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Abstract

Marine offshore structures and operations, as well as coastline defences, rely on
accurate estimates of the design sea state, defined as the maximum significant
wave height which can be expected over an N year period. To find design sea state
estimates, Extreme Value Analysis (EVA) statistical approaches are commonly
used. However, due to the paucity of data available for extreme sea states, and
the consequent challenges in modelling such phenomena, design sea state estimates
are characterized by large confidence limits, which further complicate strategies
and policies for resilient design of marine structures and operations. Furthermore,
an additional challenge is posed by a changing climate, which introduces further
uncertainties in the prediction of future design sea states.

The present work deals with the EVA statistical uncertainties of ocean surface
wind speed and significant wave height, developing and testing a novel ensemble
approach to EVA. It then applies this novel approach to estimate future changes
in extreme significant wave height by the end of the 21st Century. In this way, the
present thesis finds, for the first time, statistically significant changes in extreme
wave height in distributed regions of the ocean. Such an approach has the po-
tential to be further refined with higher resolution models and new climate model
projections, which would significantly improve global estimates both from past
and future model ensembles.

In parallel, this work finds an inconsistency in the trends of wind and wave
mean climate throughout the 20th Century from climate models and reanalyses,
questioning our confidence level as to a possible climate change signal for ocean
surface wind speed and wave height. However, the work finds general agreement
between datasets and statistical approaches, for a Southern Ocean wind speed and
wave height increase over the last part of the 20th Century, that is also projected
to further increase by the end of the 21st Century.
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Preface

This thesis is mainly composed of three research studies performed during my
PhD. Two of these have been published in the Journal of Climate, and appear in
Chapter 3 and 5 of the present thesis ( c©American Meteorological Society. Used
with permission.). A third study was published in Science Advances and appears
in Chapter 7 of the present work.

The first study (Meucci et al., 2018) ( c©American Meteorological Society. Used
with permission.), Chapter 5, was performed in collaboration with Prof. Øyvind
Breivik from the University of Bergen, and the Norwegian Meteorological Institute
in Bergen, Norway. This study was funded by the Australian Research Council
through Grants DP130100215 and DP160100738, and by the Research Council of
Norway through the project ExWaMar (Grant 256466) and supported by the Eu-
ropean Research Area for Climate Services through the ERA-4CS project WIND-
SURFER.

The second study (Meucci et al., 2020a) ( c©American Meteorological Society.
Used with permission.), Chapter 3, was developed during a visiting period in
Bergen, Norway, in collaboration with Dr Ole Johan Aarnes and Prof. Øyvind
Breivik, with the support of the Integrated Marine Observing System (IMOS)
in compiling and archiving the altimeter dataset, the EU programme ERA4CS
through the WINDSURFER project, and the Research Council of Norway through
the ExWaMar project (Grant 256466).

For the third study (Meucci et al., 2020b), Chapter 7, I conceived the idea
under the guidance of my supervisor Kernot Prof. Ian R. Young, and performed
the model simulations and statistical analysis, receiving inputs from Dr Mark
Hemer, from the CSIRO Oceans and Atmosphere, Hobart, Australia, and Prof.
Roshanka Ranasinghe of the Department of Water Science and Engineering, IHE-
Delft, the Harbour, Coastal and Offshore Engineering, Deltares, and the Water
Engineering and Management, Faculty of Engineering Technology, University of
Twente, Enschede, The Netherlands. My colleague, and soon PhD, Ebru Kirezci
performed the global coastlines analysis of Fig. 7.18. The study was supported
by the Australian Research Council through grant DP160100738, and by the Aus-
tralian Commonwealth National Environmental Science Program Earth Systems
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and Climate Change Hub.
The rest of the thesis chapters (Chapters 1, 2, 4, 6, 8) introduce and describe

the theoretical aspects and the motivations behind the present work, and link
together the three journal articles.
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Chapter 1

Introduction

The inherent inability to precisely define how random natural processes unfold,
drives human interest in statistics. Data analysis uses statistics to make sense of
available information and derive useful insights to apply to every day life. Descrip-
tive and inferential statistics are essential tools for engineers and technicians to
understand nature randomness. Some natural processes are more complicated than
others, and in these cases an accurate assessment may be unachievable. Mathe-
matical theories explain the evolution of the main driving forces, but the complete
understanding of a process may be missing, significantly challenging human rea-
soning. This is particularly true for extreme events that are characterized by a low
level of predictability. These events affect human activities and may cause signif-
icant damage and losses of lives. Extremes are usually difficult to measure, and
the assessment of past, present and projected future events is complex. A more
intricate picture emerges if we consider meteorological-ocean (metocean) extremes.
The present thesis focuses on improving the confidence level over the prediction
of ocean surface wind speed and wave height extremes. It does so developing in-
novative ensemble EVA techniques that consider past and future climate changes.
The following sections provide an introduction to ocean surface wind and wave
extremes, the challenges in their estimation, and the pressing research questions.
It leads then to the present research thesis motivation and objective.

1.1 Ocean surface wind and wave extremes

Wind-wave climate

In the present work we are specifically interested in wind-waves, which are the
waves generated by the action of the wind over the ocean surface. Wind duration
and fetch—the length of the ocean surface over which the wind blows—influence
the generation of waves. The ocean surface dynamically interacts with the wind,
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affecting wind drag and the wave generation process (Young, 1999b).
Wind-waves play a fundamental role in the atmosphere-ocean system. They

drive currents, enhance air-sea flux exchange, impact trajectories of floating ob-
jects, and interact with human activities and operations at sea (Holthuijsen, 2007;
Veritas, 2010; Babanin et al., 2012). The global ocean wind-wave climate is char-
acterized by seasonality. The largest seasonal variations in mean wave height and
wind speed are found at high latitudes in the Northern Hemisphere (Young, 1999a).
Tropical areas have generally moderate surface wind speed and wave height, ex-
cept for isolated extreme events such as tropical cyclones, typhoons or hurricanes
(Holthuijsen et al., 2012). In contrast to the Northern Hemisphere, the Southern
Ocean has a smaller seasonal variation (summer to winter) (Young and Holland,
1996; Young, 1999a) Here, regularly occurring westerly winds blow approximately
every 2-3 days over the water surface with unlimited fetches, continuously gener-
ating large wave heights (Babanin et al., 2019).

In the Arctic and Antarctic, wind-waves and swells—waves generated from a
distant storm that propagated across the ocean—, affect the marginal ice-zones
and the evolution of ice cover, and may further exacerbate climate change impacts
on these fragile ecosystems (Overeem et al., 2011; Thomson and Rogers, 2014).
Wind-waves and swell also affect world coastlines, playing a significant role on
beach erosion and inundation levels (Goodwin et al., 2006; Slott et al., 2006; Marcos
et al., 2019).

Modelled and observed wind-wave time series enable us, with ever increasing
confidence, to robustly estimate the average sea state, comprised of wind waves
and swell. The challenge arises if we are to determine a design sea state estimate
for unusual or rare extreme events at sea.

Wind-wave extremes

Estimates of ocean extremes are characterized by a low level of confidence (Coles
et al., 2001; Caires and Sterl, 2005; Holthuijsen, 2007; Goda, 2010; Vinoth and
Young, 2011; Takbash et al., 2018). This is due to the paucity of observations
available (both length of time series and spatial resolution), and the inability of
current models to fully resolve the complexity of extreme sea states. In meteoro-
logical and ocean sciences, the statistical analyses of extremes events has become a
high priority, as the severity of extreme events may cause major damage with loss
of human lives. Consequently, there is a great need to improve the predictability
of ocean extreme events, as they are crucial for the safe design, management and
development of both coastal and offshore structures.

The statistical investigation of extremes has its origins in the early 20th cen-
tury. Scientific interest in the topic sparked in the 1950s, introducing the disci-
pline today known as Extreme Value Analysis, EVA (Coles et al., 2001). EVA
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is the dominant tool used to determine extreme estimates or the probability of
exceedance of specific design values. EVA deals with the randomness of natural
extreme events focusing on the extreme deviations from the median of the prob-
ability distribution; that is, the tail of the probability distribution of the dataset.
Due to the relatively few values generally defining the tail of the distribution (lim-
ited observed extremes) and the limited duration of observations, extrapolation
of the probability distribution to the desired probability level—one in N years
event—results in low confidence in the estimate (Holthuijsen, 2007; Goda, 2010).
Nevertheless, EVA has essential practical value for engineering applications, and
relevant social and economic importance.

EVA can be applied to either observational or model datasets. Observations
of ocean surface wind speed and wave height come from various sources, these
are in-situ and remote sensing measurements. Measuring natural extremes is a
challenging task, particularly for ocean wind and waves. Limitations in the ob-
servational datasets further complicate the analysis of extremes. Only relatively
short time series of observations are typically available to perform an EVA, and
the return period sought is in most cases larger than the length of the time series
analysed. This means that extrapolation of the probability distribution is almost
always required. Models guarantee long and homogeneous time series but have
limitations connected to parametrizations and unresolved scales (Cavaleri et al.,
2007; Cavaleri, 2009). On top of this, models are affected by the limitations of
observational datasets used to calibrate them.

A traditional EVA approach, applied to observational or modelled time se-
ries, offers just a glimpse into the complicated random processes that characterize
extreme sea states. Uncertainties dominate past climate and future prediction of
atmosphere and ocean extremes. In a changing climate, the construction and main-
tenance of marine systems, as well as the management and conservation of world
coastlines, need to rely on robust extreme value analyses, capable of supporting
resilient and sustainable structural design.

Wind-wave extremes in a changing climate

In the past few years there has been increasing interest in climate change impact
on wind-wave. Studies from an extensive dataset of satellites observations found
significant changes in the Southern Hemisphere mean surface wind speed over the
past 30 years (Young et al., 2011; Young and Ribal, 2019). Extreme events may
also be affected by climate change, but the changes associated with mean values
may not be related to the changes in the extremes; that is, the extremes may vary
differently from the average climate (Wigley, 2009; Cooley, 2009). Deriving phys-
ically meaningful wind-wave trends is complex. Current studies show no general
consensus on extreme trends over the past century, as well as for future projections
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Morim et al. (2018, 2019).
The low confidence in wind-wave EVA estimates impedes understanding of how

the magnitude and frequency of wind-wave extremes are changing from historical
realizations to future projections. Thus, there is a strong demand for robust anal-
yses of past, present and future wind-wave climate. Innovative approaches will
prove to be of paramount importance to support sustainable and resilient design
of marine structures, marine operations and coastal defences.

1.2 Research objective

The present work aims to develop a new statistical approach to estimate extreme
surface wind speed and wave height return period values in a changing climate.
It focuses on the wind speed at 10 m above sea level, and the significant wave
height. These are the values commonly used in engineering practice to define
the design sea state. Wind speed and significant wave height can be derived from
global phase-averaged atmosphere-ocean models, as well as observational datasets,
as described in Chapter 2. The objective is to increase confidence in the estimates
of the changes in extreme conditions due to climate change.

To achieve this objective, the thesis has been developed in three phases. First,
we analyse past ocean surface wind speed and wave heights extending back to
the beginning of the 20th century. We compare a global climate model with two
reanalyses, where the numerical model is calibrated with in-situ observations of the
atmosphere-ocean system. The objective is to understand if a climate signal—long-
term trend linked to climate change—can be detected from the model evolution of
the wind-wave field. Particular focus is given to a review of available observational
datasets, and how these are assimilated in the two reanalyses. The aim is to
identify possible spurious trends caused by the assimilation, over the years, of
differing numbers of observations, characterized by increased resolution.

Following this analysis of the past climate, the work develops an innovative
EVA technique, introduced by Breivik et al. (2013, 2014), to estimate wind speed
and wave height return period from medium range operational forecast datasets.
The objective is to reduce the uncertainties connected to the estimation of the 100-
year design return periods of wind speed and significant wave height, to provide
increased confidence in the design of marine systems and coastal defences around
the world. This is done using an ensemble of independent forecasts, equivalent to
a time series far larger than the ones used for traditional EVA approaches.

The third phase of the work applies this novel ensemble EVA approach to future
projections of wave climate, as derived from global wave model runs forced with
different GCM surface wind fields. The aim is to understand possible estimates of
the changes in extreme significant wave height by the end of the 21st century. We
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also compare the magnitude and frequency of extreme events between the past
few decades and the end of the 21st century. This analysis provides a basis for
estimating possible changes in wave extremes over the coming century.

The three projects composing the present thesis, have been published or sub-
mitted to scientific journals. The aim of these publications is to describe the
evolution of wind-wave extremes in a changing climate, and to further reduce the
uncertainties connected to their estimates. As a result, the present statistical ap-
proaches provide a basis for the design of safe and resilient marine structures and
operations.

1.3 Thesis outline

The thesis outlines the development of the three projects described above and
developed in collaboration with the Norwegian Meteorological Institute in Bergen
(Norway), and the Australian Commonwealth Scientific and Industrial Research
Organisation, CSIRO Hobart (Tasmania). The chapter outlines are as follows:

Chapter 2 - Wind-wave climate and extremes from model and obser-
vational datasets This chapter is an extended literature review of model and
observational datasets of ocean surface wind speed and wave height. The chapter
describes in detail the advantages and disadvantages of these products in deter-
mining past and present wind-wave climate. It raises questions as to our current
ability to reproduce and predict ocean surface wind and waves, with a particular
focus on the model datasets used throughout this PhD work.

Chapter 3 - Trends from 20th century models compared to satellite
altimeter observations This work was developed as part of a visiting period
at the Norwegian Meteorological Institute in Bergen, Norway. It analyses the
impact of assimilated observations on global atmopshere-ocean wave models. The
study describes past century trends derived from an ECMWF climate model and
two reanalyses. The climate model trend results (no assimilated observations) are
compared with the results from the two reanalyses, which assimilate observations
of ocean surface pressure and wind speed. An additional comparison with an
extended dataset of calibrated satellite altimeter ocean observations, discusses the
models’ trend statistical significance for both wind speed and wave height. Finally,
we discuss whether the climate trends found are real or spurious. This chapter is
based on the following journal publication:

• Meucci, A., Young, I. R., Aarnes, O. J., and Breivik, Ø (2020a). Compar-
ison of wind speed and wave height trends from twentieth-century models
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and satellite altimeters. Journal of Climate, 33(2):611–624. ( c©American
Meteorological Society. Used with permission.)

Chapter 4 - Wind and wave Extreme Value Analysis This chapter intro-
duces extreme statistical analysis. After considering the challenges in observing
and estimating metocean extremes, the chapter describes the state-of-the-art in
EVA and common traditional approaches used for metocean variables. We show
the limitations connected to traditional EVA approaches, and argue for the need
to consider ensemble model realizations for enhanced EVA. Also, we suggest that
the increasing number of observations, as well as increasing model resolution and
performance, will further improve statistical inference of extremes, increasing the
confidence in the estimates.

Chapter 5 - Wind and wave extremes from atmosphere and wave model
ensemble forecasts This chapter develops an innovative EVA technique, first
introduced by Breivik et al. (2013, 2014), to estimate global 100-year return period
values of ocean surface wind speed and wave height. The analysis is applied to an
ensemble of independent and identically distributed advanced lead time forecasts.
In this way, we are able to reconstruct a synthetic dataset equivalent to 750 years
of data, far longer than commonly available time series. The ensemble approach is
demonstrated to be a potential tool to apply to independent model realizations of
the atmosphere-ocean system, increasing the confidence level of extreme estimates
(Meucci et al., 2018). This chapter is based on the following journal publication:

• Meucci, A., Young, I. R., and Breivik, Ø. (2018). Wind and wave ex-
tremes from atmosphere and wave model ensembles. Journal of Climate,
31(21):8819–8842. ( c©American Meteorological Society. Used with permis-
sion.)

Chapter 6 - Future projections of wind-wave extremes This part of the
thesis discusses current state-of-the-art wind-wave climate extreme projections.
It investigates to what extent wind-wave extremes are changing as a result of
climate change. We investigate available GCM datasets and comment on their
skill in representing the wind-wave climate, as well as extremes. We further discuss
the sources of uncertainties connected to climate projections, the challenges to
estimate future extremes, and potential new techniques to reduce the effect of
these uncertainties. The aim of the chapter is to give a critical analysis of the
current level of confidence in future wind-wave climate extreme projection.
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Chapter 7 - Projected 21st Century changes in extreme wind-wave
events In this chapter we apply the ensemble technique, developed for oper-
ational forecast datasets (chapter 5), to an ensemble of global wave model runs,
forced with seven different GCM surface wind fields (Meucci et al., 2020b). The
inter-model ensemble technique is able to make use of all seven independent GCMs
extreme information available to synthesize a large dataset of independent ocean
storms, and reduce the confidence intervals associated with estimates of future
changes in wave height extremes. The wave height extremes magnitude and fre-
quency changes towards the end of 21st century are discussed for two Representa-
tive Concentration Pathway (RCP): RCP4.5 and RCP8.5. This chapter is based
on the following journal publication:

• Meucci, A., Young, I. R., Hemer, M., Kirezci, E., and Ranasinghe, R.
(2020b). Projected 21st century changes in extreme wind-wave events. Sci-
ence Advances, 6(24).

Chapter 8 - Conclusions and future research The conclusive chapter dis-
cusses the results achieved in the present thesis, and introduces work in progress,
with planned future activities to improve the statistical analysis of wind-wave ex-
tremes.





Chapter 2

Wind-wave climate and extremes
from model and observational
datasets

2.1 Introduction

Our current knowledge of sea state and our ability to predict its evolution are based
on numerical atmospheric models coupled with phase-averaged third-generation
wave models. We use the terminology phase-averaged as the sea state is repre-
sented as a linear superposition of waves with random phase (Holthuijsen, 2007),
and third-generation as they allow the evolution of the wave spectrum through the
computation of non-linear wave-wave interactions, as opposed to first and second-
generation wave models where spectral forms were imposed parametrically. These
models are calibrated with continuously increasing amounts of atmosphere-ocean
observations, that consists of large comprehensive datasets of in-situ and remote
sensing measurements.

Thanks to the increasing number and quality of modelled and observational
time series, our ability to forecast short-term average sea state has been signif-
icantly improving (Cavaleri et al., 2018). Specialized research centres and in-
ternational meteorological agencies focus on resolving the atmosphere-ocean sys-
tem through these global mathematical models, calibrated with real-time observa-
tions. Centres such as the European Centre for Medium-Range Weather Forecast-
ing (ECMWF), the American National Oceanic and Atmospheric Administration
(NOAA), the NASA Global Modelling and Assimilation Centre (GMAO), the UK
Meteorological Office (Met Office), the Australian Bureau of Meteorology (BoM)
and the Japanese Meteorological Agency (JMA), have cutting-edge research expe-
rience and technologies to run global and localized models with constantly increas-
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ing forecast ability. Today’s computational capabilities allow these global models
to represent ocean surface wind speed and wave height conditions at an hourly time
scale, with less than a 100 km horizontal resolution. Models are calibrated with
an increasing amount of observations, and thus are able to accurately represent
past and present synoptic sea states across the globe.

These products are a valuable resource to understand, predict and map past,
present, and future global ocean climate. However, the interpretation of model
results, or observational time series, is not as straightforward as one might think.
Due to their intrinsic uncertainties, and unresolved physical processes, models are
not able to accurately predict wind and wave surface fields, if not calibrated with
observations or tuned at the right parametrized values (Cavaleri et al., 2007).
Besides, observational time series are still limited in space and time to perform
accurate long-term statistical analyses.

An even more complicated picture emerges at extreme conditions, where the
observations are mostly biased (Large et al., 1995; Bender et al., 2010), and the
model abilities to reproduce extreme sea states are further reduced (Powell et al.,
2003; Cavaleri, 2009; Babanin et al., 2019). These limitations affect our ability
to estimate ocean wind speed and wave height extreme events, and to quantify
possible past and future changes connected to climate change. Here, we refer
to climate, as opposed to weather, as the long-term variations in the Earth’s
atmosphere-ocean system, and long-term statistics as the branch of statistics that
relates to extreme estimates. That is, the estimate of the exceedance probability
or return period—one in N years event—of extremes.

Wind-wave climate extreme statistics refer to long-term time windows of usu-
ally decades or longer. At this scale ocean conditions are not statistically station-
ary, and specific statistical approaches are needed to investigate ocean wind and
wave characteristics (Holthuijsen, 2007). These analyses rely on the accuracy and
homogeneity of the time series dataset used. Available observational datasets are
generally too short to confidently estimate both climate trends and extremes, thus
model reanalysis products, that run back many decades, and are calibrated with
available observations, represent a potential alternative. These models are able
to reproduce long stretches of climate, however, reanalysis time series are non-
homogeneous, as they assimilate, over their computational time period, differing
amounts of observations with a varying level of accuracy. This is a strong limi-
tation if we want to study wind and wave climate, as it might introduce spurious
trends (Bengtsson et al., 2004). Furthermore, these datasets are non-stationary,
thus impeding the use of common EVA approaches (Bengtsson et al., 2004; Aarnes
et al., 2015).

The present thesis aims to investigate long-term changes in ocean surface wind
speed and wave height, with a specific focus on extremes, critical to safe operations
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at sea, and for the stability of the world’s coastlines. The magnitude and frequency
of occurrence of future extreme events is also investigated. This chapter reviews the
current state-of-the-art of global observations and models of the atmosphere-ocean
system, highlighting their potential and limitations. These subjects are framed
within a discussion of the level of confidence in detecting climate trends, and
predicting extremes of ocean surface wind speed and wave height. To do this we
discuss and elucidate the sources of uncertainties that characterize global modelled
and observational datasets. We show why it is difficult to identify physically sound
trends in the wind-wave climate, and what are the aspects to be aware of when
performing these analyses. Furthermore, we investigate and understand the level
of confidence around extreme value statistical estimates of wind speed and wave
height, as these estimates are crucial to safe design of coastal and offshore maritime
structures and operations. This is done by investigating the sources of uncertainties
in coupled atmosphere-wave models, with special attention to issues that limit our
understanding of trends, extreme climate, and the connection between these two
aspects. The focus then shifts to observational datasets. It is noted that the two
parts are often intertwined as models are calibrated with observations.

Once all the sources of uncertainties are explained, we introduce the concept
of a probabilistic ensemble approach for Numerical Weather Prediction (NWP)
models, showing the potential of using these datasets for a novel approach to
estimate statistical extremes of ocean surface wind speed and wave height. At
the end of this review chapter, the reader should be familiar with the current
level of confidence around ocean wind and wave climate trend estimates and the
probability of exceedance of extreme events.

2.2 Towards fully coupled atmosphere-ocean-wave

models

The atmosphere-ocean system is extremely complex to understand and to model.
In their quest to further improve forecast abilities, international meteorological
centres are moving towards fully coupled operational systems. In this, the at-
mosphere model, the ocean (and ice) model, and the wave model, dynamically
interact. At the moment, the ECMWF is implementing a coupled atmosphere,
wave and ocean model (Fig. 2.1) with the plan to move to a fully coupled system
model in the future with the introduction of ice modelling associated to the ocean
model.

