (2005). A mid-shelf, mean wave direction climatology for
southeastern australia, and its relationship to the el niño—southern
oscillation since 1878 ad. International Journal of Climatology: A Journal
of the Royal Meteorological Society, 25 (13), 1715–1729.
Gulev, S. K., & Grigorieva, V. (2006). Variability of the winter wind waves and swell
in the north atlantic and north pacific as revealed by the voluntary observing
ship data. Journal of Climate, 19 (21), 5667–5685.
Harley, M. D., Turner, I. L., Kinsela, M. A., Middleton, J. H., Mumford, P. J.,
Splinter, K. D., Phillips, M. S., Simmons, J. A., Hanslow, D. J., & Short,
A. D. (2017). Extreme coastal erosion enhanced by anomalous extratropical
storm wave direction. Scientific reports, 7 (1), 1–9.
Harley, M. D., Turner, I. L., Short, A. D., & Ranasinghe, R. (2010). Interannual
variability and controls of the sydney wave climate. International Journal of
Climatology, 30 (9), 1322–1335.
Hasselmann, K., Chapron, B., Aouf, L., Ardhuin, F., Collard, F., Engen, G.,
Hasselmann, S., Heimbach, P., Janssen, P., Johnsen, H., Et al. (2012). The
ers sar wave mode–a breakthrough in global ocean wave observations. ESA.
149

Hasselmann, K., Barnett, T. P., Bouws, E., Carlson, H., Cartwright, D. E., Enke,
K., Ewing, J., Gienapp, H., Hasselmann, D., Kruseman, P., Et al. (1973).
Measurements of wind-wave growth and swell decay during the joint north
sea wave project (jonswap). Ergänzungsheft 8-12.
Hasselmann, S., Hasselmann, K., Allender, J., & Barnett, T. (1985). Computations
and parameterizations of the nonlinear energy transfer in a gravity-wave
specturm. part ii: Parameterizations of the nonlinear energy transfer for
application in wave models. Journal of Physical Oceanography, 15 (11),
1378–1391.
Hegermiller, C., Antolinez, J. A., Rueda, A., Camus, P., Perez, J., Erikson, L. H.,
Barnard, P. L., & Mendez, F. J. (2017). A multimodal wave spectrum–based
approach for statistical downscaling of local wave climate. Journal of Physical
Oceanography, 47 (2), 375–386.
Hemer, M. A. (2010). Historical trends in southern ocean storminess: Long-term
variability of extreme wave heights at cape sorell, tasmania. Geophysical
Research Letters, 37 (18).
Hemer, M. A., Fan, Y., Mori, N., Semedo, A., & Wang, X. L. (2013). Projected
changes in wave climate from a multi-model ensemble. Nature climate change,
3 (5), 471–476.
Hemer, M. A., Zieger, S., Durrant, T., O’Grady, J., Hoeke, R. K., McInnes, K. L.,
& Rosebrock, U. (2017). A revised assessment of australia’s national wave
energy resource. Renewable Energy, 114, 85–107.
Henry, D. (2019). Stokes drift in equatorial water waves, and wave–current
interactions. Deep Sea Research Part II: Topical Studies in Oceanography,
160, 41–47.
Hoeke, R. K., McInnes, K. L., Kruger, J. C., McNaught, R. J., Hunter, J. R., &
Smithers, S. G. (2013). Widespread inundation of pacific islands triggered by
distant-source wind-waves. Global and Planetary Change, 108, 128–138.
Holt, B. (2004). Sar imaging of the ocean surface. Synthetic aperture radar marine
user’s manual, (25-80).
Holthuijsen, L. (n.d.). H. 2007. waves in oceanic and coastal waters. Cambridge
University Press., Cambridge.
Irvine, D., & Tilley, D. (1988). Ocean wave directional spectra and wave-current
interaction in the agulhas from the shuttle imaging radar-b synthetic aperture
radar. Journal of Geophysical Research: Oceans, 93 (C12), 15389–15401.
Izaguirre, C., Méndez, F. J., Menéndez, M., & Losada, I. J. (2011). Global extreme
wave height variability based on satellite data. Geophysical Research Letters,
38 (10).
Jammalamadaka, S. R., & Sengupta, A. (2001). Topics in circular statistics (Vol. 5).
world scientific.
Janssen, P. A. (2008). Progress in ocean wave forecasting. Journal of Computational
Physics, 227 (7), 3572–3594.
Janssen, P. A. (1991). Quasi-linear theory of wind-wave generation applied to wave
forecasting. Journal of physical oceanography, 21 (11), 1631–1642.
Jiang, H., Babanin, A. V., & Chen, G. (2016). Event-based validation of swell arrival
time. Journal of Physical Oceanography, 46 (12), 3563–3569.
Jones, B. (2000). A numerical study of wave refraction in shallow tidal waters.
Estuarine, Coastal and Shelf Science, 51 (3), 331–347.
150