Fig. 2.1 shows the three coupling processes that characterize current oper-
ational forecasts at ECMWF. The objective is to model the atmosphere-ocean
system resolving the dynamical interactions between atmospheric flows and the
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Figure 2.1: Operational forecast coupled atmosphere, ocean, and wave models, as
implemented by ECMWF from June 2018 - IFS Cy45r1.

ocean, and in this way improve the forecast skill of the operational datasets. For
the purpose of this thesis, we focus on the coupling between the atmospheric and
the wave models, hereinafter atmosphere-wave models (upper-left link in Fig. 2.1).

In the following sections, we refer to different types of models. As a reference
for the reader, below we present the range of model products for ocean surface
wind speed and wave height. Global models are classified as hindcasts, reanalyses,
operational, and climate models. A hindcast is a numerical model that runs for an
historical period to reproduce the states of the atmosphere and the ocean without
assimilating any observations. A reanalysis is a hindcast that includes data assim-
ilation. Operational models are NWP models for the prediction of weather. These
models concentrate most of the efforts and capacities of meteorological centres as
they run at fine resolutions, and assimilate observations in real-time to produce
the best estimate of the initial state of the atmosphere, fundamental to improve
models’ forecast skills. Climate models simulate the evolution of Earth’s climate
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through the introduction of drivers such as radiative and convective forces. These
models are used to estimate future projections of the atmosphere and ocean and
study the effect of climate change. The most common reference are Global Cli-
mate Models (GCMs) which model the ocean and atmosphere state on a global
grid under different greenhouse gas emissions scenarios.

We study the long-term statistics of ocean wind speed and wave height from a
series of different atmosphere-wave and climate models. In each of these studies,
we describe the main characteristics and limitations of the model type or version
used, focusing on the limitations that challenge the studies for climate trends
and extreme values. Coupled atmosphere-wave models are used in Chapter 3 and
Chapter 5. For future projections we use an ensemble of different GCM projected
wind fields to force a global wave model (Chapter 7), and reduce the confidence
intervals around future projections of wave height extremes.

2.2.1 Coupled atmosphere-wave models

Today, it is common for atmosphere models to dynamically interact with third-
generation wave models. The neutral wind, gustiness and air density products of
the atmospheric model are implemented into the wave model. The wave model
feeds back to the atmosphere the modified drag coefficient based on the newly
computed ocean surface roughness (Janssen, 2004). The mathematical basis of
atmosphere-wave models are the Navier-Stokes evolution equations of a two-layer
incompressible fluid. Since the density of the air is much smaller than the density
of water, ocean waves can be described by the Navier-Stokes equation for a one
layer fluid in a gravitational field (Komen et al., 1994). The Laplace solution of
these equations describes the linear theory of ocean gravity waves.

Due to the computational impossibility of fully resolving the Navier-Stokes
equation at the global scale, and since waves are a stochastic process, the sea sur-
face is resolved by means of a wave spectrum, that evolves through space and time
(Young, 1999b; Ochi, 2005; Holthuijsen, 2007). As already mentioned above, these
are random-phase/amplitude wave models. The most common third-generation
global ocean wave models are the WAve Modeling (WAM) (WAMDI, 1988; Komen
et al., 1994) developed at the ECMWF, and the WWIII model (Tolman and Cha-
likov, 1996) at the NOAA. In these models, the evolution of the wave spectrum,
and thus the physical mechanisms of ocean wave evolution, are defined by the en-
ergy balance equation, derived from the above mentioned Navier-Stokes equations.
The energy balance equation can be represented in its most simple form in Eq.
2.1 (Young, 1999b):

∂N

∂t
+∇ · ( ~CgN) = Stot (2.1)
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The left part of the equation derives from linear theory assumptions. N is the
wave action, defined as E/ω0 where: E is the wave energy density spectrum and
ω0 is the relative angular frequency measured in a frame of reference moving with
the current (Young, 1999b); ~Cg is the group velocity vector. The right part of the
equation is a source/sink term that is defined with the assumption of linear super-
position of physical processes. This is represented as a summation of independent
processes adding or subtracting energy to the waves. The main processes of deep
water ocean wave physics are (Eq. 2.2):

Stot = Sin + Snl + Sds (2.2)

Sin is the atmospheric, or wind, input, Snl accounts for the non-linear interac-
tions between waves (Hasselmann, 1962) and Sds is the dissipation due to white
capping, or dissipation in deep water. The present thesis focuses on global statis-
tical analyses of deep water ocean conditions. In the following section, we focus
our attention on describing the uncertainties connected to the physical processes
happening in deep water conditions. Note that, global models consider interme-
diate to shallow water source terms as well, but here we limit our review to the
uncertainties in modelling deep water ocean areas.

2.3 Atmosphere-wave model sources of uncer-

tainties

The reliability of coupled atmosphere-wave models have greatly improved in the
past few years. However, many uncertainties still characterize these products at
various scales, from the global meteorological boundary conditions to the unre-
solved physical phenomena of the interaction between the atmosphere and the
ocean, a number of uncertainties affect the correct model representation of surface
wind speed and wave height. Furthermore, the observational sources, from which
measurements of the atmosphere and the oceans are assimilated into the models,
have their intrinsic uncertainties, that translate to challenges in determining the
initial conditions from where the model simulations are initialized. Thus, on the
one hand we have a limited understanding of the physical processes involved in the
wind-wave coupled climate system (Cavaleri et al., 2012), and on the other hand,
we face challenges in both in-situ and remote observations of the oceans.

2.3.1 Modelling ocean surface wind

The uncertainties in representing the atmosphere-ocean system challenge accurate
model representation of the ocean surface wind speed and wave height. The first
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cluster of uncertainties to consider are related to the atmospheric models’ ability to
correctly represent surface wind speed. Here, we refer, by international convention,
to the wind speed at 10 m above mean sea level, U10.

Atmospheric models have generally low biases for moderate wind speed (i.e.
<20 m/s). Conversely, large biases are found at high wind speeds (>25 m/s),
where the values are underestimated when compared to independent satellite and
buoys observations (Stopa and Cheung, 2014). Stopa and Cheung (2014) inves-
tigated biases in the ocean surface wind speed comparing two major reanalyses:
the National Centers for Environmental Prediction (NCEP) Climate Forecast Sys-
tem Reanalysis (CFSR) and the ECMWF European ReAnalysis Interim (ERA-I).
They found that, if we exclude very low winds, both CFSR and ERA-I under-
estimate the wind speed when compared to observations, and ERA-I shows low
variability. Also, it is clear that both datasets are affected by the changing num-
ber of observations assimilated throughout the years. Discontinuities have been
observed not only in the CFSR dataset (Chawla et al., 2013; Rascle and Ardhuin,
2013), and ERA-I (Aarnes et al., 2015), but also in 20th Century climate model
and reanalyses as shown by Wohland et al. (2019) and Meucci et al. (2020a)

A more recent comparison between modelled wind speed from the ECMWF
IFS Operational forecast - Cycle 41 round 1 (Cy41r1) coupled atmosphere-wave
model, confirms that the extremes are biased low compared to a comprehensive
set of observations in the North Sea (Pineau-Guillou et al., 2018). Cavaleri (2009)
suggests that a major part of this underestimation is related to the model reso-
lution. Large uncertainties also characterize the observations of high wind speed
(more than 30 m/s), as it is challenging to obtain accurate measurements of wind
speed at the extremes (Zeng and Brown, 1998; Howden et al., 2008; Babanin et al.,
2019). Thus, it is difficult to understand where the “truth” stands between the
model and observations.

For the purpose of the present work two issues of atmospheric model wind
speed are particularly interesting. On one side the inhomogeneity of the past
model climate is an issue due to different amounts of observations assimilated into
the reanalyses throughout the years, with increasing quality. On the other side,
the challenges in reproducing the extreme events, where models and observations
usually underestimate the true values is also of importance.

Also, the representation of wind in the atmospheric model has a direct impact
on wave model performance, as wave forecasts with lowest errors in the wind
speed are also the ones with lowest errors in the wave height (Bidlot et al., 2002).
However, the errors in the atmospheric wind values are not sufficient to explain
the biases found in modelled wave height (Cavaleri et al., 2007; Cavaleri, 2009).
Wave model inaccuracies in surface stress formulation and parametrization play
a critical role. In the following sections, we describe the wave model sources of
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uncertainties in the representation of wave height.

2.3.2 Modelling the waves

Recent comprehensive reviews of the state-of-the-art of wave modelling by Cavaleri
et al. (2007, 2018) identified the main sources of uncertainties in wave models. As
the present thesis is focused on the climate and long-term statistics of deep water
wind speed and wave height (deep water is where the ratio of the water depth to
the wavelength of more than 0.5 (Young, 1999b)), we describe only the sources of
uncertainties related to modelling waves in these areas. It is well known that wave
models perform better in deep waters than in coastal areas or enclosed basins, as
also shown in Fig. 2.5 of the Cavaleri et al. (2018) review. Globally, the scatter
index is around 10% for deep waters, and more than 20% for coastal areas and
enclosed basins when compared to observations (Cavaleri et al., 2018).

However, if we are to perform long-term statistical analyses of ocean surface
wind speed and wave height, additional limitations and uncertainties also emerge
in deep water conditions. The objective of the following sections is to explore
the main causes for these limitations, and how these motivate the approaches
followed in the present thesis. It should be noted that, the uncertainties and
caveats described do not take anything away from the incredible progress that has
been made in wave modelling, making wave models unquestionably critical tools
for practical applications, and to improve our understanding of the atmosphere-
ocean system.

Physical processes

The main physical processes of wave evolution are represented or parametrized by
the three source terms in Eq. 2.2, right side of Eq. 2.1. The first term Sin describes
the air-sea interaction processes. The Cavaleri et al. (2007) review outlines several
steps forward which have been made to reduce errors at strong winds over the
water surface, especially with the introduction of the gustiness effect. However,
the momentum transfer at high wind speed is still not well understood (Powell
et al., 2003; Cavaleri et al., 2007), and models are tuned for the bulk of wind data
observations following Miles (1957) theory, which is probably not accurate under
extreme conditions. Phenomena such as sea spray affect the wind drag over the
ocean, but it is still not clear to what extent sea spray impacts the action of wind
over the sea (Powell et al., 2003; Makin, 2005; Richter and Sullivan, 2013). It may
have quite a large impact on the representation of the sea state during storms such
as Tropical Cyclones (Holthuijsen et al., 2012). Further uncertainties are added by
sudden changes in wind direction, which affect the waves. This process is still not



Chapter 2. Wind-wave climate and extremes from model and observational
datasets 18

well understood and thus not properly represented by the models (Van Vledder
and Holthuijsen, 1993; Cavaleri et al., 2007).

A second class of uncertainties concerns the representation of the four-wave
non-linear interactions, Snl, theorized by Hasselmann (1962) and confirmed exper-
imentally by the Joint North Sea Wave Project (JONSWAP) (Hasselmann et al.,
1973). According to Cavaleri et al. (2007), the four-wave non-linear interaction
term is possibly the process that is formally best defined by current wave models.
However, solving the energy density integral of the Hasselmann (1962) equation is
time-consuming. Thus, to facilitate operational models a Discrete Interaction Ap-
proximation (DIA) was introduced by Hasselmann et al. (1985). The DIA comes
with some shortcomings, such as in the case of shallow water conditions, and in its
ability to model directional spreading, thus reducing the confidence of the model
results in coastal areas. Furthermore, the role of the four-wave interaction mech-
anism is still not well known for cases such as turning winds, or mixed wind-sea
and swell.

The third class of uncertainties concerns the wave energy dissipation in deep
water, parametrized by the spectral dissipation term, Sds. This is an area of
research that has been extensively explored in the past few years, as it is also the
least understood of the ocean wave processes (Cavaleri et al., 2007). Research
studies have been recently published from observational experiments that lead to
novel approaches to the Sds source term parametrization (Young and Babanin,
2006; Babanin et al., 2010; Ardhuin et al., 2010; Zieger et al., 2015). These studies
have been incorporated into new versions of global wave models (Tolman et al.,
2013). Despite these advances, the prediction of swell height and arrival time are
still today characterized by uncertainties, which is believed to be an indication of
our lack of understanding of dissipation.

Numerical uncertainties

Global wave models use finite-difference schemes to solve the differential equation
of the wave balance (Eq. 2.1) over a grid. The numerical uncertainties connected
with such schemes have been studied for decades, and their impact on today’s
model versions mainly involves the propagation of swell (Cavaleri et al., 2007).
Increasing spectral resolution (frequency and direction) reduces the numerical er-
ror, but global models have computational constraints due to the need to resolve
large domains. For the purpose of this thesis (climate trends and EVA) the sources
of uncertainties deriving from the numerical scheme are not significant compared
to other sources of error.
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Model resolution

The model resolution is an important aspect to consider if we are to analyse long-
term climate and extreme statistics from model time series. Firstly, a coarse global
model resolution might result in some small island groups not being represented.
In this case, the spectral energy that should be dissipated/reflected by these is-
lands is not resolved, as well as the effect on the wind speed. This will potentially
result in errors in the representation of the wave height and surface wind speed,
such as in the case of the Hawaiian archipelago for horizontal resolutions of 1◦ or
more (Meucci et al., 2018). This is an issue to take into account when comparing
the model climate, with in-situ and remote sensing observations. The case of the
Hawaiian islands will be shown in Chapter 5, where a comparison of the opera-
tional forecast time series, with a National Data Buoys Center (USA) (NDBC)
buoy shows a strong normalized difference in the extreme value estimates of the
10-m surface wind speed. Indeed, the model resolution is especially critical for a
correct representation of the extremes (Cavaleri and Bertotti, 2006; Cavaleri, 2009;
Timmermans et al., 2017). Cavaleri and Bertotti (2006) compared the results from
the same meteorological model wind forcing at different resolutions and showed
that the maximum values of both wave height and wind speed increase with the
model resolution. In addition, the highest peaks are probably also underestimated
due to incorrect model physics (Cavaleri and Bertotti, 2006). Timmermans et al.
(2017) demonstrated how the difference in wind forcing resolution impacts global
wave model results, especially in Tropical Cyclone areas. In that study, an in-
crease of horizontal resolution from 1.0◦ to 0.25◦ significantly improved the level
of accuracy of the wave model. Model resolution has also been shown to be critical
for future projections of the extremes (Shimura et al., 2015, 2017).

2.3.3 Modelling extreme sea states

In this section, we focus on model and observational sources of uncertainties that
affect the estimation of extreme values at sea. The statistical aspects of this topic
are described in detail in Chapter 4, which introduces the last two elements of the
present thesis on EVA of ocean surface wind speed and wave height.

Cavaleri (2009) treats the main aspects and uncertainties related to modelling
extreme ocean waves. Firstly, the physics of the extremes are not well understood.
Research has only recently started to consider the effect of sea spray and the
separation of flows in extreme sea states, i.e. more than 30 m/s wind speed. The
physics of extreme sea states might be significantly different from that found in
more benign conditions and implemented in models.

Models tend to tune their input forcing parametrization to the bulk of the data
based on Miles (1957) mechanism (Ardhuin et al., 2010), which works quite well
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for wind speed below 20 m/s, but has never been demonstrated to work at high
wind speeds. It is important to note that the wind input source term has a large
impact on the wave field (Young, 1999b).

Furthermore, models do not resolve currents well in some areas of the ocean.
This causes errors in estimating energy concentrated in these areas, potentially
impacting the ability to properly model the peaks (Babanin et al., 2017; Romero
et al., 2017).

It is helpful to compare model extreme estimates with observational time series,
but in many cases, both in-situ and remote sensing observations are questionable
at high values of wind speed and wave height, due to challenges connected to the
measurement techniques used. This issue is explored further in the introduction
of Chapter 5 as a preamble and motivation to the EVA approach developed.

It has been demonstrated by numerous studies (Bidlot et al., 2002; Caires and
Sterl, 2005; Cavaleri, 2009; Caires, 2011) that wave models tend to underestimate
the peaks, and this is not only due to biases in the wind speed fields as shown by
Pineau-Guillou et al. (2018), but also due to the other aspects discussed in this
section.

A particular issue is predictions for Tropical Cyclones. These are localized
extreme events, particularly challenging to measure and model, but that have sig-
nificant importance for safety at sea and on the coasts. We dedicate the following
subsection to this topic.

Tropical Cyclones

Intense Tropical Cyclones (TC), also called hurricanes, or in Asia typhoons, are
some of the deadliest natural disasters and their increasing frequency has been
argued by many (Emanuel, 2005; Landsea et al., 2006; Elsner et al., 2008; Bender
et al., 2010). These phenomena have been studied for years and measurements
are available from GPS drop sondes (Powell et al., 2003), airplane remote sensing,
buoys, platforms, Synthetic Aperture Radar (SAR) and Scanning Radar Altime-
ter (SRA) data (Ochi, 2003). However, TC extremes are still not easily predicted.
From a recent review by Young (2017) it is clear that even after 30 years of ob-
servations, we still lack a complete understanding of the physics of TCs. Many
variables affect the evolution and occurrence of these extreme events. To describe
TC track and intensity four variables are usually considered: p0, pressure at the
centre of the cyclone, the track of the cyclone, Vfm, the velocity of the forward
movement, and R, the cyclone’s radius. A Monte Carlo simulation is commonly
used to obtain the initial probability distribution of these variables, to then model
the TC evolution in terms of track and intensity. In many engineering applica-
tions, the parametric model of Young (1988) is used to determine the equivalent
fetch of a TC and from it, by means of the JONSWAP relationship, the maximum
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wave heights, and furthermore the directional spectra (Young, 2006). Recently
third-generation wave models have also been tested to simulate TCs, but the main
uncertainties are still related to the correct estimation of the wind field forcing
conditions (Liu et al., 2017). However, at the current resolution, global models
cannot reproduce localized extreme events such as the Tropical Cyclones. The
need for increased resolution of TC wind fields that force wave models is empha-
sized also in the work of Timmermans et al. (2017). In addition, Shimura et al.
(2015) found that the ability of global climate models to accurately simulate TCs
is of crucial importance for future projections of extreme ocean waves.

TC formation and evolution is connected to global atmosphere-ocean states.
As pointed out by Breivik et al. (2014), the operational global model at ECMWF,
produces forecasts that usually perform well for extra-tropical areas but do not
correctly reproduce TCs. This is due to model resolution, and uncertainties in
initial conditions and model error propagation. The impact of the perturbation
methods, used for simulating initial conditions and ensemble predictions, on TCs,
have been investigated by Puri et al. (2001) and Lang et al. (2012). However, these
studies refer to previous operational forecast models that had slightly different
perturbation schemes and a coarser resolution. After the release, in March 2016, of
the new ECMWF IFS model cycle, data are now globally available at a horizontal
resolution of 9km for the HRES (High RESolution) model. Studies are needed to
understand if this resolution is sufficient to correctly reproduce TC wind and wave
fields.

2.4 Model assimilation of observations

Data assimilation techniques are used to integrate dynamical models with measure-
ments of the atmosphere-ocean system. A Four-Dimensional Variational scheme
(4D-Var) (Rabier et al., 1998) is used at ECMWF to assimilate measurements
of the atmosphere-ocean system over an assimilation window. It was introduced
more than 20 years ago in operational models, and today it is still considered as
the best cost-effective data assimilation technique to estimate initial conditions of
the atmosphere-ocean system and initialize operational forecasts and reanalyses.
An Ensemble Data Assimilation (EDA) approach was added in 2010 to the IFS at
ECMWF (Isaksen et al., 2010), to estimate the uncertainty around the initial con-
ditions on which the global model is initialized. In this approach, ten independent
lower-resolution 4D-Var assimilations are run with slightly perturbed observations,
to estimate the uncertainties for the initial state of the atmosphere-ocean system.
As Lorenz (1963) first indicated, slightly perturbed initial conditions might evolve
into completely different meteorological systems and preclude a correct analysis of
the atmosphere-ocean system. Thus, data assimilation techniques constantly cor-
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rect and guide models towards the best estimate of the Earth’s weather conditions,
as measured by different real-time observations.

Data assimilation is fundamental to reduce the error and scatter index of model
results, improving the synoptic estimates of ocean surface wind speed and wave
height (Saha et al., 2010; Dee et al., 2011). However, it comes with great com-
putational costs and some drawbacks. As already mentioned, over time (years)
reanalyses have assimilated a different number of observations, characterized by an
increasing level of accuracy, which translate into inhomogeneities in the datasets
that may affect the estimates of long-term climate variations (Bengtsson et al.,
2004; Weisse, 2010; Wohland et al., 2019). This is a critical aspect to consider if
we are to compute long-term climate variations of physical parameters. Chapter
3 shows how contrasting trends are found between climate models and reanaly-
ses. This mainly occurs because reanalyses assimilate observation whereas climate
models don’t.

Atmosphere-wave models rely on satellite measurements, which are increasingly
denser both in space and time. Thus, buoy measurements are important to check
the reliability of the models, as these are not assimilated, hence, independent
datasets. Data assimilation has little impact at the extremes where the intrinsic
challenges of measuring extreme wind and waves, hinder a proper calibration of the
models, even with the best ensemble uncertainty estimates of the initial conditions.

2.5 Ocean observation uncertainties

The above discussion indicates that, to accurately represent the atmosphere-ocean
system, numerical models need to be combined with real-time observations. This
is critical for a detailed knowledge of synoptic systems and their short-term fore-
casts, as well as long-term variation of the climate with important repercussions
for human activities and global economies. This is why international associations
such as the Joint technical Commission for Oceanography and Marine Meteo-
rology (JCOMM), under the World Meteorological Organization Intergovernmen-
tal Oceanographic Commission (WMO-IOC), coordinate oceanographic and ma-
rine meteorological observations with data management and services, to produce
observational time series for the validation of operational forecasts. The Inter-
national Comprehensive Ocean-Atmosphere Data Set (ICOADS) is the largest
dataset of collected observations from ships, platforms, and buoys around the
globe. This dataset, in its latest release (Freeman et al., 2017), contains measure-
ments that date back to the 17th Century, and have been incorporated in the latest
atmosphere-ocean coupled models, further improving their quality (Freeman et al.,
2017). Of particular interest to this project are the derived products of this dataset
such as the wind speed and the wave height (Gulev and Grigorieva, 2004, 2006), as
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this has a direct impact on the long-term analyses performed in the present work,
being used in many of the models that we investigate. Specific attention has to
be paid to the version of the ICOADS dataset that is incorporated in the models
that we analyse, as, for instance, long-term characteristics of wind speed has been
modified after the work of Tokinaga and Xie (2011).

The Australian Integrated Marine Observing System (IMOS) also collects ob-
servations of the ocean surface. It now archives a 33 year dataset of calibrated sur-
face wind speed and wave height observations from 13 satellite altimeter missions
(Zieger et al., 2009; Ribal and Young, 2019). This unique observational dataset has
been used to study the wind-wave climate of the global ocean, showing increasing
trends in the wind speed, and varying distribution of the wave height (Young et al.,
2011; Young and Ribal, 2019).

Significant work has been undertaken to collect an impressive amount of in-
situ and remote-sensing observations, which now represent an invaluable resource
to enhance the quality of global models. However, even though in the past few
decades, there has been a significant improvement in the number and quality of
ocean observations, we still need improvement and further investments in observa-
tional techniques and coverage (Ardhuin et al., 2019). This would help understand
unresolved physical processes and better calibrate models (Ardhuin et al., 2019;
Kent et al., 2019). This is particularly true for extremes and poorly observed areas
such as the Southern Ocean (Babanin et al., 2019).