Katsafados, P., Papadopoulos, A., Korres, G., & Varlas, G. (2016). A fully coupled
atmosphere–ocean wave modeling system for the mediterranean sea:
Interactions and sensitivity to the resolved scales and mechanisms.
Geoscientific Model Development, 9 (1), 161–173.
Kenyon, K. E. (1971). Wave refraction in ocean currents, In Deep sea research and
oceanographic abstracts. Elsevier.
Khan, S. S., Hemer, M., Echevarria, E., & King, E. (2020). Australian ocean
surface waves dataset from sar [Manuscript submitted for publication in
Geoscience Data Journal]. Manuscript submitted for publication in
Geoscience Data Journal.
Komar, P. D. (1971). The mechanics of sand transport on beaches. Journal of
Geophysical Research, 76 (3), 713–721.
Kumar, N., Cahl, D. L., Crosby, S. C., & Voulgaris, G. (2017). Bulk versus
spectral wave parameters: Implications on stokes drift estimates, regional
wave modeling, and hf radars applications. Journal of Physical
Oceanography, 47 (6), 1413–1431.
Laing, A. K. (2000). New zealand wave climate from satellite observations. New
Zealand Journal of Marine and Freshwater Research, 34 (4), 727–744.
Lamb, H. (1975). Our understanding of the global wind circulation and climatic
variations. Bird Study, 22 (3), 121–141.
Landsea, C. W. (1993). A climatology of intense (or major) atlantic hurricanes.
Monthly Weather Review, 121 (6), 1703–1713.
Lavrenov, I. (1998). The wave energy concentration at the agulhas current off south
africa. Natural hazards, 17 (2), 117–127.
Leckler, F., Ardhuin, F., Filipot, J.-F., & Mironov, A. (2013). Dissipation source
terms and whitecap statistics. Ocean Modelling, 70, 62–74.
Leonard, B. (1991). The ultimate conservative difference scheme applied to
unsteady one-dimensional advection. Computer methods in applied
mechanics and engineering, 88 (1), 17–74.
Leonard, B. P. (1979). A stable and accurate convective modelling procedure based
on quadratic upstream interpolation. Computer methods in applied mechanics
and engineering, 19 (1), 59–98.
Lewis, M. J., Palmer, T., Hashemi, R., Robins, P., Saulter, A., Brown, J., Lewis, H.,
& Neill, S. (2019). Wave-tide interaction modulates nearshore wave height.
Ocean Dynamics, 69 (3), 367–384.
Li, X.-M. (2016). A new insight from space into swell propagation and crossing in
the global oceans. Geophysical Research Letters, 43 (10), 5202–5209.
Limpasuvan, V., & Hartmann, D. L. (1999). Eddies and the annular modes of climate
variability. Geophysical Research Letters, 26 (20), 3133–3136.
Longuet-Higgins, M. S., & Stewart, R. (1961). The changes in amplitude of short
gravity waves on steady non-uniform currents. Journal of Fluid Mechanics,
10 (4), 529–549.
Longuet-Higgins, M. S., & Stewart, R. (1964). Radiation stresses in water waves; a
physical discussion, with applications. Deep-Sea Res, 11 (4), 529–562.
Longuet-Higgins, M. S. (1953). Mass transport in water waves. Philosophical
Transactions of the Royal Society of London. Series A, Mathematical and
Physical Sciences, 245 (903), 535–581.