There is also a significant bias between buoys and platforms at high wind
speeds. Buoy winds are lower than platform winds, by about 3m/s at 25m/s
(Pineau-Guillou et al., 2018). This could be due to the transformation of wind
measurements to 10 m above sea level. However, there are also questions about
whether buoys underestimate high wind speeds as they are affected by the wave
motion or by sheltering effects (Zeng and Brown, 1998; Pineau-Guillou et al., 2018).

Furthermore, buoy measurements are limited in spatial distribution and thus
cover only a small part of the ocean, with the longest time series of ocean wind
speed and wave height being measured by NDBC buoys with a maximum time
span of 30 years, and mostly located around the North American continent.

In contrast, satellite measurements cover the majority of the global oceans but
are limited by their over-pass times, and limited cross-track resolution, and thus
may miss storms. This is particularly important if we want to estimate extreme
values (Takbash et al., 2018), and might result in underestimated extreme value
return periods. Satellite measurements are also an important dataset for climate
trend studies, but special care is needed for the poorly observed initial period
before 1991.

Thus, to understand the results of a long-term analysis of ocean surface wind
speed and wave height we must consider all of the above aspects of the observa-
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tional datasets. These can be considered as additional sources of uncertainties,
that in the case of assimilation in a global model, interact with the model sources
of uncertainties. Hence, it is not trivial to understand how these sources of uncer-
tainties interact in global models. This creates an intricate network of uncertainties
that challenges common statistical approaches (Coles et al., 2001).

As a result of these complexities, ensemble probabilistic approaches represent
a reasonable way forward (Saetra and Bidlot, 2004; Breivik et al., 2014; Meucci
et al., 2018). The following section introduces such ensemble techniques, from
their theoretical basis to application in operational forecast models, and finally to
the potential they have for ocean wind and wave statistical analyses. Ensemble
approaches are the linking concept throughout this thesis. This concept is growing
in importance as recent reference studies suggest the use of these tools is funda-
mental to understanding the various sources of uncertainties around estimates of
ocean wind speed and wave height (Morim et al., 2019).

2.6 The ensemble probabilistic approach

As stated by Cavaleri (2009) “[...] we do not have enough data at our disposal
to have a continuous deterministic picture of the oceans. It seems that, at least
for certain aspects, we will have to live more and more in a probabilistic world.”.
This point is particularly interesting for the future development of wave modelling
research. The ensemble probabilistic approach is indeed the baseline approach of
this PhD thesis. It was first introduced in the field of meteorological forecasting
to improve predictability, the guiding light of the many efforts of international
forecasters to avoid dangerous and costly errors in forecasts (Lewis, 2005).

Predictability means the estimation of uncertainty (Palmer and Hagedorn,
2006). Weather and climate, and thus ocean wind and waves, are, by their na-
ture, characterized by uncertainty. Such hydro-dynamically complex systems can
develop significantly different states from slightly different initial conditions, as
explained by Lorenz (1963) in his well-known chaos theory. We deal with uncer-
tainties not only in determining future states of the atmosphere but also in defining
the current analysis time states (Epstein, 1969), i.e initial conditions of the models.
Thus as a response to these intrinsic uncertainties, probabilistic approaches and
Ensemble Forecasts are now commonly used in weather predictions, as explained
in the historical review of Lewis (2005). In addition, these approaches are also used
in hindcast (see ERA-20CM (Hersbach et al., 2015a)) and reanalysis models, with
the CERA-20C (Laloyaux et al., 2018) and the latest ECMWF global reanalysis
ERA5 being typical examples.

In the past few decades numerous approaches have been implemented at the
ECMWF for the development, maintenance and constant upgrade of Atmosphere-
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Ocean coupled model Ensemble Prediction Systems (Ensemble (ENS)) at the
global scale (Molteni et al., 1996). These models face challenges posed by comput-
ing capacity; hence many efforts today are focused on models capable of producing
forecasts in the most efficient ways. The current ECMWF Integrated Forecast-
ing System (IFS) is based on a 4-D Variational assimilation scheme to estimate
the higher resolution forecast members combined with an ensemble data assimi-
lation procedure to find ensemble members initial conditions (Rabier et al., 1998;
Isaksen et al., 2010). Once the initial states are found, a Singular Vector scheme
propagates the errors of the ensemble members over a 10-15 day medium-range
forecast (Buizza and Palmer, 1995). A Variable Resolution approach has recently
been integrated in the ECMWF Operational datasets to efficiently use computing
power and provide more accurate short-range forecasts (Buizza et al., 2007). Even
though these models are characterized by initial condition errors, and errors arising
from the model representation of the Atmosphere-Ocean system, they have demon-
strated the potential benefits for decision making processes with a more reliable
and cost-effective strategy than deterministic forecasts (Saetra and Bidlot, 2004;
Leutbecher and Palmer, 2008). In this thesis we exploit the potential of ensem-
ble datasets to develop novel statistical approaches that reduce the uncertainties
presented above.

2.7 Conclusions

The present chapter reviewed the main sources of uncertainties in modelled and
observational time series that challenge the analysis of long-term changes in ocean
surface wind speed and wave height. It serves as an introductory review to guide
the reader through the motivations underpinning the three projects developed in
this PhD thesis. These projects investigate wind-wave climate long-term variations
to understand whether we can demonstrate a connection between the changes in
metocean extremes and climate change. We take advantage of an ensemble of
model realizations of the atmosphere-ocean system to apply a novel EVA approach
to ocean surface wind speed and wave height, first to an historical dataset of
operational forecasts, and then to an ensemble of GCM-forced future projections.
To achieve this, the present PhD is composed of three different but complementary
projects. The results of the ensemble products for each project are discussed
in light of their performance and compared with an extensive global dataset of
satellite altimeter observations (Young and Ribal, 2019; Ribal and Young, 2019).
The use of ensemble products is motivated by the various sources of uncertainties
that characterise global atmosphere-wave models that we described in this chapter.
It has been discussed and demonstrated (Saetra and Bidlot, 2004; Cavaleri et al.,
2007; Morim et al., 2019) that a probabilistic approach with the use of ensembles is



Chapter 2. Wind-wave climate and extremes from model and observational
datasets 26

a convenient way forward in the investigation of ocean wind and wave climate. The
potential of such datasets is demonstrated and discussed throughout the present
thesis. The ensemble products help to improve the confidence around past, present
and future wind and wave climate. The next chapter is a preliminary analysis of
20th century mean climate trends in ocean surface 10-m wind speed, U10 , and
significant wave height, Hs. Here, we discuss if true or spurious trends can be
derived from different 20th Century model datasets.





Chapter 3

Trends from 20th century models
compared to satellite altimeter
observations

3.1 Introduction/Summary

The material presented in this chapter is an expanded version of Meucci et al.
(2020a) publication ( c©American Meteorological Society. Used with permission).

The trends in marine 10-m wind speed (U10) and significant wave height (Hs)
found in two century-long reanalyses are compared against a model-only inte-
gration. Reanalyses show spurious trends due to the assimilation of an increasing
number of observations over time. The comparisons between model and reanalyses
show that the areas where the discrepancies in U10 and Hs trends are greatest, are
also the areas where there is a marked increase in assimilated observations. Large
differences in the yearly averages question the quality of the observations assimi-
lated by the reanalyses, resulting in unreliable U10 and Hs trends before the 1950s.
Four main regions of the world oceans are identified where the trends between
model and reanalyses deviate strongly. These are the North Atlantic, the North
Pacific, the Tasman Sea and the western South Atlantic. The trends at +24 hour
lead time are markedly weaker and less correlated with the observation count. A
1985–2010 comparison with an extensive dataset of calibrated satellite altimeters
shows contrasting results in Hs trends, but similar U10 spatial trend distributions,
with general agreement between model, reanalyses and satellite altimeters on a
broad increase in wind speed over the Southern Hemisphere.

28
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3.2 Background

Long-term changes in ocean surface wind speed and wave height have received
increasing attention as climate change impacts have become evident (Young et al.,
2011; Mentaschi et al., 2018; Luijendijk et al., 2018; Young and Ribal, 2019).
Changes in surface wind speed and wave height may dramatically affect coastal
communities (Ranasinghe, 2016), as well as offshore operations (Bitner-Gregersen
et al., 2018), but uncertainties still characterize our current knowledge of long-term
variations in these quantities (Rhein et al., 2013).

Trend analyses of global ocean surface wind speed and wave height rely on
observational and modelled datasets. Long time series of surface wind speed and
wave height observations originate from shipboard measurements that date back
to 1854, the year marking the beginning of an internationally organised system
for recording shipboard meteorological observations (Maury, 1853; Cardone et al.,
1990; Woodruff et al., 1998). These datasets are mainly derived from Voluntary
Observing Ships (VOS). Studies of VOS marine wind speed have shown that these
datasets are affected by changes in measuring techniques. This is especially rele-
vant in the first part of the century, where the absence of universal standards for
estimated winds (formalization of sea-state equivalent Beaufort scale took place
in 1946 (Thomas et al., 2008)), may have permanently compromised trend studies
of ocean surface wind speed over this period (Peterson and Hasse, 1987; Ramage,
1987). These findings were confirmed by Cardone et al. (1990) who voiced general
skepticism on the possibility of removing the spurious trends caused by the pres-
ence of inhomogeneities before 1950. After 1950, VOS wind observations show an
increasing trend in some areas of the oceans, due to a growing number of observa-
tions as well as changes in anemometer heights, instrument calibration and ship
size (Cardone et al., 1990). After bias correcting VOS wind datasets, an increasing
signal still remains in the surface wind speed (Thomas et al., 2008; Tokinaga and
Xie, 2011), leaving open questions as to whether these residual trends are real or
affected by other artificial factors (Tokinaga and Xie, 2011).

VOS wave height observations are less affected by changes in measurement
approaches. However, the coding system had several changes, with the most sig-
nificant happening in 1950 (Kent et al., 2019). An extensive analysis of VOS wave
height time series (Gulev and Grigorieva, 2004) found positive trends in the At-
lantic from 1950 to 2002, but no significant trends on the total 1885–2002 period,
again questioning the quality of the measurements in the first part of the 20th

century. Upward trends in the Pacific (1950–2002) were found to be considerably
weaker compared to the North Atlantic region (Gulev and Grigorieva, 2004). How-
ever, the analysis was limited to the main ship routes, with limited coverage in the
Southern Hemisphere.

Buoy measurements started in the 1970s and cover only a small area of the
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oceans. Trends in wind speed and wave height have been investigated from buoy
measurements in some areas of the oceans such as the Northeast Pacific (Allan and
Komar, 2000; Gower, 2002; Ruggiero et al., 2010) and the Southern Ocean (Hemer
et al., 2010). However, these trend analyses may also be affected by spurious effects
and step changes in the records due to changes in instrumentation, buoy hulls and
measurement techniques (Gemmrich et al., 2011; Thomas and Swail, 2011).

The advent of ocean-observing satellites in the late 1970s represents a fun-
damental step forward in the understanding of marine wind and wave climate.
These datasets guarantee global coverage of the ocean, drastically increasing the
amount of observations in previously poorly observed areas such as the Southern
Ocean. Today these datasets constitute time series covering a period of over 30
years (Young et al., 2011; Young and Ribal, 2019).

However, for trend analysis even longer datasets are desired. This would reduce
the effect of natural variability (Dobrynin et al., 2015; Kumar et al., 2016), and
help identify potential climate change signals (Weisse, 2010).

Reanalyses and hindcasts (without assimilation) have been widely used for
both weather and climate applications at both regional and global scales (Gregow
et al., 2016) as they represent the best available interpolated datasets in space and
time. Trend studies have also taken advantage of reanalyses’ long and spatially
homogeneous time series that cover the whole globe (Semedo et al., 2011; Bertin
et al., 2013; Wang et al., 2012, 2013; Aarnes et al., 2015). The European Centre
for Medium-Range Weather Forecasts (ECMWF) and the National Oceanic and
Atmospheric Administration (NOAA) have recently extended reanalyses back to
the beginning of the twentieth century (Compo et al., 2011; Poli et al., 2016;
Laloyaux et al., 2018). These datasets are interesting candidates for investigation of
long-term wind and wave climate. However, changes caused by increasing numbers
of assimilated observations throughout the years, may produce spurious trends
(Bengtsson et al., 2004; Weisse, 2010; Aarnes et al., 2015; Wohland et al., 2019).
Inconsistent surface wind speed trends have been found between the ECMWF
century-long reanalyses (ERA-20C and CERA-20C) and the twentieth century
NOAA climate reanalysis (20CR) (Compo et al., 2011). Considering the North
Atlantic and North Pacific, Wohland et al. (2019) argue that spurious trends might
be connected to the growing number of marine wind speed observations assimilated
by the ECMWF reanalyses. Furthermore, the ECMWF ERA-20C reanalysis (Poli
et al., 2016) and the NOAA 20CR reanalyses were found to be inconsistent in the
low frequency variability of the Northern Hemisphere winter seasons (Befort et al.,
2016).

To date, no studies have been carried out on long-term wave height trends of
these reanalysis products. Waves are a combination of local wind-sea and swell
coming from distant storms (Young, 1999b). Despite being entirely forced by the
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wind field, the long-term trends of wave height may be affected by low-frequency
variability, e.g. increasing number of cyclones, in the form of a swell contribution
(Young, 1999a; Gulev and Grigorieva, 2006). This is also found in climate pro-
jections, where significant changes in extra-tropical swell can be found toward the
end of the 21st century (Shimura et al., 2016; Breivik et al., 2019).

This work aims to investigate the relevance of trend analysis of 10-m surface
wind speed, and significant wave height, obtained from the ECMWF ERA-20C
(Poli et al., 2016) and CERA20C (Laloyaux et al., 2018) twentieth century reanal-
yses and compare with the ECMWF ERA-20CM (Hersbach et al., 2015a) twentieth
century atmosphere-wave model-only integration (i.e. without assimilation). To
further investigate the relevance of U10 and Hs trends from twentieth century cli-
mate models and reanalyses, we compare the ECMWF century-long datasets, with
and without assimilation of in-situ observations, with the trends of an indepen-
dent dataset of calibrated satellite altimeter observations (Ribal and Young, 2019;
Young and Ribal, 2019). The objective is to investigate twentieth century U10 and
Hs long-term changes, and to evaluate the relevance of climate studies derived
from twentieth century models. Furthermore, data assimilation impacts will be
assessed by comparing with trends at +24 h forecast lead time (Aarnes et al.,
2015). This analysis provides a mechanism to determine the level of confidence in
the climate change signal in ocean wind speed and significant wave height over the
twentieth century.

Section 3.3 describes the datasets used for the trend analysis, and explains the
approach used to calculate trend magnitude and statistical significance. Section
3.4 describes the century-long trends. Section 3.5 analyses the differences between
each model representation of climate averages over the twentieth century. Section
3.6 concentrates on comparing the climate model and reanalysis trends with the
satellite altimeters trends. Sections 3.7 and 3.8 discuss the possibility of a real
climate signal and our confidence in the estimated trends. Finally, we include our
recommendations on how to interpret trends from reanalyses.

3.3 Datasets and methodology

ECMWF (Dee et al., 2014; Buizza et al., 2018) and NOAA (Compo et al., 2011)
have recently developed state-of-the-art re-analyses that cover the whole twentieth
century. The aim is to obtain a better understanding of the past to improve current
weather forecasts and climate studies (Buizza et al., 2018). ECMWF developed
three different century-long datasets, (i) ERA-20CM (Hersbach et al., 2015a), (ii)
ERA-20C (Poli et al., 2016) and (iii) CERA-20C (Laloyaux et al., 2018). Table
3.1 describes the characteristics of the three models.

ERA-20C and CERA-20C are interesting in the context of trend analysis be-
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Table 3.1: Characteristics of the ECMWF century-long models.

ERA-20CM ERA-20C CERA-20C

Ensemble members 10 1 10
Assimilation atmosphere Model-only integration Marine wind, surface pressure Marine wind, surface pressure
Atmosphere/waves/land Coupled Coupled Coupled
Coupled ocean/ice Prescribed HadISST2.1.0.0 Prescribed HadISST2.1.0.0 Coupled
Assimilation ocean None None Temperature, Salinity
Radiative forcing CMIP5 CMIP5 CMIP5
Horizontal resolution atm. 125 km / ocean 166 km atm. 125 km / ocean 166 km atm. 125 km / ocean 110 km
Integrated Forecasting System (IFS) Cy38r1 (2012) Cy38r1 (2012) Cy41r1 (2015)
Observation Feedback Archive (OFA) None Public Public

cause in contrast to ERA-20CM, which is a model-only integration, they assimilate
in-situ observations of surface pressure and marine surface winds. Neither of the
reanalyses assimilates satellite or in-situ ocean wave height measurements. This
allows us to compare their trends with independent satellite altimeter wave height
measurements. The atmosphere horizontal resolution of the three model integra-
tions is 125 km, whereas the ocean model resolution is 166 km for ERA-20CM
and ERA-20C, and 110 km for CERA-20C. The models employ the same CMIP5
radiative forcing scheme. The 10-m surface wind speed, U10, and significant wave
height, Hs, are available as monthly averages of daily means, or as monthly aver-
ages of daily outputs at specific synoptic times. The latter have been selected for
the trend analysis of the period from 1901 to 2010, and to perform a comparison
with independent satellite altimeter trends for the overlapping 1985–2010 period.
The main characteristics of each dataset used in this study are described in the
following paragraphs in the context of trend analysis.

3.3.1 ERA-20CM

ERA-20CM (Hersbach et al., 2015a) is a 10-member ensemble model-only sim-
ulation that covers the period 1899–2010. The model version is the Integrated
Forecasting System (IFS) cycle 38r11, released in 2012. No observations are assim-
ilated in ERA-20CM, thus the model is not able to accurately reproduce actual
synoptic states. Despite this, ECMWF argues that the ERA-20CM model still
performs well in terms of long-term climate, being consistent with other CMIP5
models. As noted also by Dee et al. (2014) the models require boundary condi-
tions that are implemented from other models that in turn depend on observations
from multiple sources. ERA-20CM boundary conditions include SST and sea-ice
states from the Hadley Centre Global Sea Ice and Sea Surface Temperature data
set version 2 (HadISST2) model (Rayner et al., 2006), developed as part of the
same ERA-CLIM European project.

1ECMWF Cy38r1: https://bit.ly/2OXuHFF

https://bit.ly/2OXuHFF
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3.3.2 ERA-20C

ERA-20C (Poli et al., 2016) is a single-member reanalysis for the period 1900–
2010. It assimilates in-situ observations of surface pressure from the International
Surface Pressure Databank (ISPD) version 2 (Cram et al., 2015) and both marine
surface pressure and surface wind speed from the International Comprehensive
Ocean-Atmosphere Data Set (ICOADS) version 2.5 (Woodruff et al., 2011). The
model has the same atmospheric general circulation configuration as the control
member of ERA-20CM and employs the same model version. Surface boundary
conditions are also provided by HadISST. This allows for a direct comparison of the
trend analysis between the two models. In well-sampled regions, the assimilation
of observations adds precision at the synoptic scale, however, a negative impact
has been observed on trends and low frequency variability (Poli et al., 2016). Two
main aspects of the model integrations will be investigated: the observational
constraints and the realism of long-term trends.

3.3.3 CERA-20C

CERA-20C is the first atmosphere-ocean coupled climate reanalysis of the twenti-
eth century (Buizza et al., 2018). It is a 10-member ensemble and covers the period
from 1901 to 2010 (Laloyaux et al., 2018). It is based on the CERA coupled data
assimilation system (Laloyaux et al., 2016), and employs the ECMWF IFS cy-
cle 41r1 of 2015. Like ERA-20C, it assimilates surface pressure and marine wind
observations. In addition, it assimilates ocean temperature and salinity profiles.
Coupled models have been shown to be crucial for synoptic weather representa-
tions. They are especially relevant in the prediction of tropical cyclones (Mogensen
et al., 2017), and for a consistent global transport of mass, water, and energy at
the relevant time scales (Dee et al., 2014). Despite these models being poten-
tially the best available to reconstruct the earth climate system and thus wind
and wave conditions, open questions remain as to the impact of data assimilation
on long-term trends and how these compare to ERA-20CM and ERA-20C.

All models described are coupled to the same version of the ECMWF global
third generation wave model WAM (WAMDI, 1988; Janssen, 2004), which resolves
the two dimensional wave spectrum, taking into account advection, wind input,
bottom friction, nonlinear interactions and dissipation due to white capping. At
each time step the wave model interacts with the atmosphere as surface roughness
is fed back to the atmospheric boundary layer scheme of IFS.
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3.3.4 Observation Feedback Archive (OFA)

ECMWF produces an Observation Feedback Archive (OFA) (Dee et al., 2014)
where all observations used in the data assimilation are archived with the corre-
sponding model values interpolated to the observation location (Hersbach et al.,
2015b). Here we investigate the feedback archive of ICOADS v2.5 (Woodruff et al.,
2011) surface pressure and wind speed and ISPD v2.2 (Cram et al., 2015) surface
pressure.

ICOADS v2.5

ICOADS is regarded as the reference long-term marine surface dataset (Woodruff
et al., 2011). The ICOADS monthly summary statistics have been produced at a
2◦ × 2◦ resolution covering the period 1800–1960, and 1◦ × 1◦ since 1960. There
are 8 observed variables; sea surface temperature (SST), air temperature, wind
speed, wind components, sea level pressure (SLP), total cloudiness and relative
humidity. There are also 14 derived variables. No attempt is made to account for
observing system changes and measurement biases (Woodruff et al., 2011). Critical
metadata such as instrument type and placement are used to improve accuracy.
However, effects of changes in measurement techniques and the growing number
of observations may still affect estimates of long-term trends in the dataset. In
Table 3.2 the surface pressure and wind speed observation counts are listed by
measurement technique. These are the observations that have been assimilated in
the ERA-20C and CERA-20C reanalyses.

Table 3.2: ICOADS 2.5 dataset. Surface pressure and wind speed observation
counts classified by report type ID as archived in the Observation Feedback Archive
(OFA) of the ECMWF (Hersbach et al., 2015b).

ID Description # pressure obs. # wind obs.

16005 Drifting and mooring buoys N/A 845712
16008 Ship 5593209 4845002
16049 Ocean station vessel on station 81830 120308
16050 Ocean station vessel off station 32842 55488
16051 Station or ship on ice 17022 7944
16052 Ocean bottle and low-resolution conductivity temperature depth CTD and XCTD N/A 21734
16053 Mechanical or digital or micro bathythermograph MBT N/A 33062
16054 Expandable bathythermograph XBT N/A 4496
16055 Coastal-marine automated network CMAN 289524 12384
16056 Undulating oceanographic recorder UOR 7 380
16057 Fixed ocean platform or rig 20211 12256
16061 High resolution conductivity temperature depth CTD and XCTD N/A 812

Fig. 3.1 shows the yearly counts classified by report type over the complete du-
ration of the reanalysis. The vast majority of observations assimilated by ECMWF
reanalyses were collected from ships, i.e. report type 16008. As shown in Fig. 3.1,
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Figure 3.1: 1901–2010 ICOADS 2.5 surface wind and surface pressure observation
yearly counts divided by report type, as archived in the ECMWF Observational
Feedback Archive. Refer to Table 3.2 for the description of report type ID.

ship measurements started to decrease in the last part of the 20th century, and
observation of the oceans now heavily relies on satellites and drifting buoys (Kent
et al., 2006). The observation counts derived from the OFA are crucial to un-
derstanding what are the main drivers of trend differences between models and
reanalyses (Wohland et al., 2019).

ISPD v2.2

The ISPD is the world’s largest surface and sea-level pressure dataset. The dataset
consists of observations from land stations, marine observations and tropical cy-
clone best track reports (Cram et al., 2015). This dataset was first used in
the NOAA twentieth century reanalysis, 20CR, and then also assimilated by the
ECMWF ERA-20C and CERA-20C reanalyses.

Fig. 3.2 compares global observation counts of the three observational datasets
considered here (ICOADS v2.5 surface wind, ICOADS v2.5 surface pressure and
ISPD v2.2 surface pressure). The counts are binned on a 2◦ × 2◦ grid. The com-
parison shows how the majority of ocean in-situ observations have been collected
in the Northern Hemisphere with some isolated areas in the Southern hemisphere
such as the Tasman sea, between Australia and New Zealand, and the South At-
lantic ship routes that connect South American and African coasts to the Northern
Hemisphere. Fig. 3.2a and Fig. 3.2b clearly show the main ocean ship routes. In
the ICOADS wind speed observations plot (Fig. 3.2a) the tropical ocean mooring
buoy array can be clearly observed. Fig. 3.2c shows the ISPD surface pressure
observation density, mainly composed of land observations with localized areas of
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Figure 3.2: 1901–2010 OFA observation counts in base 10 logarithmic scale, binned
on a 2◦×2◦ grid. The three different datasets assimilated in ERA-20C and CERA-
20C are: (a) ICOADS2.5 surface wind (b) ICOADS2.5 surface pressure (c) ISPD2.2
surface pressure.

ocean observations. Considering the distribution of the observation density shown
in Fig. 3.2, we focus on the ICOADS dataset to investigate the data assimilation
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impact on the model climate trends.

3.3.5 Satellite altimeters

To further assess long-term climate performance of the ECMWF reanalyses and
model-only integrations, we compare the trends of the last part of the century-long
model runs with the trends found from the largest available dataset of satellite mea-
surements of U10 and Hs (Young and Ribal, 2019). This archive is calibrated and
cross-validated against buoys from the United States National Data Buoy Center
(NDBC) and independent buoy datasets (Ribal and Young, 2019). The calibrated
satellite altimeter observations span the period 1985 to 2018. To compare with
the ECMWF model integrations, we analyse the overlapping 1985–2010 window,
noting that before 1991 the amount of altimeter data is relatively sparse, as only
one satellite was operational. The horizontal resolution of this satellite altimeter
dataset is 2◦×2◦. The comparison is particularly interesting given the fact that the
ECMWF century-long model integrations do not assimilate satellite observations
to avoid impact of sudden changes in the assimilated observations (Weisse, 2010;
Sasaki, 2016).

3.3.6 Trend analysis

To perform the trend analysis we select the monthly mean Hs and U10 values from
the three ECMWF century-long models and the satellite altimeter observations.
We apply a non-parametric trend analysis using the Theil-Sen estimator (Theil,
1950; Sen, 1968). Compared to a regression analysis, this method is more robust
for non-normally distributed data such as in the case of Hs, and has the advantage
of reducing the impact of potential outliers. The approach has previously been
used to estimate trends of marine wind speed and significant wave height from
model reanalyses (Wang and Swail, 2001; Aarnes et al., 2015) and from satellite
observations (Young et al., 2011; Young and Ribal, 2019). The trend magnitude
is found by selecting the median of the slopes (change per unit of time) computed
for each month, between distinct pairs (i, j) of monthly mean values, as shown in
Eq. (3.1),

median

(
Xj −Xi

tj − ti

)
1 ≤ i ≤ j ≤ n with i 6= j, (3.1)

where n is the number of years. X takes respectively the monthly mean values ofHs

or U10. The Sen’s slope is computed for each month, and tj− ti is the difference in
time (years). The trend at each location of the globe is the median of the monthly
slopes. To evaluate the significance of the trend at each grid point location, we
perform a Mann-Kendall test (Mann, 1945; Kendall, 1948) adapted to account for
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seasonality and serial dependence (Hirsch et al., 1982; Hirsch and Slack, 1984). To
test the serial dependence of monthly mean Hs and U10, we computed the Pearson
correlation between consecutive months (monthly lag-1 correlation) for the three
ECMWF models considered in this study. The results show that two consecutive
monthly mean values are globally correlated with a Pearson coefficient generally
higher than 0.4. This is the case for both Hs and U10 monthly means from the
three ECMWF models. Thus, serial dependence is accounted for in the seasonal
Mann-Kendall trend test (hereinafter SKTT), with the covariance term introduced
by Dietz and Killeen (1981).

3.4 Century-long trends

The Hs and U10 1901–2010 trends from the three ECMWF twentieth century
models are shown in Fig. 3.3 as percentage change per decade. Only the trends
with 95% significance from the SKTT are shown. The ensemble model trends
are found for the 10-member ensemble mean. Fig. 3.3 shows that the ERA-
20C and CERA-20C reanalyses trends differ significantly from the ERA-20CM
model trends. Two areas stand out with a significant positive trend in the ERA-
20CM, the Southern Ocean high latitudes (5–10 cm/s/decade change in U10; 1–
2 cm/decade change in Hs) where the different sea-ice cover derived from the
model boundary condition may play a role (Fig. 3.3b), and the western tropical
Pacific (3–7 cm/s/decade for U10; no significant trend in the Hs), where the strong
recent La Niña episode affects the trend of the entire century (de Boisséson et al.,
2014). The trend in the Southern Ocean could be correlated with the different
surface roughness related to the changes in sea-ice cover found by the SST/sea-ice
conditions of HadISST2 (Rayner et al., 2006). The Hs domain is masked at the
latitudes of sea-ice cover (hatched regions in Fig. 3.3a). The Hs trends are spatially
uniform compared to the U10 trends. A slight decrease in Hs (≈-0.5 cm/decade)
is depicted at mid-latitudes with the exception of the South Atlantic region. In
contrast, the deterministic reanalysis ERA-20C shows mostly increasing trends
with magnitudes in the Northern Hemisphere that exceed +1.75% per decade (up
to 18 cm/s/decade change in U10 and 5–8 cm/decade change in Hs). The CERA-
20C spatial trend distribution is very similar to the ERA-20C results, but with
reduced magnitude (up to 8 cm/s/decade change in U10 and up to 5 cm/decade
change in Hs). This could be related to the 10-member ensemble averaging process,
or to the dampening effect of the coupled ocean model caused by the assimilation
of subsurface ocean measurements (Wohland et al., 2019). A significant increase
in both Hs and U10 is found, especially in the Northern Hemisphere, for both
ERA-20C and CERA-20C. The spatial distribution of the strongest trends found
in these reanalyses is remarkably similar to the spatial distribution of the areas
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Figure 3.3: 1901–2010 percentage-per-decade trends. Comparison between the
three twentieth century ECMWF datasets for Hs (left column) and U10 (right
column). (a,b) ERA-20CM, (c,d) ERA-20C, (e,f) CERA-20C. Only the 95% sig-
nificant trends from the SKTT are plotted in the figure. White regions represent
areas where the trend is not statistically significant. Sea-ice cover areas that limit
the Hs domain are hatched.

with the highest observation counts, as shown in Fig. 3.2. This is particularly
true for the ICOADS dataset (Fig. 3.2a,b) and in agreement with the analysis
by Wohland et al. (2019). Given the similarities between ERA-20C and CERA-
20C trends, and assuming that the ensemble approach is more reliable in finding
relevant trends, we concentrate our further investigations only on the comparison
between the two ensemble models ERA-20CM and CERA-20C.

3.4.1 +24 h forecast lead time trends

To assess to what extent the differences in the CERA-20C trends are related to
the assimilated observations, and how this is sustained through the model forecast
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time, we performed a trend analysis at the +24 h forecast lead time (FC24). Note
that, the +24 h lead time is the only forecast dataset available online for these
models. Aarnes et al. (2015) used the +48 h forecast lead time to lessen the impact
of data assimilation on the ERA-Interim trends. The percentage-per-decade trend

Figure 3.4: Difference in CERA-20C 1901–2010 percentage per decade trends be-
tween analysis time ANA and forecast lead time +24 h FC24. ANA - FC24: (a)
Hs (b) U10. Sea-ice cover areas that limit the Hs domain are hatched.

difference between CERA-20C at analysis time (ANA) and +24 h forecast lead
time (FC24) is shown in Fig. 3.4 (ANA-FC24). The trend in the analysis is larger
then the forecast (positive values in Fig. 3.4), especially in the areas where the
main differences in the number of observations are found, i.e. in the Northern
Hemisphere and in localized areas of the Southern Hemisphere (Fig. 3.2a,b). The
differences are larger for U10 (Fig. 3.4b), because the wind speed is a parameter
directly assimilated from the ICOADS2.5 dataset, whereas Hs is a derived variable
(Fig. 3.4a). Again, the Hs spatial variability is more uniform compared to the
wind speed due to the different nature of these two variables. Differences between
analysis (ANA) and +24 h forecast (FC24) Hs are less pronounced, showing a
smaller impact of data assimilation on Hs climate, but remarkably similar to the
ICOADS pattern in Fig 3.2a.

To further investigate the areas where the observational datasets significantly
impact the century-long trends, we select four locations with the largest differences
between ANA and FC24 trends. The locations are shown in Fig. 3.4b. At these
locations we compute the yearly averages for all three models. Fig. 3.5 shows
the yearly average values of U10 and Hs for the reanalyses ERA-20C and CERA-
20C (green and red lines) and the model-only integration ERA-20CM (blue lines)
at ANA and FC24. Large differences are found in the first part of the century.
At location a1 the reanalyses show a change in the trend direction across the
century, with an unusual decrease in the first part of the 20th century. Again,
the comparison between ANA and FC24 confirms that the data assimilation effect
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Figure 3.5: Yearly averages of monthly mean values at four different locations indi-
cated in Fig. 3.4b. For ERA-20CM and CERA-20C the envelope of the ensemble
values are plotted together with the mean. Column I: ANA Hs. Column II: FC24
Hs. Column III: ANA U10. Column IV: FC24 U10.

is reduced in the forecast case of U10 but not significantly for Hs. The FC24
ensemble spread is larger than the ANA spread as expected. Location a3 in the
Tasman sea shows a significant reduction in the average difference between the two
reanalyses and ERA-20CM at FC24 compared to ANA. Fig. 3.5 generally reveals
large differences in the first part of the 20th century. This difference is also present
for Hs at FC24. However, the U10 ANA yearly average difference between models
is significantly reduced at FC24.
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3.5 Twentieth century climate

We compare the Hs and U10 yearly averages and investigate the differences between
ERA-20CM model and CERA-20C reanalyses climate at the global scale. The
normalized difference in the yearly averages is found as in Eq. (3.2),

d =
xERA20CM − xCERA20C

xERA20CM
, (3.2)

where x is the yearly average respectively of Hs or U10 monthly means. The differ-
ences are normalized over the ERA-20CM yearly averages to obtain a percentage
difference. The results are shown in Fig. 3.6 for three different time periods:

Figure 3.6: Annual averages of monthly mean values. Differences between ERA-
20CM and CERA-20C (Eq. 3.2). Hs (left column) and U10 (right column). (a,b)
1901–2010, (c,d) 1901–1930, (e,f) 1985–2010. Sea-ice cover areas that limit the Hs

domain are hatched.
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1901–2010 (Fig. 3.6a,b), 1901–1930 (Fig. 3.6c,d), 1985–2010 (Fig. 3.6e,f). It is
interesting to note that the yearly average Hs differences between the two models
are generally higher than the U10 differences, showing that the impact of data as-
similation of U10 and SLP have a marked effect on wave climate. In the first part
of the century, 1901–1930 (Fig. 3.6c,d) the climate differences are larger, whereas
the last part of the century, 1985–2010 (Fig. 3.6e,f), show a better agreement be-
tween the models. This is consistent with the location analysis performed in Fig.
3.5. The ERA-20CM climate is consistently higher for both Hs and U10 yearly av-
erages throughout the century. Some areas show closer agreement, such as the 30◦

to 40◦ N latitude band in the Western North Pacific, where we find significantly
smaller differences between the models than other regions. Initially, this singular
pattern of similarity might be attributed to the average ship routes that follows
higher latitudes on the great circle between Asia and North America. However, a
more detailed analysis of observation counts shows that also at these latitudes the
number of observations increases throughout the dataset time period. Given that
ERA-20CM and CERA-20C both have SST boundary conditions dictated by the
HadISST2 model, these similarities could be related to Sea Surface Temperature
(SST) induced winds. This area is indeed impacted by the Kuroshio Extension
phenomenon, characterized by strong seasonal variations of SST temperature that
affect surface winds (Nonaka and Xie, 2003). These findings, if confirmed, could
further demonstrate the impact of SST boundary conditions on modelled ocean
surface climate. In general, Hs and U10 yearly average differences show similar
spatial distribution. For the complete 1901–2010 dataset, the absolute Hs differ-
ences are between -0.15 m and 0.5 m, whereas, the U10 differences are between
-1.8 m/s and 2 m/s. The Hs and U10 maximum absolute differences are found
at the high latitudes. Larger discrepancies between ERA-20CM and CERA-20C
are again found in the areas with most assimilated observation from the ICOADS
dataset (Fig. 3.2a,b).

3.6 Model, reanalysis and satellite trends

Considering the large difference in Hs and U10 climate representation in the first
part of the century, and to further investigate the ECMWF dataset performance in
long-term climate analyses, we here compare the 1985–2010 model and reanalysis
trends with trends calculated from calibrated satellite altimeter dataset (Young
and Ribal, 2019; Ribal and Young, 2019). The trends are shown in Fig. 3.7 in terms
of percentage change per decade. The dotted areas are regions where the trends are
significant at the SKTT 95% level. Few locations show a statistically significant
trend in Hs for both the satellite altimeter (Fig. 3.7a) and ERA-20CM (Fig.
3.7c), demonstrating general agreement between the datasets. In contrast, the
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Figure 3.7: 1985–2010 percentage-per-decade trends. Comparison between altime-
ter dataset trends (2◦×2◦) (Young and Ribal, 2019; Ribal and Young, 2019), ERA-
20CM and CERA-20C at analysis time (1.5◦×1.5◦). Left column (a,c,e) Hs trends.
Right column (b,d,f) U10 trends. Areas of SKTT 95% statistical significance level
are dotted. Sea-ice cover areas are hatched.

altimeter U10 trends (Fig. 3.7b) are largely significant in the Southern Hemisphere,
whereas the ERA-20CM U10 trends (Fig. 3.7d), show only a few statistically
significant areas of the oceans with lower trend magnitudes. Different U10 trends
are also found in the North East Pacific. Here, the altimeters depict an increasing
trend that is in contrast to the decreasing values found in ERA-20CM. However,
the results do show similar spatial distribution for both Hs and U10 between the
satellite altimeter and ERA-20CM results. For instance, the U10 altimeter and
ERA-20CM trends (Fig. 3.7b,d) both show: a significant increase in the Central
Pacific (de Boisséson et al., 2014), a positive band across the Tropical Atlantic,
and a general increase across the Southern Ocean. Also, both figures show an
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increase in the central Indian Ocean and a reduction in the Southern Indian Ocean
(agreement less clear). Also, the Hs altimeter and ERA-20CM trends (Fig. 3.7a,c),
show: a small increase in the Southern Ocean west of South America, the increase
in the central Pacific already noted for U10, a decrease in the North Pacific and a
slight increase in the Atlantic east of the Gulf of Mexico.

A greater spatial difference in distribution is found between the altimeter trends
(Fig. 3.7a,b) and the CERA-20C trends at analysis time (Fig. 3.7e,f). Compared
to both satellite and ERA-20CM results, the CERA-20C Hs trends (Fig. 3.7e)
show larger differences than the U10 trends. CERA-20C results show a generally
increasing U10 trend in the Southern Hemisphere (Fig. 3.7f) that is further am-
plified in the Hs trends (Fig. 3.7e). The reason for the large trends in the Hs

coupled CERA-20C reanalysis in the Southern Hemisphere is not clear. We specu-
late that the large positive trends in southern hemisphere mid latitudes (Fig. 3.7e)
may be associated with an increase of swell propagating from the Southern Ocean.
However, this possibility requires further analysis of, for instance, changes in wave
period.

Although there are differences in magnitude, all three datasets compared here,
show increasing U10 in the Southern Hemisphere, with similar spatial distribution.
The analysis of the CERA-20C FC24 trends (not shown here) does not differ
significantly from the results obtained at ANA shown in Fig. 3.7e,f. This means
that data assimilation for the period 1985–2010 is not affecting U10 trends as
strongly as is the case when the whole twentieth century is considered.

3.7 Discussion

The present work found generally inconsistent twentieth century Hs and U10 trends
for an ECMWF model-only integration (ERA-20CM) and reanalyses (ERA-20C
and CERA-20C). This is also in agreement with previous studies that compared the
ECMWF reanalysis datasets with the NOAA twentieth century reanalysis (20CR)
(Befort et al., 2016; Wohland et al., 2019). NOAA 20CR assimilates ISPD surface
pressure measurements but does not show any inconsistencies in trends compared
with ECMWF’s model-only integration, ERA-20CM (Compo et al., 2006, 2011;
Befort et al., 2016; Wohland et al., 2019). This suggests that the main impact
on trends might be caused by the ICOADS dataset assimilation in the ECMWF
reanalyses. It is not clear if the assimilated ISPD surface pressure measurements
(Fig. 3.2c) also have a significant impact on reanalysed U10 and Hs trends.

It seems at first counter-intuitive that the difference between the free-running
ERA-20CM and the two reanalyses, ERA-20C and CERA-20C, is greatest in the
early period where observations are scarce. The reason is, as Laloyaux et al. (2018)
explain (and first noted by Poli et al. 2015), that the observation error for pressure
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observations in ERA-20C were too small at the start of the century, putting too
much weight to the observations located in the subtropical high pressure belt. This
generated large positive surface pressure increments over the unobserved Antarctic
region. The same effect was found over the Arctic, but not as strongly as in the
southern hemisphere. To alleviate this, the observation errors were increased in
CERA-20C for the early 20th century and then allowed to decrease with for the
more recent, data-rich period (J. Nicolas, pers. comm., 2019, and Laloyaux et al.
2018, Fig. 11). We note here, however, that there remains a large discrepancy
between ERA-20CM and CERA-20C in all locations investigated, both northern
and southern hemisphere, and the improvement over ERA-20C is only marginal
in terms of surface wind speed (see Fig. 3.5, third column).

This work found large positive trends for ERA-20C and CERA-20C reanalyses
in areas that correspond to the highest number of observation counts of ICOADS2.5
assimilated data (Fig. 3.2). Further analysis at four locations around the globe
(Fig. 3.5), shows that the quality of the observations may be as important as the
increasing number of observations in affecting potential spurious trends, especially
in the first part of the 20th Century, where the U10 and Hs monthly averages signif-
icantly differ between reanalyses and the climate model. This is particularly true
for the first half of the century (Fig. 3.5), where the main average differences are
found between the ERA-20CM and the two reanalyses ERA-20C and CERA-20C.
Since the observations in this part of the century originate only from shipboard
observations (Fig. 3.1), we believe that the quality of the measurements, already
questioned in reference studies (Ramage, 1987; Peterson and Hasse, 1987; Cardone
et al., 1990), have a major impact. As a result, it may not be possible to extract
reliable trend estimates from reanalysis that extend to the period before 1950.

ERA-20CM seems to perform better than the reanalyses in resolving the spatial
distribution of Hs and U10 long-term trends. As pointed out by Hersbach et al.
(2015a), ERA-20CM outperforms reanalyses such as ERA-20C at large time scales
(more than a year) thus being a potential reference model to analyse Hs and U10

trends over the last century. Although the ERA-20CM spatial trend distribution
proved to be similar to altimeter significant wave height trends, it should be noted
that the ERA-20CM realizations, especially in variation in temperature, are closely
related to the spread in the HadISST2 ensemble (Hersbach et al., 2015a). That is,
the sea surface temperature boundary condition may be a significant contributor to
this observed trend. Indeed, we found similarities between ERA-20CM model-only
integration and CERA-20C coupled model reanalysis in the yearly average climate
for regions such as the Kuroshio Extension area (Fig. 3.6), where SST-induced
winds might explain the effect of the SST boundary conditions on Hs and U10 in
the reanalyses. The North Pacific, the North Atlantic, the Tasman sea and the
South Atlantic coast of Africa and South America, are regions characterized by
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large discrepancies between model and reanalyses trends (Fig. 3.3), suggesting a
significant impact of assimilated ICOADS observations (Fig. 3.2a,b) on long-term
climate analysis of these areas.

The 1985–2010 comparison with satellite altimeter trends further investigated
the ECMWF datasets ability in representing long-term climate variations in Hs

and U10. The comparison confirmed the superior quality of the ERA-20CM model-
only integration in describing the spatial distribution of Hs trends compared to the
CERA-20C reanalysis. The CERA-20C Hs trends found in the Southern Hemi-
sphere mid-latitudes are somewhat confusing. Model, reanalyses and satellite al-
timeter observations agree on a general increase of U10 over the Southern Hemi-
sphere, in the last part of the twentieth century. However, only the satellite trend
results are consistently statistically significant, whereas ERA-20CM and CERA-
20C are only sparsely statistically significant at the SKTT 95% level.

Both model and satellite wind and wave time series have limitations. However,
these are invaluable tools to understand the global wind-wave climate, and it is
fundamental to continue to compare and analyse independent observational and
model datasets. It is not possible to identify a general best performing dataset
to estimate wind-wave climate trends. However, we might argue that the absence
of data assimilation in ERA-20CM, and the larger time span, if compared to
the satellite observations, makes this model the more suitable for the analysis of
century-long trends. Furthermore, knowledge of the performance and structure of
these datasets, may provide insight as to the most appropriate model results for
particular areas of the oceans, or for a specific time period. Also, these tools may
benefit practical applications if their limitations with respect to trend estimates
are understood.

The contrasting Hs and U10 trend results found in this study, show that the
connection between the wind and wave climate trends is not as straightforward as
one might think. The model wave height trends may significantly differ from the
wind speed trend estimates. Future wind and wave climate trend studies should
consider this aspect of the global models.

3.8 Conclusions

Twentieth century reanalyses show spurious trends in 10-m surface wind speed,
U10, and significant wave height, Hs throughout the whole 1901–2010 period. The
increasing number of observations, as well as changes in the quality of the data
ingested in these reanalyses, mainly affect four areas of the oceans where Hs and
U10 trend analyses show the largest discrepancies between the model-only inte-
gration and the reanalyses. These are the North Atlantic, the North Pacific, the
Tasman Sea and the South Atlantic region east of South America. The com-
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parison with satellite altimeter trends showed agreement on a general increase of
Southern Hemisphere U10. Considerable care must be exercised when considering
the assimilation of surface wind measurements before the 1950s. A comparison
with the newly available ERA-5 reanalysis (from 1950 until today), may further
help detecting data assimilation impacts, and investigate the nature of Hs and U10

climate trend estimates from state-of-the-art reanalyses.