151

Longuet-Higgins, M. (1987). The propagation of short surface waves on longer
gravity waves. Journal of Fluid Mechanics, 177, 293–306.
Longuet-Higgins, M., & Stewart, R. (1960). Changes in the form of short gravity
waves on long waves and tidal currents. Journal of Fluid Mechanics, 8 (4),
565–583.
Lygre, A., & Krogstad, H. E. (1986). Maximum entropy estimation of the directional
distribution in ocean wave spectra. Journal of Physical Oceanography, 16 (12),
2052–2060.
Mapstone, B. (2017). Oceans: Science and solutions for australia. CSIRO Publishing.
Marshall, A. G., Hemer, M. A., Hendon, H. H., & McInnes, K. L. (2018). Southern
annular mode impacts on global ocean surface waves. Ocean Modelling, 129,
58–74.
Marshall, A. G., Hemer, M. A., & McInnes, K. L. (2020). Australian blocking
impacts on ocean surface waves. Climate Dynamics, 54 (3), 1281–1294.
Marshall, A. G., Hendon, H. H., Durrant, T. H., & Hemer, M. A. (2015). Madden
julian oscillation impacts on global ocean surface waves. Ocean Modelling,
96, 136–147.
Marshall, G. J., & Thompson, D. W. (2016). The signatures of large-scale patterns
of atmospheric variability in antarctic surface temperatures. Journal of
Geophysical Research: Atmospheres, 121 (7), 3276–3289.
Marshall, G. J., Thompson, D. W., & van den Broeke, M. R. (2017). The signature
of southern hemisphere atmospheric circulation patterns in antarctic
precipitation. Geophysical Research Letters, 44 (22), 11–580.
Mathiesen, M. (1987). Wave refraction by a current whirl. Journal of Geophysical
Research: Oceans, 92 (C4), 3905–3912.
Mediavilla, D., & Figueroa, D. (2017). Assessment, sources and predictability of the
swell wave power arriving to chile. Renewable Energy, 114, 108–119.
Mo, K. C., & Ghil, M. (1987). Statistics and dynamics of persistent anomalies.
Journal of the Atmospheric Sciences, 44 (5), 877–902.
Mo, K. C., & Higgins, R. W. (1998). The pacific–south american modes and tropical
convection during the southern hemisphere winter. Monthly Weather Review,
126 (6), 1581–1596.
Mo, K. C., & Paegle, J. N. (2001). The pacific–south american modes and their
downstream effects. International Journal of Climatology: A Journal of the
Royal Meteorological Society, 21 (10), 1211–1229.
Morim, J., Hemer, M., Cartwright, N., Strauss, D., & Andutta, F. (2018). On the
concordance of 21st century wind-wave climate projections. Global and
planetary change, 167, 160–171.
Morim, J., Hemer, M., Wang, X. L., Cartwright, N., Trenham, C., Semedo, A.,
Young, I., Bricheno, L., Camus, P., Casas-Prat, M., Et al. (2019).
Robustness and uncertainties in global multivariate wind-wave climate
projections. Nature Climate Change, 9 (9), 711–718.
Mortlock, T. R., & Goodwin, I. D. (2015). Directional wave climate and power
variability along the southeast australian shelf. Continental Shelf Research,
98, 36–53.
Mouche, A., Wang, H., Husson, R., Guitton, G., Chapron, B., & Li, H. (2016). 2d
ocean waves spectra from space: A challenge for validation and synergetic use,