Chapter 4

Wind and wave Extreme Value
Analysis

4.1 Introduction

The first part of this thesis dealt with model and observational time series of
the ocean surface wind speed and wave height. In particular, we focused on the
constraints of these datasets that limit an accurate representation of the long-term
average and extreme climate. In chapter 3 we described a published work (Meucci
et al., 2020a) on ocean surface wind speed and wave height past Century climate
trends, that shows what are the challenges in estimating physically meaningful
climate trends of metocean variables.

This thesis focus now shifts to wind and wave Extreme Value Analysis (EVA).
Two published works are presented in chapter 5 (Meucci et al., 2018) and chapter
7 (Meucci et al., 2020b) on a novel approach to the estimation of wind speed and
wave height extremes, that responds to increasing interest by climate scientists and
engineers in extreme events. These are the events that most affect human life and
activities, resulting in large social and economic losses. The IPCC Special Report
on Managing the Risks of Extreme Events and Disasters to Advance Climate
Change Adaptation (SREX) (Field et al., 2012) describes these events as disasters.
The report introduces the concept of risk, as a measure of the severity of climate
extreme impacts. The objective is to classify and define the areas of interest
for disaster risk management strategies and policies. Disaster risk management
depends on three different interconnected factors as shown in Fig. 4.1, adapted
from the IPCC SREX report (Field et al., 2012).

These are weather and climate events (with a particular focus on extremes), ex-
posure, and vulnerability. Exposure means the presence of people, infrastructure,
economic, or cultural assets. Vulnerability is the susceptibility of being affected

50
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Figure 4.1: Target objective of the present thesis work following a scheme adapted
from Field et al. (2012).

by extreme events. As an example, communities that live in coastal or delta areas
are exposed to the effect of sea-level rise or extreme storm surges. Furthermore,
they are even more vulnerable if they live in economically underdeveloped regions
such as the very populous delta areas of countries like Indonesia or Bangladesh.

The objective of scientists and engineers in the metocean field, and other areas
of research and applications, is to develop sustainable and resilient strategies for
disaster risk management policies. These measures must respond to society’s needs
and be resilient to possible climate change effects. Adaptation strategies are needed
to answer the pressing questions and challenges posed by a changing climate. This
is particularly crucial for extreme events, the main cause of disasters.

To achieve this we must act on the three factors shown in Fig. 4.1. The
present study contributes to this, producing robust EVA studies to estimate ex-
treme weather and climate events. As in chapter 3 of the work, the focus is on
the Hs and U10 parameters (Fig. 4.1). However, producing robust and reliable
extreme estimates is challenging, as extreme events are rare, and few data are
available to make assessments regarding changes in their frequency or intensity
(Field et al., 2012). Thus, we need to infer the behaviour of parameters of a pop-
ulation, based on limited random samples of the same population. This is done
with statistical modelling techniques that are capable of robustly predicting the
variability around the mean of a population. However, this might result in large
uncertainties in inferring the probability levels of the extremes. This is because
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the available datasets to perform the analyses are much shorter than the return
period—once in N years events— sought, for common engineering practice (50,
100 years or more). To cope with these limitations, Extreme Value Theory (EVT)
has developed and evolved significantly in the past few decades.

This chapter provides an introduction to univariate statistical analysis tools
for EVT (or EVA). Univariate means that a single variable is considered in the
analysis, as opposed to multivariate techniques that consider a set of different
variables that interplay and affect each other. The chapter is propaedeutic to the
next two research studies developed in the course of this PhD to estimate ocean
surface wind speed and wave height extremes, and their changes due to climate
change. After a brief discussion of the statistical basis, we direct attention to
metocean extremes and a novel ensemble EVA approach implemented throughout
the rest of the thesis.

4.2 Univariate statistical analysis

Statistical analyses infer the behaviour of a specific population based on a limited
sample, or random variable, X. To each event of a random variable we can asso-
ciate a probability, thus constructing a probability distribution F (x) = Pr{X <
x}, where x is each measured value in the sample space Ω of the random vari-
able X. In EVT we assume that the random variable is continuous; this means
that a probability density function exists. The probability density function is the
derivative in space of the probability distribution, f(x) = dF/dx.

Most common statistical approaches are based on a number of preliminary
assumptions that simplify the analyses. These are, the variables have to be inde-
pendent and identically distributed (i.i.d.), and the dataset time series stationary.
This is never exactly the case for weather, climate or ocean variables. Nonethe-
less, these are commonly accepted assumptions if preliminary tests are performed
in their support.

In the following sections, we describe univariate statistical analyses and the
connected assumptions used throughout the next part of the thesis. We acknowl-
edge that this chapter is not exhaustive of the currently known theory around
extreme value estimates, but we believe this to be sufficient for this work. The
aim is to describe a novel approach using independent realizations of the same pop-
ulation drawn from model ensemble products. We describe this novel approach
further in details in chapter 5 methodology section 5.4.
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4.2.1 Basic assumptions

Independent and Identically Distributed continuous Random variables

Two random variables are said to be i.i.d. when the outcome of one does not affect
the probability distribution of the other (Coles et al., 2001). This means that their
joint density function factorizes as in Eq. 4.1.

fX1,X2(x1, x2) = fX1(x1)fX2(x2) (4.1)

This can be extended to a set of variables defined as mutually independent if
their joint density function factorizes as shown in Eq. 4.2.

fX1,...,Xk
(x1, ..., xk) =

k∏
i=1

fXi
(xi) (4.2)

The correlation of independent random variables is zero. However, as men-
tioned this is seldom the case for meteorological or ocean variables, where low
correlation can exist, but never zero. Throughout this thesis we test at what
level the variables are i.i.d. comparing variables with scatter and quantile-quantile
plots. These are commonly used model diagnostics that justify the use of a specific
statistical model.

Stationary processes

To define stationarity we need to introduce the concept of a random process, that
is a sequence of random variables X1, ..., Xk. A random process is stationary if the
joint distribution of a subset of a random variable viewed n points later in time,
remains unchanged (Coles et al., 2001). This may be a controversial assumption in
EVA, as scientists agree that climate is not stationary. Thus, in each of the studies
performed we explain the stationarity assumption, and how this is justified for the
results we are aiming for.

4.2.2 Statistical modelling

Statistical modelling techniques are used to infer the characteristics of a popula-
tion, based on random samples of the same population. Statistical models can be
parametric or non-parametric. Here we focus on parametric statistical modelling
and use them to find a family of functions consistent with the random variable re-
alizations x1, ..., xk. The function identified as the most consistent with the data is
called the estimator, and the particular value obtained from this function is called
the estimate. This is never a precise procedure as the estimate is never the exact



Chapter 4. Wind and wave Extreme Value Analysis 54

value of the population. This is an important source of uncertainty in determin-
ing weather and climate extremes, that adds to both modelled and observational
uncertainties discussed in chapter 2.

To understand how the estimator is biased against the population, the bias
or the mean-square error are common reference values, as well as the standard
error to measure the accuracy around the estimate. The bias can be identified
and corrected. The standard error is more of a true measure of how precise our
statistical model is and therefore it must be kept low.

Following is a brief description of the available methods of unknown parameter
estimation, followed by the most common ways of computing confidence intervals.
This result will be useful when considering the next chapters methodology and
results.

Estimation methods

There are a number of available methods to estimate parameters. The most com-
monly used are: the method of moments, the maximum likelihood method, the
least square method, the probability-weighted moments or L-moments, and graphi-
cal methods (Galambos, 1994). In this thesis, we apply the most general and robust
method, as well as the most commonly applied: the maximum likelihood method
(Coles et al., 2001). The objective is to find the unknown true value, θ0, of a
parameter θ that defines the density function. We call a likelihood function the
probability of the observed data as a function of θ. The method maximizes the
likelihood function to estimate the true parameter θ0 of a distribution of data.

The maximum likelihood estimates are found with numerical methods. Model
diagnostics graphical methods such as quantile-quantile plots are used throughout
this thesis to evaluate the accuracy of the parameter estimates. Also, the maximum
likelihood estimates are compared to novel ensemble approach results from direct
in-sample estimates.

4.2.3 Confidence intervals

To quantify the precision of an estimator we can compute a confidence interval,
that is a range of values within which we have a specified level of confidence
that our parameter value would fall. Confidence intervals can be computed by
previously assuming a pivot function φ of θ0 whose distribution does not depend
on θ0, so that for any value of 0 < α < 1 we have (Coles et al., 2001):

Pr{φl ≤ φ ≤ φu} = 1− α (4.3)

or rewritten as a function of θ:
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Pr{θl ≤ θ ≤ θu} = 1− α (4.4)

The range varies according to the level of confidence, 1 - α, we are seeking.
Many practical applications aim at a 95% level of confidence (α = 0.05) which
means that if we re-run our statistical model a hundred times we will have an esti-
mate that will, on average, fall 95 times out of 100 in the interval computed. This
is the level of confidence commonly used for metocean extreme analyses (Caires
and Sterl, 2005; Caires, 2011).

Confidence intervals can be computed also with a bootstrap method. This is a
non-parametric technique that re-samples multiple times, usually between 500 to
1000 times is sufficient, a set of data (sample), and obtains the upper and lower
bound of a range of values around the extreme estimate (Breivik and Aarnes, 2017).
In this thesis, we use this methodology as it has the advantage of no underlying
function assumption.

4.3 Extreme Value Analysis

Extreme Value Theory (EVT), or Extreme Value Analysis (EVA), studies the
statistical behaviour of extremes. This branch of statistics has received increasing
interest in the past few decades as it has numerous applications in many scientific
and technical fields (Galambos, 1994; Castillo, 2012).

EVA is used to find the probability of exceedance of extreme events. This is
useful not only in Ocean Engineering, the topic of the present thesis, but in many
other disciplines such as structural engineering, where return level extreme loads
are needed to design structures, or hydraulic engineering, where the EVA focus is
on estimating the one in N years flood event, to safely plan cities along rivers or in
delta areas. In meteorology EVA is applied to estimate rainfall extremes that might
significantly affect large populated areas or wind speed extremes that might result
in dangerous loads on structures. Other EVA approaches are found in material
and fatigue strength studies, or applied to vehicle traffic data to understand how
often we experience peak numbers of cars in a specific area, or also to internet
traffic data. In the pharmaceutical industry, and for pollution extreme estimates,
EVA is used to understand dangerous rare events.

In this chapter we focus on the EVA approaches commonly used for metocean
applications. In particular, we describe the two main approaches to estimate ex-
tremes, as presented by Coles et al. (2001). These are asymptotic models and
threshold models. Also, we dedicate a small section to the Initial Distribution
Method (IDM), which is not an EVA, but is still used in some practical ocean en-
gineering applications, where data from extremes are mostly missing. We analyse
the IDM and discuss its many limitations when used to estimate extremes.
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For a complete theoretical explanation of the EVA the reader should refer to
Coles et al. (2001), Castillo (2012) or Dey and Yan (2016). The works of Galambos
(1994) and Castillo (2012) also provide a detailed list of the main domains of
application of EVA.

4.3.1 Asymptotic models

Asymptotic models study the statistical behaviour of the maxima (or minima) of
random variables (Eq. 4.5).

Mn = max{X1, ..., Xk} (4.5)

As we approximate sample means by a normal distribution following the central
limit theorem, analogously at the extremes we use the extremal types theorem to
approximate the extreme distribution to a family of functions. The extremal types
theorem affirms that re-scaled i.i.d. sample maxima M∗

n = (Mn − bn)/an, based
on a sequence of constants {an > 0} and {bn} converge to three distribution
families: the Gumbel, the Frechet and the Weibull. These can be combined into
the Generalized Extreme Value (GEV) distribution function family (Eq. 4.6).

G(z) = exp

{
−
[
1 + ξ

(
z − µ
σ

)]−1/ξ
}
, (4.6)

where µ ∈ R is the location parameter, σ > 0 is the scale parameter, and ξ ∈ R is
the shape parameter. The parameters can be estimated by one of the various sta-
tistical models mentioned in section 4.2.2. To estimate the extremes, quantile data
are blocked into sequences. This methodology is called Block Maxima. Usually,
in weather and climate extremes statistical analysis, a common way to sequence
data is to select the Annual Maxima. This is, one value is selected for each year,
Annual Maxima Method (AMM).

By inverting Eq. 4.6 we can estimate the return level zp, associated with the
return period 1/p as in Eq. 4.7.

zp =

{
µ− σ

ξ

[
1− {− log(1− p)}−ξ

]
, if ξ 6= 0

µ− σ log(− log(1− p)}, if ξ = 0
(4.7)

These are the values of interest in designing structures or planning operations to
mitigate risk. For a desired return period, for instance, 50 or 100 years, we find the
probability level, and from the fitted function, we obtain the design extreme value
estimate, such as a design sea state. These are reference values for engineering
practice. Probabilities of occurrence are determined according to the time interval.
For instance, the probability of occurrence of the 100-year event is 1% for any given



57 4.3. Extreme Value Analysis

year. Conversely, the probability of exceedance of the 100-year return value in a
100 years’ time is 63% and not a 100% (Table 1.1 in Nott (2006)).

Although asymptotic models are attractive because they are easy to implement,
the sequencing technique imposes a trade-off between large biases in the estimates,
if blocks are too small, or too large variances, if blocks are too big. Furthermore,
the sequencing technique wastes a lot of useful information that could otherwise
be used to increase the accuracy of our estimates. This is the reason why the
popularity of threshold models significantly increased after the pioneering work of
Pickands (1975). The following section describes the threshold model approach to
EVA.

4.3.2 Threshold models

Threshold models select i.i.d. extreme event realizations of a random variable over
a chosen threshold u. This way, for a sufficiently large value of u, the distribution
of (X − u), conditional on X > u, approximately follows the Generalized Pareto
(GP) family, Eq. 4.8 (Coles et al., 2001):

H(y) = 1−
(

1 +
ξy

(σ + ξ(u− µ))

)
(4.8)

A modelling technique, such as the maximum likelihood method, can be used
to estimate the values of the GP (H(y)) function parameters. As was done for
the asymptotic models, the return levels can be computed as the probability of
exceedance of a value x, this time conditional on X > u (Eq. 4.9).

Pr{X > x |X > u} =

[
1 + ξ

(
z − µ
σ

)]−1/ξ

, (4.9)

thus factorizing Pr{X > u} = ζu:

Pr{X > x} = ζu

[
1 + ξ

(
z − µ
σ

)]−1/ξ

(4.10)

We can now compute the level xm that is exceeded on average once every m
observations for ξ 6= 0 (Eq. 4.11).

xm = u+
σ

ξ

[
(mζu)

ξ − 1
]
, (4.11)

This expression is commonly applied to find the N years return level (Eq. 4.12),
where m = N × ny where ny is the number of observations per years.
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zN =

{
u+ σ

ξ

[
(Nnyζu)

ξ − 1
]

if ξ 6= 0

u+ σ log(Nnyζu) if ξ = 0
(4.12)

To find the return level (or return period) value we need to substitute the three
values of the scale, shape and location parameters obtained from the best function
fit to the extreme data.

The recommended practice for extreme wave analysis (Mathiesen et al., 1994),
also described in Holthuijsen (2007) and used in Vinoth and Young (2011), Meucci
et al. (2018), and Takbash et al. (2018), finds the return level as in Eq. 4.13.

Pr{x < xRP} = 1− Ny

RP ×NPOT

, (4.13)

where Ny is the number of years in the dataset, NPOT is the number of peaks over
the selected threshold and RP is the return period, which for this thesis has been
chosen as 100 years. The extreme estimate is found by substituting the probability
level into the fitted function.

Threshold approaches have their limitations. A challenging aspect of such
models is the selection of an appropriate threshold. The choice of a threshold is
a trade-off between bias and variance as it is for the choice of block size in the
block maxima asymptotic models. Some techniques have been proposed to select
the value of u, such as the mean residual life plot (or mean excess plot) (Coles
et al., 2001), but a best strategy still does not exist. A common approach is to
keep the threshold u as low as possible to provide a model that better resembles
the data. However, special care needs to be taken in this procedure as too low
a threshold may violate the asymptotic assumptions (Dey and Yan, 2016). We
can test how stable the threshold choice is by fitting a GP function to different
time series constructed with varying thresholds. This way, a sufficiently stable
threshold level might be found.

4.4 Wind and wave EVA

The design and operation of marine systems rely on accurate statistical analyses of
historical datasets that provide the practitioner with extreme value return period
estimates, that refer to the value exceeded once in N years. In non-polar regions
wind and wave loads define the main stresses for structures and ships, and an
accurate estimation of their extreme value estimates associated with given return
periods is crucial for a cost-effective and safe design of structures and ship op-
erations. Wind and wave extremes also affect coastal areas. Common values in
the design of coastal defences are the 50-year or 100-year return period. A robust
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estimate of these return period values is important as in 2010, 290 million people
worldwide lived below the 100-year flood level and US$9600 billion of assets were
exposed to inundation (Hinkel et al., 2014). In some locations of the world, such as
the Netherlands, practitioners and engineers refer to an even larger return period,
10000-year, to safely design coastal defence structures. To note that, these esti-
mates are based on historical datasets. Thus, the values are extrapolated from the
present sea state conditions, not considering the possible effects of climate change,
as it is done with return period estimates based on future projections (Chapter 7).

The reference parameters investigated in the present thesis are: the Significant
Wave Height (SWH) or Hs, defined as the mean of the highest one-third of the
waves in a wave record, and the wind speed at 10 m above the mean sea level
(U10). Today a large amount of wind speed and significant wave height data
is available from global models, as well as satellite observations. This forms a
solid base of time series on which we can apply long-term statistic approaches.
The best performing statistical approach to estimate metocean extremes is the
Peaks Over Threshold (POT), due to the possibility of selecting a larger number
of extremes than the asymptotic models (Coles et al., 2001; Holthuijsen, 2007).
The topic of wind and wave extreme analysis is well treated in many practical
reports such as the reference World Meteorological Organization (WMO) report
(Lopatoukhin et al., 2000). To perform sufficiently accurate extreme analyses,
ocean storm peaks should be selected from time series sampled at an interval
less than 6 h, otherwise, at a coarser time resolution (> 6 h) some storms may
be missed. This issue has been discussed in the case of satellite observations,
where the detection of extremes is limited to the satellite passing time over a same
region. Furthermore, as independence is a basic assumption for EVAs, we must
select peaks from independent storms. This is commonly done by considering only
peaks separated by more than 48 h, guaranteeing that each peak is selected from
a different storm (Lopatoukhin et al., 2000). If these criteria are met, we can apply
the EVA.

As mentioned above, in some practical cases the Initial Distribution Method
(IDM) is applied. In the following section, we briefly discuss the case of the IDM.
This is a method whose use is no longer recommended due to the inappropriate
manner it uses to extrapolate extreme estimates, but it is still often applied. We
also apply an IDM in chapter 5 to compare the performance with common EVA.

Initial Distribution Method (IDM)

Ocean engineers are often confronted with a paucity of extreme sea state obser-
vations, and with poor resolution of wave models. Thus, to estimate the return
period of extreme wave height, or wind speed, for offshore and coastal structures
and operations, engineers relied for many years on the Initial Distribution Method
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(IDM). This approach considers all available data at a specific location of interest.
This means that not only extreme events but also the bulk of the data is used
to fit a density function to the probability distribution and extrapolate return
levels of extreme wind speed and wave height events. The function choice is facil-
itated by past experience as, for instance, it is known that wave height long-term
analyses are well described by a Gumbel, a Log-normal, a Fisher-Tippet I or a
Weibull distribution (Tucker and Pitt, 2001; Alves and Young, 2003; Holthuijsen,
2007). Once the function is identified the parameters are computed by the same
statistical models discussed in section 4.2.2, such as the least-squares method or
the maximum-likelihood method. The return level to extrapolate the value of the
extreme estimate for a chosen return period is then found similarly to a POT
approach as in Eq. 4.14.

Pr{x < xN} = 1− d

RP × 24× 365
, (4.14)

where, d is the decorrelation time scale expressed in hours. d is usually set to 3 h
after the reference works of (Tucker and Pitt, 2001; Cooper and Forristall, 1997).

Noting the limited data that were available in many locations of the ocean,
this approach is a pragmatic solution to the problem, and it is still used in some
applications. The advantage is clear, this method uses all available data. However,
the method is strongly affected by the bulk of the dataset hindering an accurate
extrapolation of the extreme estimates. That is, the results are mostly affected by
small values and less so by the few extremes. Nowadays, EVA approaches such as
POT are commonly used in preference to the IDM as they provide better results
(Meucci et al., 2018; Takbash et al., 2018)

4.5 Conclusions

The probability of exceedance of extreme events has to date been poorly explored
due to the numerous sources of uncertainties around extreme estimates (Morim
et al., 2018, 2019). The objective of the second part of this thesis is to enhance
estimates of confidence around ocean surface wind speed and wave height extreme
estimates. We do so by developing a novel approach to estimate metocean extremes
using an ensemble of i.i.d. model realizations of the atmosphere-ocean system.
The technique is first applied to the ECMWF operational forecast model (chapter
5), then, extended to an inter-model ensemble of WWIII runs forced with seven
different GCM surface wind fields.





Chapter 5

Wind and Wave Extremes from
Atmosphere and Wave Model
Ensemble forecasts

In the next part of the thesis we present an in-depth review of different methodolo-
gies and approaches to estimate Hs and U10 extremes. The novel ensemble EVA
approach presented in this chapter shows great potential for robust long-term
extreme analyses. This approach is later applied to future extreme projections
(chapter 7). Table 5.1 shows the ensemble statistical approaches applied in the
next part of the thesis with the main characteristics of the datasets analysed.

Table 5.1: Ensemble approaches applied throughout the next part of the the-
sis. The EVA ensemble approach was first tested on a single operational forecast
model from ECMWF. The method was then applied to an inter-model ensemble
constructed by forcing the same WWIII model with different GCM surface wind
fields.

Single-model Ensemble EVA Inter-model Ensemble EVA
ECMWF Operational forecasts WWIII forced with 7 GCMs

(chapter 5) (chapter 7)

Variables Hs; U10 Hs

Time window 2010–2016 1979–2005 2081–2100

Time resolution 6h 6h 6h

Horizontal resolution 1◦× 1◦ 1◦× 1◦ 1◦× 1◦

Dataset years 6 27 20
Equivalent time period [years] 750 189 140

The present chapter is taken from the published work of Meucci et al. (2018)
( c©American Meteorological Society. Used with permission.). This work develops
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an innovative approach to wind speed and significant wave height extreme value
analysis. The approach is based on global atmosphere-wave model ensembles, the
members of which are propagated in time from the best estimate of the initial state,
with slight perturbations to the initial conditions, to estimate the uncertainties
connected to model representations of reality. The low correlation of individual
ensemble member forecasts at advanced lead times means they can be assumed
to be independent and allows us to perform inference statistics. The advantage
of ensemble probabilistic forecasts is that it is possible to synthesize an equivalent
dataset of duration far longer than the simulation period. This allows the use of
direct inference statistics to obtain extreme value estimates. A short time series
of six years (from 2010 to 2016) of ensemble forecasts is selected to avoid major
changes to the model physics and resolution and thus ensure stationarity. This time
series is used to undertake extreme value analysis. The study estimates global wind
speed and wave height return periods by selecting peaks from ensemble forecasts
from +216 to +240 hours’ lead time from the operational ensemble forecast data
set of the European Centre for Medium-Range Weather Forecasts (ECMWF). The
results are compared with extreme value analyses performed on a commonly used
reanalysis data set, ERA-Interim, and buoy data. The comparison with traditional
methods demonstrates the potential of this novel approach for statistical analysis
of significant wave height and wind speed ocean extremes at the global scale.

5.1 Introduction

Uncertainties in the prediction of wind and wave extremes challenge the design and
construction of marine systems. Design and construction of these systems rely on
accurate statistical analyses of historical data sets, which provide extreme value
return period estimates, i.e. values exceeded on average once every N years, where
N is the defined return period. Inference statistics approaches are based on fitting
a specified probability distribution to the available data series of observations and
then, with preliminary hypotheses, estimating the extremes corresponding to the
return period. In disciplines such as atmospheric and ocean sciences or hydrology,
extreme value analysis (EVA) has become common practice (Ferreira and Soares,
1998; Coles et al., 2001; Caires, 2011, 2016). Instead of considering the whole data
set, EVA concentrates on the tail of the probability distribution function. For such
analyses, it is desirable to have long continuous observational records. In practice,
however, such records are seldom available. This hinders a reliable evaluation of
the probability of occurrence of the extreme values (EV) (Young, 1999a; Alves and
Young, 2003; Holthuijsen, 2007; Zieger et al., 2009; Aarnes et al., 2012; Breivik
et al., 2013, 2014). Satellite measurements are a potentially promising data source
with which to estimate wind and wave extremes. They provide global coverage,
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and their temporal duration, across multiple platforms, is now approximately 30
years (Zieger et al., 2009; Young et al., 2017). However, the spatial density of such
systems is such that storm events may be missed or underestimated (Young et al.,
2011). In addition, there are questions about the accuracy of satellite measure-
ments under extreme conditions (Young et al., 2017; Young and Donelan, 2018).
The different instrument biases may also affect the EV estimates. In contrast,
buoys, ships and platform measurements are limited in space but may have long
time series. Although buoy and platform measurements are often regarded as
“ground truth” and are used to calibrate and validate both models (Bidlot et al.,
2002) and satellites (Zieger et al., 2009; Young et al., 2017), questions remain
about their ability to measure extreme wind speeds and wave heights (Large et al.,
1995; Zeng and Brown, 1998; Taylor and Yelland, 2001; Howden et al., 2008; Ben-
der et al., 2010; Jensen et al., 2015). A solution to these constraints is to use
numerical reanalyses. These provide long term continuous time series on which to
perform EVA, but are affected by analysis states and model biases (Caires et al.,
2004; Sterl, 2004; Stopa and Cheung, 2014; Aarnes et al., 2015).

In order to address the stochastic variability in global weather systems, mete-
orological agencies have adopted numerical weather prediction (NWP) models of
atmosphere-ocean dynamics which include a probabilistic element. These models
adopt an ensemble of operational forecasts that allows the estimation of uncertain-
ties in forecasts, and thus of the atmosphere-ocean system predictability (Palmer
and Hagedorn, 2006). Weather and climate are, by their nature, characterized
by uncertainty. In such hydrodynamically complex systems significantly diverging
states arise from slightly different initial conditions, as shown by the pioneering
work by Lorenz (1963).

The ensemble approach deals with uncertainties, not only in determining future
states of the atmosphere, but also by calculating an analysis (Epstein, 1969),
i.e. the initial state of the model. Probabilistic methods and ensemble forecasts
are now commonly used in weather prediction (Lewis, 2005). In the past few
decades the atmosphere-ocean coupled global ensemble prediction systems (ENS)
at the the European Centre for Medium-Range Weather Forecasts (ECMWF) has
been continually developed and upgraded, in terms of model physics, assimilation
methods, ingestion of observations and numerical resolution (Molteni et al., 1996).

The current ECMWF Integrated Forecasting System (IFS) is based on a four-
dimensional (time and the three spatial dimensions) variational assimilation scheme
(4DVAR) to estimate the initial state (Rabier et al., 1998). This is combined in
an ensemble data assimilation (EDA) procedure where an ensemble of 4DVAR
analyses is created which reflects the uncertainty of the analysis (Isaksen et al.,
2010). The EDA in turn is blended with singular vector estimates (Buizza and
Palmer, 1995) to generate an ensemble of initial conditions that contain the fastest
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growing modes to ensure a realistic ensemble spread with lead time. A variable
resolution approach is employed to allocate more resources to the first 10 days
where forecasts are more accurate, and less (typically half the resolution) for the
remainder, to day 15 (Buizza et al., 2007) and in some cases even further.

Ensemble prediction systems were not developed with the intention of extreme
value estimation, but Breivik et al. (2013) demonstrated a practical application
to ocean wind and wave extremes estimation. Their work was focused on the
North-East Atlantic Ocean and the North Sea. Using a data set of operational
ensemble forecasts from 1999 to 2009 they introduced four criteria with which
to validate an EVA and then found the 100-year return period values of 10 m
neutral wind speed (U10N) and significant wave height (Hs). We will consistently
use the 10 m neutral wind speed as calculated for the wave model component
of the IFS. This may at high wind speeds differ from the ordinary 10 m wind
speed and was shown by Aarnes et al. (2015) to be more appropriate than the
latter. Comparing the ensemble EV with the ERA-40 (Uppala et al., 2005), and
ERA-Interim (ERA-I, see Dee et al. 2011) re-analyses and the NORA10 hindcast
(Reistad et al., 2011; Aarnes et al., 2012; Furevik and Haakenstad, 2012), they
found that the predicted extreme values were comparable with NORA10, but
higher than ERA-40 and ERA-Interim. ERA-40 and ERA-Interim are indeed
known to underestimate the upper percentiles of Hs (Stopa and Cheung, 2014).
The upper percentiles in enclosed seas, here the North Sea, are biased low due to
the coarse resolution of ensemble forecasts.

Breivik et al. (2014) extended the approach to the global scale and applied
EVA to find the 100-year return values over the world’s oceans. Results were
again compared with ERA-Interim and observational data showing comparable
results but with much reduced confidence intervals compared to traditional EVA.

The objective of this work is to further develop this approach for wind and wave
extreme value analysis from ensemble forecasts. The present methodology consid-
ers 5 different forecast lead times for a larger synthesized data set, and thus tightens
the estimated confidence levels compared to those found by Breivik et al. (2014).
This is achieved by selecting peaks from each of the ensemble forecasts to ensure
independence. The synthesized data set has an equivalent length of 750 years (3
times longer than Breivik et al. (2014)). Thus, EVA can be achieved without the
need to fit and extrapolate a probability distribution function to the data—for a
100 year return period, the estimated wave height/wind speed is “in-sample”. The
approach employs operational forecasts from a relatively short period (six years)
to ensure that the data set is stationary and that the model resolution remains
unchanged. Finally, the resulting extreme value estimates of wind speed and wave
height are compared with traditional approaches (Peaks Over Threshold) for buoy
data at specific sites and global values from satellite altimeter data and long du-
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ration model reanalysis (ERA-Interim) data bases.
The chapter is structured as follows: in Section 5.2, a summary of traditional

methods for EVA shows the potential for model ensemble EVA. Section 5.3 and
Section 5.4 describe the methodology, the criteria followed and the data sets used.
Section 5.5 presents the results of the EVA with a comparison with different data
sets, traditional long-term statistical methods and EVA of buoy measurements.
The discussion in Section 5.6 leads to the conclusions (Section 5.7), outlining the
strengths and limitations in estimating ocean wind and wave extremes from model
ensembles.

5.2 Estimation of wind and wave extremes

A large body of literature and research has been devoted to estimating U10 and
Hs extremes. Records of these quantities started with ship visual observations,
and for many years relied on this approach (WMO, 1998; Gulev and Grigorieva,
2004; Holthuijsen, 2007). In more recent times estimates from buoys and fixed
platforms have become more common. Whilst recent studies demonstrated these
estimates may be biased at extreme values (Large et al., 1995; Powell et al., 2003;
Bender et al., 2010; Durrant et al., 2013), they are still the best estimates of the
“ground truth” and a valuable resource to validate and compare numerical model
results (Bidlot et al., 2002). However, these data are limited in their time and
space coverage and remote sensing techniques, such as satellite measurements, are
becoming more common (Zieger et al., 2009; Young et al., 2011, 2017). Satellite
records are better distributed in space but sparse in time (Vinoth and Young,
2011).

Based on three years of satellite altimeter data, a first evaluation of wind speed
U10 and Hs for the development of an ocean atlas was performed by Young and Hol-
land (1996). The database was subsequently updated to a 10-year satellite-model
combined series (Young, 1999a). The records showed the potential for EVA on
satellite measurements (Young, 1999a; Alves and Young, 2003; Vinoth and Young,
2011). More recently Zieger et al. (2009) collected and calibrated data available
from various satellite missions to produce a reliable data set of 23 years, subse-
quently extended to 30 years by Young et al. (2017). These observations from
altimeters, scatterometers and radiometers are a valuable resource to understand
ocean extremes. Such a continuous data set helps evaluate the global wind and
wave climatology and their trends (Young et al., 2011). These satellite observa-
tions have now been used to estimate the rate of increase of extreme values of
global wind speed and wave height (Young et al., 2012; Zieger et al., 2014).

Similarly, EVA of wind speed and significant wave height can be based on model
data obtained from hindcasts or reanalyses (Aarnes et al., 2012, 2015; Caires and
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Sterl, 2005). The goal of a reanalysis is to produce a data set which is statisti-
cally homogeneous in space over a long time period which is not affected by model
changes and thus statistically stationary. These reanalyses rely on data assimila-
tion from in situ measurements and satellite records. An example of the impact is
the improvement of results for the Southern Ocean due to satellite measurement
assimilation (Caires et al., 2004). In an inter-comparison of the different wind and
wave reanalysis data set, Caires et al. (2004) showed that the accuracy of such
models has improved, particularly those produced by ECMWF.

ECMWF has generated a series of increasingly sophisticated reanalyses, start-
ing with ECMWF European ReAnalysis 15 (ERA-15) (Gibson et al., 1997) which
covered the period 1979-1993. This was followed by ECMWF European ReAnaly-
sis 40 (ERA-40) (Uppala et al., 2005) which covered the period 1957-2002. Several
global extreme value analyses of significant wave height have been based on the
ERA-40 data set. The Royal Meteorological Institute of the Netherlands (KNMI)
Atlas was based on ERA-40 model results, and produced results which generally
underestimate wind speed and wave height extremes (Sterl and Caires, 2005). Due
to changes in data assimilation over time (Sterl and Caires, 2005), the consistency
and hence the reliability of the results from the model was limited. After ERA-40,
ERA-I (Dee et al., 2011) became the new standard to apply EVA. ERA-I covers
the period from January 1979 until the end of August 2019, and it has been used
also to evaluate ocean extremes and potential trends of wind and waves (Aarnes
et al., 2012, 2015). However, ERA-I still underestimates wind speed and wave
height, and according to Stopa and Cheung (2014) particular attention must be
paid to the analysis of the upper percentiles of the data, which may not be well
represented by the model. The latest ECMWF European ReAnalysis 5 (ERA5),
has become the new standard, and a significant amount of research has already
been performed on this dataset. However, there are still no comprehensive evalu-
ation of the performance of this new reanalysis for EVA. In general, all re-analysis
data sets have limitations due to inhomogeneity in data assimilation (Sterl, 2004).
For this reason, ECMWF produces an hindcast version of the ERA5 called ERA5-
h, where no data is assimilated into the model. This dataset could prove to be of
significant interest in evaluating the impact of data assimilation.

EVAs of data sets are also affected by the methodology used to estimate return
periods. The Initial Distribution Method (IDM) is a common approach that fits
a probability density function (PDF) to the whole body of data available, and
extrapolates the chosen PDF to the desired return period. The IDM is commonly
used when the size of the available data set is relatively small. As the IDM uses
all the data, it can return stable estimates in such situations. However, there are
a number of limitations to this approach. First, the extrapolation of the tail of the
PDF to the desired probability level (return period) is done with a fit dominated
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by the bulk of the data in the body of the PDF. Hence, the accuracy with which
the tail is defined is questionable. Second, there is no theoretical basis for the
selection of the appropriate PDF form to fit to the data.

Extreme value analysis based on independent maxima (or minima), as opposed
to IDM, which considers the entire data set falls in two categories, (i) asymptotic
models and (ii) threshold models (Coles et al., 2001). The extrema must be in-
dependent and identically distributed (i.i.d). Independent, so that observations
at any particular time are not correlated with other data points close in space or
time, and identically distributed, to apply common inference statistics theorems.
For asymptotic models the extreme value theorem indicates that a Generalized
Extreme Value (GEV) distribution can be fitted to the data set, and the distribu-
tion of asymptotic block maxima (or minima) be used to find the desired return
levels. The time series is typically constructed by extracting the annual maxima
(AM). The lack of long measurement time series, and the fact that only one value
is retained per year, often prevents robust estimates of the desired return periods
with AM.

The small data sets resulting from AM is partly overcome by threshold mod-
els. A Peaks-over-threshold (POT) approach (Pickands, 1975) fits peaks above a
threshold u, to a Generalized Pareto (GP) distribution (Coles et al., 2001). This
method allows the selection of a larger number of extreme values compared to the
AM method, improving statistical inferences. There is, however, no theoretically
robust approach to selecting the threshold u. Once the peaks are selected, atten-
tion must be paid to ensure each of these values is independent (i.e. not selected
from the same storm). A common practice is to consider 48 h storm independence,
i.e. the peaks must be at least 48 hours apart (Lopatoukhin et al., 2000; Caires
and Sterl, 2005). The POT method is often strongly dependent on the threshold
selection, and this in turn depends on the geographical location, time period and
data set itself (Caires and Sterl, 2005; Holthuijsen, 2007). The ultimate choice
tends to be a trade-off between bias and variance (Caires, 2016). That is, a low
threshold may lead to bias but will result in a larger data set and reduced variance
in the fit to the PDF.

In each of the approaches described above (IDM, AM, POT), the measured
time series is shorter than the desired return period. As a result, the PDF needs
to be extrapolated to the desired probability level (return period). If the time series
were longer than the desired return period, extrapolation would not be necessary
and the EV could be directly determined, in-sample, from the tail of the empirical
PDF of the recorded data or from a theoretical PDF fitted to the data.
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5.3 Wind and wave extremes from ensemble model

predictions

Breivik et al. (2013, 2014) showed that at advanced lead times the individual en-
semble members of the Ensemble Prediction System (ENS) correlate only weakly,
and hence represented independent realizations of the wind or wave field. As such,
it is possible to synthesize a data set the equivalent of hundreds of years. The
desired return period can then be determined as above without extrapolation of
the PDF. That is, using a Direct Return Estimate (DRE) from an in-sample mea-
sure of the empirical distribution. Breivik et al. (2013, 2014) calculated 100-year
return estimates of 10 m wind speed and significant wave height (U100

10N, H100
s ), from

a 9-year data set of ensemble forecasts at 10 days’ (+240 h) lead time. The essence
of the approach is that the ensemble predictions at long lead times can be pooled
to create the equivalent of a very long time series. Breivik et al. (2013) proposed
four criteria (see below) that must be met. However, the method still comes with
some caveats. First, the possible influence of model updates on the biases could
trigger a spurious trend. Second, as mentioned above, the work of Breivik et al.
(2013, 2014) was performed only on day 10 (+240 h) lead time forecasts. The
potential to include shorter lead times in the evaluation of the return periods, to
further increase the data set, was considered but not pursued beyond a cursory
EVA based on pooling +228 h and +240 h forecasts. Finally it was assumed that
each forecast was representative of a six-hour period. There is little theoretical
justification for this assumption, leaving doubts as to the possible bias introduced
in the final estimates.

To answer these caveats, the methodology adopted here is based on the ECMWF
ENS data set (that consists of forecasts issued twice daily at 00 and 12 UTC) over
a six-year period, from 3 March 2010 to 29 February 2016. In this period the
spatial resolution was unchanged at approximately 32 km for the atmosphere and
about 54 km for the wave field. Every forecast is composed of 50 ensemble mem-
bers derived from slightly perturbed initial conditions, plus one control member
modeled with the best estimate of the initial conditions, and one HRES (Higher
RESolution) member that is the most accurate forecast run at higher spatial and
temporal resolution. We chose to focus on the 50 ENS dataset that we have avail-
able. The present analysis could be extended to add the control member that
has the same resolution as the ensemble, thus adding an additional member. The
HRES member is not considered as it is from a model run at twice the resolution
of the ensemble.

In this study we focus on the ensemble of 50 perturbed members interpolated
on a 1.0◦ × 1.0◦ global grid, excluding the ice-infested areas (south of 70◦ S and
north of 80◦ N). ENS forecasts are taken at advanced lead times to assure i.i.d.



Chapter 5. Wind and Wave Extremes from Atmosphere and Wave Model
Ensemble forecasts 70

Figure 5.1: Procedure for advanced lead times ensemble forecasts pooling. Con-
struction of the synthesized dataset to find Direct Return Estimates out of the 1000
highest peaks. (a) Each ensemble forecast diverges with time. (b) For each ensem-
ble member, the maximum value is selected from lead times +216 h to +240 h.
(c) The selected maximum values are representative of a 30 h period. Each period
is independent, as shown by the vertical dotted lines. (d) The selected maximum
values represent independent realizations of extreme wind speed/wave height and
are pooled for the EVA.

data, as detailed in Section 5.4. In contrast to Breivik et al. (2013, 2014), who
selected values at a fixed lead time of 10 days, we select the maximum value of
the five lead times from day 9 to day 10 (+216 h, +222 h, +228 h, +234 h and
+240 h). The objective is to estimate wind and wave extremes for a 100-year
return period (U100

10N, H100
s ).

The operation of the ECMWF ensemble prediction system and the EVA method-
ology adopted are shown diagrammatically in Fig. 5.1. A new set of ensemble
forecasts are issued twice daily (00 and 12 UTC). As noted above, 50 perturbed
ensemble members are generated, each with slightly different initial conditions. As
shown in Fig. 5.1a, these forecasts will diverge in time. If these ensemble forecasts
remain representative of the true wind/wave climate (both means and extremes)
and they diverge to the extent that they are not significantly correlated, they will
each represent a possible realization of the wind/wave field (in other words, a ran-
dom draw from climatology). If this is the case, they could all be used in an EVA.
Breivik et al. (2014) selected values at a lead time of 10 days (+240 h). In the



71 5.4. Methodology criteria

analysis here, we consider lead times from Day 9 to Day 10 (+216h to +240h).
Over this 30-hour period we select the maximum wind speed/wave height (Fig.
5.1b) from each member.

Thus, the 30-h maximum is kept for each of the 50 ensemble members. It
is, however, important to note that the values obtained for two consecutive fore-
casts, which commenced 12 hours apart for say ENS#1, are not related as they
are started from initial states 12 hours apart and then diverge as the forecast
evolves (out to Days 9 and 10). Indeed, the perturbations added to each member
at analysis time are random (see discontinuities in Fig. 5.1c). This is quite dif-
ferent to traditional EVA (e.g. POT, AM, IDM) where values are selected from
a continuous time series. As will be shown below, it is thus necessary to assign
some representative time interval to each of these independent values to arrive at
an equivalent length of our data set.

Such an analysis is valid, and thus provides relevant results, only if the sample
of data has specific characteristics (Coles et al., 2001). These characteristics can
be represented by the following methodological criteria.

5.4 Methodology criteria

Breivik et al. (2013, 2014) proposed four criteria required for statistical validity of
the ensemble data when applied to EVA:

1. No significant correlation between ensemble members at advanced lead times,
i.e. i.i.d. ensemble members

2. Model climatology comparable to the observed climatology distribution

3. No spurious trend in the data set due to model updates

4. Forecasts are representative for a specific time interval

The testing procedure for each of these criteria is described in the following
sections.

Criterion 1: Independent and Identically Distributed (i.i.d) ensemble
members

To perform an EVA the data sample (in this case the ensemble forecasts) must be
i.i.d. (Coles et al., 2001). This translates into the requirement of independence
of the upper percentiles of the sampled ensemble members (the tails). The ENS
forecast skill drops around day 9/10 (Buizza, 1997), and as a result one could
expect also a lower level of correlation for the upper percentiles of the individual
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members, the part of the data set of interest for the EVA. The objective is thus
to first test for independence and identical distribution of the ensemble members
at advanced lead times. We wish to assess the validity of independence at 9 days’
lead time (+216 h), and then to select the peak from several lead times from each
forecast (i.e. +216 h, 222 h, 228 h, 234 h, 240 h). To test the independence of
the ensemble members a centered anomaly correlation (ACC, see Wilks 2011; von
Storch and Zwiers 1999) is computed for two randomly chosen ensemble members
and evaluated at +216 h and +240 h lead time. The ACC is calculated as follows.
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where

• rACC is the anomaly correlation coefficient between xi and xj (x represents
Hs and U10N in the present application)

• xi and xj are two randomly chosen ensemble members (in this case ENS1
and ENS50)

• t is time level, from 1 to T (T = 2192 days × 2 = 4384 values); total of the
2010-2016 six years data set at 2 forecasts per day

• x′
i and x

′
j are the anomalies computed by subtracting the monthly mean for

each year, and each month of the 2010-2016 ENS data set

Testing was performed initially at the same three reference grid points for the
North Atlantic Ocean and the North Sea as used by Breivik et al. (2013) (Fig.
5.2).

• P40: Ekofisk Oil Field WMO code LF5U (56.50◦ N, 3.20◦ E)

• P35: Heidrun Oil Field WMO code LF3N (65.30◦ N, 7.30◦ E)

• B16: K5 buoy WMO code 64045 (59.10◦ N, 11.40◦ W)

The ACC (5.1) for Hs, computed for lead times of +216 h and +240 h over the
six-year ENS data set, are shown in Table 5.2, and in Table 5.3 in terms of linear
correlation (i.e. Pearson product-moment). This is computed as in Eq. (5.1),
without previously subtracting monthly means (i.e. not considering anomalies).

As expected, the correlation is higher for shorter lead times and is higher for the
open ocean sites, compared to enclosed seas (P40). The reason why lower anomaly
correlations are found in the North Sea compared to the North Atlantic is the
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Figure 5.2: Locations used for testing the methodology criteria: P40 - Ekofisk Oil
Field WMO code LF5U (56.50◦ N, 3.20◦ E); P35—Heidrun Oil Field—WMO code
LF3N (65.30◦ N, 7.30◦ E); B16—K5 buoy, WMO code 64045 (59.10◦ N, 11.40◦ W).

Figure 5.3: Centered anomaly correlation: U10N for ENS member 1 and ENS
member 50 at +216 h lead time from the 2010-2016 ENS data set. The highest
correlations are found at the Horn of Africa, due to the regularity of the Somali
jet and Monsoon events in this region. Tropical areas also show higher values than
higher latitudes.
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Table 5.2: Hs Centered anomaly correlation, rACC as in Eq. (5.1), for the three
test locations (Fig. 5.2) for day 9 and day 10 lead times. The comparison shows
higher correlation at shorter lead times and tests the two bounds (+216 h and
+240 h) of the 5 lead times used in the present work

Lead time +216 h +240 h
P40 (North Sea) 0.1588 0.1499
P35 (Open Ocean) 0.2447 0.1841
B16 (Open Ocean) 0.2507 0.1838

Average 0.2181 0.1726

Table 5.3: Hs Actual Correlation (Pearson) coefficient for comparison with the
Centered Anomaly Correlation for the same test locations and lead times as in
Table 5.2

Lead time +216 h +240 h
P40 (North Sea) 0.3750 0.3651
P35 (Open Ocean) 0.5133 0.4757
B16 (Open Ocean) 0.5577 0.5167

Average for Open Ocean 0.5352 0.4962

reduced swell propagation to this more sheltered region. As such, locally generated
wind sea will largely define the wave climate. Wind sea has lower predictability
at long lead times than swell (see Fig. 5.3).