152

In Remote sensing of the oceans and inland waters: Techniques, applications,
and challenges. International Society for Optics and Photonics.
Munk, W. H., Miller, G., Snodgrass, F., & Barber, N. F. (1963). Directional
recording of swell from distant storms. Philosophical Transactions of the
Royal Society of London. Series A, Mathematical and Physical Sciences,
255 (1062), 505–584.
Munk, W., & Snodgrass, F. (1957). Measurements of southern swell at guadalupe
island. Deep Sea Research (1953), 4, 272–286.
Oke, P. R., Sakov, P., Cahill, M. L., Dunn, J. R., Fiedler, R., Griffin, D. A.,
Mansbridge, J. V., Ridgway, K. R., & Schiller, A. (2013). Towards a
dynamically balanced eddy-resolving ocean reanalysis: Bran3. Ocean
Modelling, 67, 52–70.
Oliver, E., & Holbrook, N. (2014). Extending our understanding of south pacific gyre
“spin-up”: Modeling the east australian current in a future climate. Journal
of Geophysical Research: Oceans, 119 (5), 2788–2805.
Oliver, E. C., O’Kane, T. J., & Holbrook, N. J. (2015). Projected changes to
tasman sea eddies in a future climate. Journal of Geophysical Research:
Oceans, 120 (11), 7150–7165.
Onink, V., Wichmann, D., Delandmeter, P., & van Sebille, E. (2019). The role of
ekman currents, geostrophy, and stokes drift in the accumulation of floating
microplastic. Journal of Geophysical Research: Oceans, 124 (3), 1474–1490.
Philander, S. G. H. (1983). El nino southern oscillation phenomena. Nature,
302 (5906), 295–301.
Portilla, J., Ocampo-Torres, F. J., & Monbaliu, J. (2009). Spectral partitioning
and identification of wind sea and swell. Journal of atmospheric and oceanic
technology, 26 (1), 107–122.
Portilla-Yandún, J. (2018). The global signature of ocean wave spectra. Geophysical
Research Letters, 45 (1), 267–276.
Portilla-Yandún, J., Cavaleri, L., & Van Vledder, G. P. (2015). Wave spectra
partitioning and long term statistical distribution. Ocean Modelling, 96,
148–160.
Portilla-Yandún, J., Salazar, A., & Cavaleri, L. (2016). Climate patterns derived
from ocean wave spectra. Geophysical Research Letters, 43 (22), 11–736.
Preisendorfer, R. W., & Mobley, C. D. (1988). Principal component analysis in
meteorology and oceanography. Developments in atmospheric science, 17.
Quilfen, Y., Yurovskaya, M., Chapron, B., & Ardhuin, F. (2018). Storm waves
focusing and steepening in the agulhas current: Satellite observations and
modeling. Remote sensing of Environment, 216, 561–571.
Ranasinghe, R., McLoughlin, R., Short, A., & Symonds, G. (2004). The southern
oscillation index, wave climate, and beach rotation. Marine Geology, 204 (34), 273–287.
Rapizo, H., Babanin, A., Aijaz, S., Hessner, K., Et al. (2015). Wave modulation
by tidal currents near cook strait, In Australasian coasts & ports conference
2015: 22nd australasian coastal and ocean engineering conference and the
15th australasian port and harbour conference. Engineers Australia and
IPENZ.

153

Rapizo, H., Durrant, T. H., & Babanin, A. V. (2018). An assessment of the impact of
surface currents on wave modeling in the southern ocean. Ocean Dynamics,
68 (8), 939–955.
Rapizo, H., Waseda, T., Babanin, A. V., & Toffoli, A. (2016). Laboratory
experiments on the effects of a variable current field on the spectral
geometry of water waves. Journal of Physical Oceanography, 46 (9),
2695–2717.
Rascle, N., & Ardhuin, F. (2013). A global wave parameter database for
geophysical applications. part 2: Model validation with improved source
term parameterization. Ocean Modelling, 70, 174–188.
Reguero, B., Méndez, F., & Losada, I. (2013). Variability of multivariate wave
climate in latin america and the caribbean. Global and Planetary Change,
100, 70–84.
Renault, L., Molemaker, M. J., McWilliams, J. C., Shchepetkin, A. F., Lemarié, F.,
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