The results of Table 5.2 are comparable to the values found by Breivik et al.
(2013). The small differences found may be due to the different approach used in
the subtraction of seasonality in the data, and to the different time spans of the
data sets. The present data set spans the period 2010 to 2016, while Breivik et al.
(2013) analysed data from 1999 to 2009.

The ACC (Eq. 5.1) was computed for both Hs and U10N. Fig. 5.4 shows
the global results for Hs at lead time +216 h. Tropical regions show a higher
correlation due to the dominance of swell. With the exception of equatorial regions
where 0.6 < rACC < 0.7, the remainder of the globe shows rACC < 0.5. For EVA,
the requirement is for small values of rACC. This criterion appears to be generally
met at lead times greater than +216 h for Hs, with perhaps some questions about
the equatorial region. The same test was performed for U10N in Fig. 5.3. The wind
speed generally exhibits low correlation over the whole globe, with the exception
of the North Indian Ocean near the Horn of Africa. This is most probably due to
the regularity of the Somali jet and of the Monsoon events in this area (Ranjha
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Figure 5.4: Centered Anomaly Correlation: Hs for ENS member 1 and ENS mem-
ber 50 at +216 h lead time from the 2010-2016 ENS data set. The values show
higher correlation in tropical areas which are more swell dominated.

et al., 2015). The reason why we find lower correlation in wind speed than in wave
height is because, once generated, waves propagate over large distances (swell),
thus increasing the forecast skill at advanced lead times.

In order to test whether the ensemble members were identically distributed,
a quantile-quantile (Q-Q) comparison was performed for the three test sites of
Fig. 5.2. Q-Q and scatter plots are shown in Fig. 5.5. Again, results are shown
for the two ensemble members ENS1 and ENS50. The large amount of scatter
confirms that rACC is low for these locations. Despite this, the Q-Q plots indicate
that the PDFs are very similar for the ensemble members shown, supporting the
assumption that they are identically distributed.

For comparison with the findings by Breivik et al. (2013), Fig. 5.5 presents the
three North Atlantic sites shown in Fig. 5.2. The same analysis was carried out
at a total of 33 locations around the globe (Fig. 5.6) yielding results consistent
with those in Fig. 5.5.

Criterion 2: Modelled and observed climatology

Wind and wave model data (ENS operational forecasts) must represent the ob-
served climatology to be used for an EV estimation. Hence, a second check of the
data is performed involving comparisons of:

• Monthly ENSHs and U10N means and 90th percentiles compared to calibrated
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Figure 5.5: Quantile-Quantile plots of ensemble member 1 against ensemble mem-
ber 50 at +216 h lead time for the test locations: (a,b) P40 North Sea, P35 (c,d)
and B16 (e,f) in the North Atlantic. The left column (a,c,e) show Hs [m] while the
right column (b,d,f) shows U10N. The Q-Q result is shown by the red solid line,
which closely approximates the dashed diagonal, indicating a similar PDF. Also
shown is a scatter plot of individual predictions (dots).
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Figure 5.6: Test locations over the global dataset domain.

and validated satellite data

• Monthly ENS Hs and U10N means compared to ERA-Interim

To test the model climatology we first investigate the satellite data set recently
calibrated, validated and extended until 1 April 2015 by Young et al. (2017). The
objective of the comparison is to evaluate the monthly mean and 90th percentile
values of Hs and U10N over the six-year period of the ENS forecasts analysed in
this study, i.e. from 2010 to 2016, and compare these to the 28 year average values
from the altimeter database (Young et al., 2017). This comparison tests both that
the model can reasonably reproduce the climatological mean and extremes and
that the 6-year period is representative of the longer-term climate. We could have
chosen a higher percentile than 90, but it should be remembered that the sampling
pattern of satellite altimeters means that peaks will be missed (Young et al., 2011,
2017). As a result, it is expected that the altimeter will underestimate higher
percentiles, the underestimation increasing as the value of the percentile increases.

The comparison is performed for the ensemble (1◦× 1◦ resolution) at the three
locations mentioned in Section 5.4 (Fig. 5.2). We selected 2◦× 2◦ satellite regions
that surround the model locations. The maximum normalized difference values
of ∆Hs/H

SAT

s are shown in Table 5.4 for the three test locations, with the cor-

responding occurrence month where ∆Hs = H
ENS

s − H
SAT

s . Here, H
ENS

s refers
to monthly means computed by first averaging the 50 ensemble members (every
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12 h), and then determining the ensemble means over the month. Similarly, H
SAT

s

is the monthly mean of the satellite measurements for the 2◦ × 2◦ region.
Fig. 5.7 shows the normalized Hs and U10N differences and the mean monthly

values for both satellite and ENS +240 h, as a function of month for the three
locations in Fig. 5.2. The results show that the mean monthly values of Hs for both
the satellite (altimeter) and the model at lead time +240 h are in good agreement.

Most mean monthly differences ∆Hs/H
SAT

s are less than 10%. The largest monthly
difference is 16.5%, found at the North Sea location P40 (Fig. 5.7a). This most
likely represents limitations of model resolution in this more protected near-shore
site as well as potential errors caused by selecting satellite data in a location where
there are likely to be greater spatial gradients of Hs than in the open ocean. The
comparison for the wind speed U10N shows normalized differences below 10%. In
this case the highest difference is found in the open ocean location P35, 9.2% (Fig.
5.7d).

Table 5.4: Comparison of normalized monthly average differences between the ENS
forecasts and satellite (SAT) measurements (Young et al., 2017). The maximum

normalized differences ∆Hs/H
SAT

s are shown along with the month in which they
occur.

Lead time +216 h +240 h
P40 (North Sea) Dec 0.143 0.165
P35 (Open Ocean) Mar 0.125 0.129
B16 (Open Ocean) May 0.132 0.152

A comparison of mean monthly values was also performed using ERA-Interim
for the same period as the ENS forecasts (3 March 2010 to 29 February 2016). The
ERA-Interim reanalysis provides data at the same spatial resolution (on a 1.0◦

grid) as the ENS, and the temporal resolution is every 6 h. Table 5.5 shows the

maximum normalized difference values ∆Hs/H
ERAI

s . This table shows maximum
differences comparable to the satellite analysis.

The ERA-Interim/ENS results are compared in the Q-Q plots shown in Fig.
5.8. They show a tendency for the ENS forecast to give slightly higher Hs extremes
compared to the ERA-Interim for all three reference grid points in the North Sea
and North Atlantic basins (P40, P35, B16). The ENS wind speed exhibits upper
percentiles quite comparable to ERA-Interim. The ENS data used here is from IFS
model cycles Cy36r1 (released 26 Jan 2010) through Cy41r1 (replaced 8 March
2016). ERA-Interim is built using IFS model cycle Cy31r2 released 12 Dec 2006.

A comparison with monthly 90th percentiles was undertaken to evaluate the
climatology of the extremes. Fig. 5.9 shows the normalized Hs and U10N differences
and the monthly 90th percentile values for both satellite and ENS +240 h, as a
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Figure 5.7: Comparison of Hs (left) and U10 (right) monthly averages between the
ENS at +240 h lead time and SATellites for the test locations: (a,b) P40 North
Sea, (c,d) P35 North Atlantic, (e,f) B16 North Atlantic.
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Figure 5.8: Quantile-Quantile plots of ensemble member 1 at +216 h lead time
and ERA-Interim for the testing locations: (a,b) P40 North Sea, (c,d) P35 North
Atlantic, (e,f) B16 North Atlantic. On the left side the comparison for Hs (a,c,e)
while on the right side for U10N (b,d,f).
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Figure 5.9: Comparison of Hs,90 (left) and U10,90 (right) monthly 90th percentiles
between the ENS at +240 h lead time and SATellites for the test locations: (a,b)
P40 North Sea, (c,d) P35 North Atlantic, (e,f) B16 North Atlantic.
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Table 5.5: Comparison of normalized monthly average differences between the
ENS forecast data set and ERA-Interim. The maximum normalized differences
∆Hs/H

ERAI

s are shown along with the month in which they occur.

Lead time +216 h +240 h
P40 (North Sea) Nov 0.1531 0.1408
P35 (Open Ocean) Aug 0.1522 0.1543
B16 (Open Ocean) Jul 0.1498 0.1458

function of month for the three output locations in Fig. 5.2. The results show that
the monthly 90th percentile values of Hs for both the satellite (altimeter) and the
model at lead time +240 h are also in good agreement. Most monthly differences
∆Hs,90/H

SAT
s,90 are also less than 10% also for the case of these high percentile values.

The largest monthly difference is 17.9%, found again at the North Sea location
P40 (Fig. 5.9a) for the reasons already explained for the monthly means. The
comparison for the 90th percentile wind speed U10N shows normalized differences
generally below 10%. In this case the highest difference is found in the open ocean
location B16, 12.4% (Fig. 5.9f).

The comparison for an additional six locations, chosen from the total tested
(Fig. 5.6), is shown for three Northern Hemisphere points in Fig. 5.10 and for
three Southern Hemisphere points in Fig. 5.11. Differences between the model
and satellite climatologies are shown at location NWPO1 (Fig. 5.10a and Fig.
5.10b). This is an area visited by tropical cyclones. Due to the coarse resolution
(32 × 32 km for the atmospheric component of IFS), the model is unable to re-
produce the intensity of these extreme events and we see significant differences in
the monthly 90th percentiles of significant wave height. It is also interesting to
note the differences between the model and the satellite monthly 90th percentiles
at location NIO1 (Fig.5.10e and Fig. 5.10f) during the monsoon months. This is
globally the location where the largest differences were found.

The results for the Southern Hemisphere (Fig. 5.11), show that the satellites
and model monthly 90th percentiles are in good agreement, with normalized dif-
ferences generally below 10%.

Both the altimeter and ERA-Interim comparisons were performed for all the
locations in Fig. 5.6 around the globe. Although there are some regional variations
(e.g. both models under-estimate wind speeds and wave heights in the Somali Jet),
generally the IFS accurately reproduces the climatology (mean and 90th percentile)
well. There remains a question about how well any model reproduces the extreme
above the 90th percentile. However, a rigorous global comparison is not possible
as altimeter data is also questionable at such extremes (e.g. under-sampling). The
ultimate test will be the magnitudes of the resulting extreme value estimates (see
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Figure 5.10: Comparison of Hs,90 (left) and U10,90 (right) monthly 90th percentiles
between the ENS at +240 h lead time and SATellites for the test locations in
the Northern Hemisphere (NH): (a,b) NWPO1 North West Pacific Ocean, (c,d)
NAO3 North Atlantic Ocean, (e,f) NIO1 North Indian Ocean. (codes refer to test
locations in Fig. 5.6).
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Figure 5.11: Comparison of Hs,90 (left) and U10,90 (right) monthly 90th percentiles
between the ENS at +240 h lead time and SATellites for the test locations in the
Southern Hemisphere (SH): (a,b) SO1 Southern Ocean, (c,d) SEPO1 South East
Pacific Ocean, (e,f) SAO3 South Atlantic Ocean (codes refer to test locations in
Fig. 5.6).
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Section 5.5).

Criterion 3: Spurious trend due to model updates

The ECMWF IFS was significantly upgraded in February 2010 and March 2016
with major changes to the horizontal resolution1. To minimize the impact from
model updates, we selected only forecasts between March 2010 and February 2016
as the horizontal resolution remained unchanged in this period.

Criterion 4: Representative time interval

The last criterion regards the representative time interval of each forecast: ∆t.
This parameter is of crucial importance for the EV estimates. The value determines
the equivalent time period for the ensemble data set as defined by Breivik et al.
(2013),

Teq = M ×N ×∆t, (5.2)

where M is the number of forecasts, i.e. twice a day for six years (4384 values),
N is the number of ensemble members (50). Breivik et al. (2013, 2014) assumed
a representative value of ∆t = 6 hours. Although this seemed to yield reasonable
results, there is no strong theoretical justification for the choice. Noting that rACC

was relatively small at a lead time of +216 h, there is justification for using lead
times longer than or equal to this value. Therefore we consider the period from
+216 h to +240 h. That is, +216 h, +222 h, +228 h, +234 h and +240 h. For
each ensemble member, the maximum Hs or U10N is then selected from among
these lead times. This maximum is thus the representative maximum for this 30 h
interval and ∆t = 5 × 6 h = 30 h. This approach provides a sounder justification
for the estimation of the time interval than that assumed by Breivik et al. (2014).

As noted in Section 3 and in Figure 5.1, this representative interval should not
be confused with the 12h interval between forecasts in the IFS. Although forecasts
are initiated every 12 hours, we take values at long lead times (+216 h to +240 h).
Therefore, values from successive forecasts are independent. If forecasts were issued
every 24 h (for example), it would not change the representative interval ∆t = 30 h.
It would, however, mean that the total number of data points would be halved in
the analysis. See Section 5.5 for further details.

5.5 Extreme value analysis estimates

Here we compare global return period estimates obtained using the ensemble anal-
ysis described in Section 3 with the Initial Distribution Method applied to the

1See the list of major model updates maintained by ECMWF: https://goo.gl/2G5A7x.

https://goo.gl/2G5A7x
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same short-duration model data and POT estimates obtained with longer dura-
tion ERA-Interim and buoy data sets.

5.5.1 ENS direct return estimates

In order to undertake EVA using direct return estimates (DRE) of 100-year return
values for significant wave height, H100

s , and 10 m neutral wind speed, U100
10N, the

highest 1000 peaks were extracted from the 2010-2016 ENS data set for each point
in the interpolated grid (see Fig. 5.1d). The selection of just the 1000 highest
peaks has a negligible probability of contamination for this large dataset, and it
saves a large amount of computational time (Breivik and Aarnes, 2017).

At each location, the maximum value of the five lead times was selected and
the values were sorted to rank the 1000 highest peaks. From these peaks the return
period is then found directly from an interpolation based on the equivalent time
period. This is computed as in Eq. (5.2) (Fig. 5.1),

Teq = 6 years×365.25×2 forecasts a day×50 ens members×6 h×5 lead times = 750 years.
(5.3)

Thus from a 6 year ensemble archive we obtain a 750-year equivalent time
period. The 100-year return period value can then be directly estimated from the
(in sample) ranked data set. The ratio τ = 750/100 = 7.5 shows that the 7.5th

peak of the 1000 highest peaks is the estimate for the 100-year return value. This
value can then be interpolated directly from the ranked data without the need to
assume a PDF or extrapolate to a desired probability level.

Fig. 5.12 shows global values of H100
s using this approach. Despite the fact

that the Southern Ocean is well known for large wave conditions, the largest ex-
tremes occur in the Northern hemisphere (both the Atlantic and Pacific Oceans).
This result is consistent with previous model estimates of extreme wave heights
(Caires et al., 2004; Sterl and Caires, 2005; Breivik et al., 2014), as well as satellite
estimates (Vinoth and Young, 2011).

Tropical cyclone paths in both the Atlantic and Pacific tend to track east
to west and then turn north along the eastern shorelines of these basins. The
paths of these low pressure systems appear to be reproduced in Fig. 5.12 with
the extreme waves in both the Atlantic and Pacific extending from high latitudes
towards the Equator along the eastern boundaries of each basin. Also, baroclinic
instability could contribute to the variability of the extremes in these areas due
to the contrast of cold air over land with warm air over the ocean. Globally, the
values are comparable to the estimates for the 2003-2012 period of Breivik et al.
(2014) but slightly lower. There are two possible causes for this difference. First,
in the present analysis, we select the highest value of the 5 lead times compared
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Figure 5.12: ENS 2010-2016 Direct Return Estimates of 100 year Significant Wave
Height H100

s with ∆t = 6 h × 5 = 30 h. The estimates are taken from a recon-
structed time equivalent period of 750 years.

to Breivik et al. (2014) who selected only the value at one lead time. However,
in these two cases the probability levels at the 100-year event are also different
[7.5/1000 for the present analysis compared to 2.29/1000 for Breivik et al. (2014)].
Secondly, the actual simulation periods are different [2010–2016 for the present
analysis and 2003–2012 for Breivik et al. (2014)].

Similarly, we derived 100-year return values of neutral 10 m wind speed, U100
10N,

also using direct return estimates from the 7.5th ranked highest peaks (Fig. 5.13).
The global estimates of extreme values of U100

10N compare well with Breivik et al.
(2014), except for the Northern hemisphere mid-latitudes of the Western Pacific
and Western Atlantic oceans where the return period estimates found in the present
work are smaller than those found by Breivik et al. (2014). The spatial distribution
of U100

10N is similar to H100
s , as one might expect. However, there are notable differ-

ences. The U100
10N values exhibit a greater degree of spatial noise compared to H100

s .
This reflects the greater spatial variability of wind speed, U10N. Significant wave
height, Hs, responds to wind speed over an extended fetch, meaning that it is a
spatially and temporally integrated quantity and the extremes are thus smoother.

There is also a suggestion of a band of higher U100
10N values across the Pacific at a

latitude of approximately 10◦ N. This is most likely a signature of the tropical cy-
clone belt. Generally, however, the spatial resolution of the atmospheric ensemble
(32× 32 km) is insufficient to fully resolve tropical cyclone winds.

The 95% confidence intervals of the direct return estimates were computed
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Figure 5.13: ENS 2010-2016 Direct Return Estimates of 100 year wind speed U100
10N

with ∆t = 6h x 5 = 30h. 750 years time equivalent period.

from 500 bootstraps of the 1000 highest peaks considered in the EVA (Breivik
et al., 2014; Breivik and Aarnes, 2017). As outlined by Breivik and Aarnes (2017),
tail estimation where only the k highest values in a bootstrap sequence are re-
quired, can be greatly economized by keeping only a subset of the original data
set consisting of the K0 highest values. Obviously, K0 > k as a bootstrap must
be formed by at least the k highest values. However, such an estimate based on
k bootstrapped values drawn from the K0 highest has a probability of being bi-
ased. This can be called the probability of contamination, pc (see Eq 2 by Breivik
and Aarnes 2017). The bias appears because the bootstrapped values are some-
times slightly too high as they should have been drawn from the discarded bulk
of the data set (values smaller than XN,N−K0), where XN,i is the i-th lowest of
N entries in a data set, cf Breivik and Aarnes (2017). The bias is normally ex-
tremely small, and the probability of contamination can be made arbitrarily small
by making K0 sufficiently large. In our case we keep the K0 = 1000 peaks and
should therefore bootstrap a slightly smaller number (k ≈ 925) to keep the prob-
ability of contamination below 99%. The bias introduced by bootstrapping 1000
values can be shown to be negligible and for practical reasons we therefore set
k = K0 = 1000. The results for H100

s are shown in Fig. 5.14. The values shown
in the figure are the total confidence limit span (i.e. CI0.975−CI0.025). The results
show that the span of the confidence limits increases from the Equator to higher
latitudes, largely reflecting the magnitude of the H100

s values. Values of the span
are less than 0.5 m at the Equator and increase to approximately 1.5 m at higher
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Figure 5.14: Width of ENS 2010-2016 Direct Return Estimate 95 confidence in-
tervals for 100 year Significant Wave Height H100

s . These are computed from 500
bootstraps of the 1000 highest peaks selected from the maximum of 5 different
forecast lead times.

latitudes. There is some noise in the results, reflecting the variability which comes
about from interpolating between values in the in-sample PDF. This variability
can be reduced by smoothing the PDF by fitting a predetermined function form
for the PDF. Following Breivik et al. (2014), an exponential distribution was fitted
to the 500 bootstrap samples of the 1000 highest peaks. This results in smaller
values for the confidence limit span and a smoother distribution. The span was
smaller than reported by Breivik et al. (2014), reflecting the 750-year synthetic
data set in the present analysis compared to 229 years in Breivik et al. (2014).
This occurs despite the fact that the period considered in the present analysis is 6
years compared to the 10 years for Breivik et al. (2014). Compared to traditional
EVA techniques (e.g. POT applied to a 30-year period) the present analysis results
in quite small values of confidence limit span, demonstrating the advantage of the
in-sample estimation technique.

The confidence limits for U100
10N are shown in Fig. 5.15. The distribution is simi-

lar to H100
s . Values range from approximately 1 m s−1 at the Equator to 3 m s−1 at

higher latitudes. Both Fig. 5.14 and Fig. 5.15 show area of higher confidence lim-
its for regions impacted by tropical cyclones, reflecting the variability of relatively
rare events.



Chapter 5. Wind and Wave Extremes from Atmosphere and Wave Model
Ensemble forecasts 90

Figure 5.15: Width of ENS 2010-2016 Direct Return Estimate 95 confidence in-
tervals for 100 year wind speed U100

10N. These are computed from 500 bootstraps
of the 1000 highest peaks selected from the maximum of 5 different forecast lead
times.

5.5.2 ENS Initial Distribution Method

As noted above, the present analysis uses an archive of six years’ worth of ECMWF
ensemble forecasts issued twice daily with 50 members. In order to make an
assessment of how the extreme value analysis of the ensemble compares against
a more traditional approach of a six-year time series we have performed an IDM
analysis where we have selected two ensemble members and one lead time from
each forecast (+222 h for ENS#1 and +240 h for ENS#50). This represents the
same amount of data as a six-year time series with six-hourly resolution (which is
the temporal resolution of for example ERA-Interim). A six-year time series would
be too short for traditional EVA. A POT analysis is not feasible with such a short
record, let alone AM (which would consist of only six values). As noted in Section
5.2, the IDM approach has a number of theoretical limitations and hence we do
not advocate its use. Nevertheless, for such a short time series, it would be the
only alternative and it is included here as a comparison to the DRE drawn from
the same climatology. A decorrelation value of 3 hours was chosen for the IDM
analysis (Vinoth and Young, 2011). As there is no agreed theoretical choice for the
IDM PDF, a goodness of fit test was performed for each of the three testing points
P40, P35 and B16 (Fig. 5.2) and to the additional locations of Fig. 5.6. The best
fits were achieved with a Gumbel distribution for Hs and a Weibull 2 Parameters
distribution for the wind speed. The IDM results applied to the ENS data are
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Figure 5.16: ENS 2010-2016 100 years return value estimates of Hs from the
Initial Distribution Method fitted with a Gumbel distribution. Values extracted
from ENS#1 at +222h lead time and ENS#50 at +240h.

shown in Fig. 5.16 for H100
s , and Fig. 5.17 for U100

10N. The spatial distributions are
generally similar to the DRE estimates (Fig. 5.12 and Fig. 5.13). As noted above,
the IDM effectively fits a pre-determined PDF to the core of the PDF and relies
on the assumed shape of the theoretical distribution to model the tail of the PDF.
As previously noted by Vinoth and Young (2011), this results in smooth spatial
distributions, as is evident in Figs. 5.16 and 5.17. Compared to the DRE, the
IDM generally yields higher extreme value estimates. As noted, this is a function
of the shape of the tail of the assumed PDF and the assumed decorrelation scale
(3 hrs). Therefore, this would change if different theoretical PDFs were used for
the IDM fit.

The other significant difference compared to the DRE is the fact that the IDM
shows the maximum values in both hemispheres of comparable magnitude. This
is not surprising, as previous studies [e.g. (Young, 1994, 1999a)] have shown that
the mean monthly values of Hs and U10N are comparable in both hemispheres.
Therefore, as the fit of the IDM PDF to the data is largely determined by these
mean values, the resulting extremes must also be similar. In contrast, the DRE
results show that, although the mean values may be similar, the PDFs for the
Northern Hemisphere case have a “heavier tail”. That is, although the mean
conditions may be similar, the high latitudes for the Northern Hemisphere are
stormier than at the same latitudes in the Southern Hemisphere. This highlights
a significant shortcoming of the IDM approach.
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Figure 5.17: ENS 2010-2016 100 years return value estimates of U10N from the
Initial Distribution Method fitted with a Weibull 2 Parameter distribution. Values
extracted from ENS#1 at +222h lead time and ENS#50 at +240h.

5.5.3 ERA-Interim POT method

It is common practice to determine extremes (design sea states) using reanalysis
data sets such as ERA-Interim. As we have a relatively long reanalysis data
set (38 years), it is possible to undertake a POT analysis. As this has a far
sounder theoretical basis, it represents a more compelling comparison than the
IDM approach.

As the ERA-Interim data set is long, this analysis also tests whether adopting
the relatively short 6-year data set for the DRE introduces any significant bias
associated with a time period which is not representative of the general climate.
The POT EVA was applied to the full ERA-Interim data set (1979-2017) with a
threshold at each location chosen at the local 99.8th percentile. An exponential
distribution was then fitted to the data, the results appearing in Figs 5.18 and
5.19 for Hs and U10N, respectively.

The spatial distributions are remarkably similar to the DRE results (Figs. 5.12
and 5.13). As for the DRE, the maximum values are located in the Northern
Hemisphere and the maxima tend to be displaced towards the western sides of the
North Atlantic and North Pacific, consistent with the locations of the major storm
tracks.

The maximum values of H100
s and U100

10N are both slightly smaller than the DRE
analysis (H100

s - 14m versus 16m, U100
10N - 27m/s versus 28m/s). These differences

are consistent with previous observations that ERA-Interim tends to underestimate
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Figure 5.18: ERA-Interim 1979-2017 Peaks Over Threshold 100 years RP Signifi-
cant Wave Height H100

s - 99.8% threshold, fitted with an exponential distribution.

Figure 5.19: ERA-I 1979-2017 Peaks Over Threshold 100 years RP wind speed
U100
10N - 99.8% threshold, fitted with an exponential distribution.
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the means (Stopa and Cheung, 2014) and it seems that this behavior is present
also for the extremes. Nevertheless, these differences are comparable to the DRE
confidence limits and smaller than those which would be applicable to the POT
analysis. As such, the results are in agreement and provide strong evidence that
the DRE yields results comparable to more commonly used EVA approaches.

5.5.4 In situ measurements—NDBC buoys

The ENS return values are here compared with buoy data. In this case, we use
selected buoys from the American National Data Buoy Center (NDBC). Buoys
were selected on the criterion that the mooring water depth is more than 300
meters, that the buoy is more than 100 km offshore (to ensure the model data
are not influenced by land, considering the relative coarse native resolution of the
model of about 54 km for the wave field and 32 km for the atmosphere, here
interpolated to a 1.0◦× 1.0◦ ≈ 110 km), and that the time series is longer than 20
years. The buoys that meet these requirements are shown in Fig. 5.20.

Figure 5.20: NDBC buoys that meet the requirements for EVA comparison to ENS
model forecasts

NDBC buoys record wave height and wind speed every hour. In order to
compare these measurements to the 6 h forecasts of the ENS data set used in the
EVA, we average the buoy data at a ± 2-hour interval, centered at synoptic times,
00–06 and 12–18 UTC (Bidlot et al., 2002). We then select peaks above the 90th

percentile, with a separation time greater than 48 h. The time separation ensures
storm independence following Lopatoukhin et al. (2000). A Peaks Over Threshold
(POT) analysis was then applied to the data fitted to a Generalized Pareto (GP)
distribution. The results are shown in Table 5.6 for H100

s and Table 5.7 for U100
10N.

For comparison the ENS DRE at the closest grid point to the buoy location were
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selected. In the tables the 100 years ENS DRE return periods are reported with the
corresponding 95% confidence intervals, computed as described in Section 5.5.1.
The comparison shows generally good agreement with the DRE results for H100

s ,
except for the buoys in the Gulf of Mexico (WMO 42001, 42002 and 42003) which
give approximately 10% higher return value estimates than the ENS DRE analysis.
This is arguably due to the model being incapable of accurately reproducing (at
the resolution of ≈110 km) the physics of this enclosed sea and the presence of
unresolved tropical cyclones.

Regarding the winds, the major difference is found for Hawaii (WMO51003).
Some of the islands are smaller than the model resolution. Thus, the model cannot
correctly represent the topography of the area, which may provide shelter for in-
situ wind measurements. In general there is good agreement between DRE results
from model ensembles, and EVA results from buoys.

Table 5.6: DRE comparison with EVA of buoy data measurements averaged over
the synoptic times. EVA of 100-year return values of H100

s are: A - buoys peaks
over 90% threshold fitted with Generalized Pareto distribution; B - ENS direct
return estimates from 1000 ranked peaks. (B-A)/A - differences normalized on
the buoy estimates. ENS DRE 95% bootstrap confidence intervals are reported as
reference for the comparison.

A B (B-A)/A

ENS H100
s CI95 H100

s

POT GP 90% DRE DRE Normalized
WMO [m] [m] diff %

41001 11.6 11.61 [10.51, 12.16] 0.09
41002 12.4 12.45 [11.46, 13.40] 0.40
41010 10.32 10.83 [10.12, 11.40] 4.94
42001 8.73 9.92 [8.85, 10.33] 13.63
42002 7.77 8.56 [7.41, 9.06] 10.17
42003 9.61 10.58 [9.85, 11.59] 10.09
46001 12.05 11.98 [11.54, 12.45] -0.58
46002 13.79 13.39 [13.09, 14.09] -2.90
46005 12.55 13.66 [12.98, 14.02] 8.84
46006 14.34 13.43 [13.22, 14.34] -6.35
51003 6.48 7.09 [6.76, 7.23] 9.41



Chapter 5. Wind and Wave Extremes from Atmosphere and Wave Model
Ensemble forecasts 96

Table 5.7: DRE comparison with EVA of buoy data measurements averaged over
the synoptic times. EVA of 100-year return values of 10 m wind speed (U100

10N) are:
A - buoys peaks over 90% threshold fitted with Generalized Pareto distribution;
B - ENS direct return estimates from 1000 ranked peaks. (B-A)/A - differences
normalized by the buoy estimates. ENS DRE 95% bootstrap confidence intervals
are reported as reference for the comparison.

A B (B-A)/A

buoys U100
10N ENS U100

10N CI95 U100
10N

POT GP 90% DRE DRE Normalized
WMO [m/s] [m/s] diff %

41001 26.91 27.36 [26.34, 28.32] 1.67
41002 25.15 28.09 [27.3, 29.11] 11.69
41010 23.97 27.8 [26.18, 29.27] 15.98
42001 24.69 26.12 [24.62, 27.23] 5.79
42002 24.45 24.87 [23.26, 26.41] 1.72
42003 26.94 26.48 [25.47, 27.09] -1.71
46001 24.39 24.99 [24.54, 25.55] 2.46
46002 25.42 26.31 [25.49, 26.93] 3.50
46005 24.55 26.65 [25.6, 27.39] 8.55
46006 24.45 26.01 [24.95, 26.36] 6.38
51003 16.35 20.3 [19.02, 21.49] 24.16

5.6 Discussion

The present work extends the method by Breivik et al. (2013, 2014) to estimate
wind and wave extremes from operational forecast model ensembles. We focused
on the significant wave height and wind speed from a 6-year archive (2010-2016)
of the ECMWF operational forecast model. We derived direct return estimates
(DRE) of H100

s and U100
10N from the 1000 highest peaks, extracted from the maximum

value of 5 different lead times (+216 h, +222 h, +228 h, +234 h and +240 h).
This methodology strengthens the approach proposed by Breivik et al. (2013) for
the construction of synthesized dataset with a more theoretically justified forecast
representative interval ∆t. Also, because the synthesized dataset is longer, there
is a reduction in the confidence intervals of the return period estimates, compared
to Breivik et al. (2014).

The global results for both wind speed and wave height DRE estimates are in
good agreement with a POT analysis of the 38-year long ERA-Interim data set.
Similarly, results are in good agreement with a POT analysis of a range of buoy
locations. Both of these comparisons provide strong validation for the approach.
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The H100
s estimates are found to be similar to the results found by Breivik

et al. (2014) from the 2003-2012 archive, obtained from a single lead time +240 h
(day 10). Values found in this work are slightly lower due to the different method
used to identify peaks and assign the 100-year probability levels. The present wind
speed estimates are generally smaller, especially in the western regions of the North
Atlantic and North Pacific basins, and for the Southern Ocean. Differences are
caused by the different probability levels, as mentioned for wave heights, and by the
different model cycles considered. It is also possible that the weather of individual
years may have influenced the estimates slightly. It is also worth noting that there
are uncertainties in high wind speed measurements from buoys, platforms, ships
or satellites, against which these models are calibrated (Powell et al., 2003). As a
consequence, forecast models may be biased in the representation of strong winds
(Pineau-Guillou et al., 2018), thus the evaluation of wind speed return period
values obtained from these models must be carefully considered.

Furthermore, the higher correlations between ensemble members found in the
tropical areas suggests paying particular attention to the evaluation of the H100

s

estimates in these areas. However, the correlation of the extremes from the tail of
the PDF have been demonstrated to be lower than the anomaly correlation found
for the whole body of the data (Breivik et al., 2013).

As mentioned, in the DRE of H100
s (Fig. 5.12) and U100

10N (Fig. 5.13), there
is a suggestion of what is most likely a tropical cyclone (TC) belt in the Central
Pacific, at around 10◦ N. In support of this, ongoing research on EVA from satellite
measurements show a similar shape in the North Central Pacific. The present DRE
analysis shows possible TC tracks also along the Asian east coast, typically known
for its typhoons, the east coast of Madagascar, the North West and North East
of Australia, and along the east coast of North America. This demonstrates the
strength of the DRE methodology compared to the IDM estimates in detecting
the possible TC influence on wind and wave extremes. That is, the IDM which
extrapolates the extremes from a distribution function fitted to the entire body
of the data smooths the spatial distribution of extremes, masking possible TC
influences. Even though the DRE showed this potential, increased model resolution
is still needed to accurately estimate extremes in TC areas. The confidence limits
were also larger in TC areas, denoting higher uncertainties for the direct return
estimates of the 100 year return periods. Today, ECMWF produces a HRES
forecast at 9 km resolution, and 50 ensemble members at 19 km resolution. The
radius to maximum winds of a TC is typically 10 to 60 km. These increased
resolution model ensembles could provide useful return value estimates of TC
extremes.

The present work also compared the ENS IDM estimates, with an IDM ap-
proach for the ERA-Interim reanalysis. The ERA-Interim H100

s results were gen-
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erally lower compared to the ENS data set. This was consistent with the Q-Q
analysis for the testing locations (Fig. 5.8). The new ECMWF ERA-5 climate
reanalysis data set (Hersbach and Dee, 2016), based on the model cycle 41r2, could
be of interest to compare with model ensemble output analysis conducted in this
study. Finally, the comparison with NDBC buoy EVA showed good agreement
with the ENS DRE for both H100

s and U100
10N. This demonstrated that the present

methodology can be applied to estimate extremes of ocean wind and waves.

5.7 Conclusions

This chapter has extended the approach to wind and wave extreme estimates us-
ing atmosphere-wave model ensembles from the ECMWF operational forecasts
by Breivik et al. (2013, 2014). The main advantage of the ensemble approach
presented here is the ability to synthesize a long duration equivalent dataset for
EVA. Considering ensemble members at advanced lead times as independent re-
alizations of atmospheric and ocean surface wave states allows the evaluation of
extreme values with classical extreme value methods (Coles et al., 2001). This
paper demonstrated the potential of this innovative approach in evaluating wind
and wave extremes over the global oceans. With the expected increase in NWP
model resolution over the next decade, further improvement is to be expected
in model estimates of the ocean and atmosphere (Bauer et al., 2015) that will
further strengthen the present approach. Focus on tropical cyclone winds and
wave height in ensemble forecasts is the natural next step in order to understand
whether increased resolution could correctly reproduce these extreme events, and
hence provide reliable EVAs.

A low correlation between ensemble members is accepted in EVT. However, the
level of correlation should always be tested as it may affect the analysis. It is also
important to note that, the 100-year significant wave height and wind speed results
are representative of a specific period, in this case the February 2010 – March 2016
time window. This means that the 750 years synthesized dataset represents only
the climate conditions present in those years, thus, excluding long-term climate
oscillations. Further research should be focus on applying this EVA approach to
different historical time slices and compare the 100-year return period results.

Stationarity has been assumed in this chapter work, however this may not
always be the case for return value estimates of atmospheric and oceanic variables,
as shown by (Young et al., 2011; Young and Ribal, 2019). Future EVA should
consider possible increases or decreases of significant wave height and wind speed
extremes for the different ocean basins (Hemer et al., 2013; Wang et al., 2014;
Aarnes et al., 2015), and integrate the present approach with climate projections.
This approach is implemented in the next step of the present thesis (Chapter 7),
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where an ensemble of future projections is used to determine the changes in the
100-year significant wave height by the end of the 21st Century.



Chapter 6

Future projections of wind-wave
extremes

6.1 Introduction

The first five chapters of the present thesis investigated wind and wave climate
trends from past century models and reanalysis, and introduced a novel approach
to estimate extreme ocean surface wind speed and wave height. The novel EVA
approach used an ensemble of independent and identically distributed operational
forecasts, to reduce the confidence intervals of the 100-year return period estimates
(chapter 5). To meet the stationarity requirement, the analysis was done on a
six years dataset, from 2010 to 2016. This means that the 100-year wind and
wave extreme estimates were derived from a short time window assumed to be
representative of the long-term wind and wave extreme climate. This is a common
assumption in reference EVA studies. However, the analysis of mean climate trends
(chapter 3), and recent reference studies (Young et al., 2011; Young and Ribal,
2019), showed that the ocean wind speed and wave height climate is not stationary.
This is a crucial aspect to consider if we are to estimate future metocean extremes,
and design climate resilient coastal and offshore structures and operations.

The present level of knowledge on future wind-wave extremes is limited to a
few studies (Wang et al., 2014; Shimura et al., 2015; Appendini et al., 2017) with
no reliable future extreme value analysis. The next part of the thesis focuses on
estimating future wind-wave extremes using Global Circulation (or Climate) Model
(GCM) projections. This is done applying the novel ensemble EVA approach,
introduced in chapter 5, to an ensemble of global wave model runs forced with
seven independent GCM surface wind speed fields. This extensive dataset is used
to pool ocean storms and estimate long-term extremes. In this way, the future
changes in extreme events are found by comparing historical and future projection

100
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datasets. The ensemble approach results show, for the first time, statistically
significant changes in extreme wind-wave events by the end of the 21st Century.

The present chapter describes the theory behind future projections of the
Earth’s climate. Then, it focuses on future projections of wind-wave events, dis-
cussing the major sources of uncertainty connected to this field of research (Wang
et al., 2015; Morim et al., 2018, 2019). Overall, the objective of this chapter is
to provide an introduction to the motivations behind the novel ensemble EVA
approach to estimate future wind-wave extreme projections, presented in chapter
7.

6.2 Atmospheric-Ocean Global Climate Models

(GCM)

The Earth’s climate varies in response to internal and external factors. The Earth’s
internal variability is characterized by large scale decadal, or inter-decadal oscilla-
tions that may complicate climate patterns. To distinguish a climate signal from
the background noise of the Earth’s internal variability is not straightforward.
Available observational time series are often too short, and studies in several sci-
ence fields have developed tentative indicators, such as the signal-to-noise ratio
(Hawkins and Sutton, 2012), to understand if a signal can be discerned. The
inhomogeneity of the observational time series and model reanalyses also poses
numerous challenges, as demonstrated for the case of metocean variables, chapter
3 (Meucci et al., 2020a). In addition to internal factors, external anthropogenic
(greenhouse gas emissions) or natural (solar or volcanic activity) factors drive the
Earth’s climate changes.

The objective of climate scientists is to understand how the Earth’s climate
is changing from past observational and model time series, and additionally to
project the climate into the future. Atmospheric and ocean Global Circulation
Models (GCM) are the most advanced tools available today to simulate the re-
sponse of the global climate system to natural or anthropogenic factors. GCMs
are numerical models that mathematically solve the Navier-Stokes equations on a
three-dimensional grid, and project future climate states under different scenarios.
Due to the limitations imposed by the high computational costs of running such
models, the GCMs resolution are typically three hours, on a temporal scale, and
200 km, on a spatial scale. Thus, chaotic small scale systems are not well resolved
by GCMs. Nonetheless, these models are capable of representing daily weather
and long-term climate characteristics with reasonable accuracy.

The main variables considered in GCMs to estimate the Earth’s climate changes
are: solar radiance, volcanic eruptions, solar radiance absorption and reflection,
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energy and momentum transfer, greenhouse gases and aerosol, sea ice, clouds, wa-
ter vapour, and land surface use. As outlined by the recent Intergovernmental
Panel on Climate Change (IPCC) Assessment Reports (AR4, AR5), greenhouse
gas (GHG) emissions are warming the Earth. Following the preliminary Special
Report on Emission Scenarios (SRES) evaluated in the IPCC AR4, which consid-
ered no GHG emission mitigation strategies, Representative Concentration Path-
ways RCP, that cover the period 1850-2100 (Van Vuuren et al., 2011), were devel-
oped to understand the effects of different GHG emission scenario on the Earth’s
climate, including different mitigation strategies (IPCC AR5). These pathways
follow different human development trajectories that affect greenhouse gas emis-
sions and concentration. They are termed representative as they describe a set
of different climate scenarios, all published in the literature. Four different RCPs
were selected by a panel of IPCC experts: RCP2.6, RCP4.5, RCP6, RCP8.5 (Moss
et al., 2008). The numbers that label each pathway are based on the different ra-
diative forcing target levels (W/m2) found from reference research studies. The
RCP2.6 is the very low forcing level, RCP4.5 and RCP6 are the mid-level emissions
scenarios, and RCP8.5 is the very high emission scenario.

Recently, in parallel with the RCPs, a group of climate scientists have developed
and published Shared Socio-Economic Pathway(s) (SSP). These are pathways of
global development trend that, in parallel with the RCPs, are being investigated
with Coupled Model Intercomparison Project (CMIP) phase 6 climate models,
that will support the preparation of the IPCC sixth assessment report (AR6).

A large number of GCMs have been developed internationally to investigate
the uncertainties around future climate. All of these models show different biases
and variability. This results in a series of inter-model uncertainties particularly
important in the assessment of a potential climate signal for specific variables.

It is common practice to assess the significance of a detected climate signal
by reviewing different research studies at the global and local scales. The change
is consider significant if it is agreed by most of the scientists that studied it.
Low to high confidence labels are assigned to each of the Earth’s climate change
phenomena studied, comparing the different analyses and approaches published in
the literature. A different problem is, whether to attribute a signal of change to
anthropogenic factors.

In the following sections we focus on the analysis of future wind-wave projec-
tions, and further extend the discussion to wind-wave extremes, as an introduction
to the analysis in chapter 7.
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6.3 Future wind-wave projections

Atmospheric and ocean GCMs do not include wind-wave parametrizations, thus no
direct wind-wave output is currently available, and the understanding of changes
in wind-wave climate is limited to the relationship with other geophysical vari-
ables such as mean sea level pressure or sea surface temperature (Cavaleri et al.,
2012; Hemer et al., 2013; Field et al., 2014). To downscale the results of atmo-
spheric GCMs, and generate wind-wave climate projections, independent studies
used either statistical or dynamical approaches. A statistical approach exploits
the relationship with other well known variables, such as mean sea level pres-
sure, to project the wind-wave climate (Wang and Swail, 2006). A dynamical
downscaling approach consists instead of running high-resolution regional climate
models forced with GCM simulated climate. The surface wind speed created in
this way, is used to force a global wave model and project wind-wave conditions
for the future (Hemer et al., 2013). To collect and coordinate future wind-wave
climate projections, and answer questions around poorly analysed and understood
wind-wave climate changes (Stocker, 2014), the Coordinated Ocean Wave Climate
Project (COWCLIP) group (Hemer et al., 2012) was formed, under the support of
the World Climate Research Programme and the Joint Technical Commission for
Oceanography and Marine Meteorology of the World Meteorological Organization
(WMO) and Intergovernmental Oceanographic Commission (IOC) of UNESCO.
The objective is to produce a series of wind-wave climate projections and assess
the uncertainties connected with the assessment of future wind-wave climate.

As part of this community driven effort, a review of 91 global and regional
21st century wind-wave climate projection studies was performed by Morim et al.
(2018). Across these models a consensus on an increase of mean significant wave
height across the Southern Ocean was found. Wang et al. (2015) suggest this
to be connected with the dipole pattern developed in the Southern Ocean where
contrasting effects of the increasing greenhouse gases emissions and the ozone
depletion, are causing a poleward shift of the westerly wind belt (Sigmond et al.,
2011). Together with the Southern Ocean region, the most significant projected
increase in SWH is found in the Arctic region (Dobrynin et al., 2012), with already
observed changes in the wave height due to the melting ice sheet which generates
new ice-free waters (Waseda et al., 2018).

Moving to other regions, there is general consensus on an increase in mean sig-
nificant wave height also in the Eastern Tropical Pacific (Wang et al., 2015; Morim
et al., 2018), where the strengthening of the trade winds plays a role (de Boisséson
et al., 2014). In contrast, the North Atlantic shows a general decrease in SWH from
low to mid latitude, with some discussion on a increase at the high latitudes, due
to a possible poleward shift of extra-tropical cyclone tracks (Hemer et al., 2013;
Wang et al., 2015; Aarnes et al., 2017). An increase is found across all seasons and
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different scenarios in the Baltic Sea (Morim et al., 2018). All the other regions of
the global oceans lack consensus on future changes in SWH (Morim et al., 2018).

A more comprehensive analysis of such projected changes in wave climate is
contained in Morim et al. (2018) and Morim et al. (2019).

6.3.1 Sources of uncertainty in wind-wave projections

In the Morim et al. (2018) and Morim et al. (2019) wind-wave climate projection
studies, different sources of uncertainty were identified and classified. In particular,
three dominant sources of uncertainties emerged. These are the RCP, the inter-
model uncertainties due to different biases and variability of the GCMs, and finally
the wave model limitations in representing the wave climate, also discussed in this
thesis in chapter 2. In the same way Wang and Swail (2006) previously defined
three main sources of uncertainty. These are, the scenario, the model, and the
method uncertainties.

In general, climate model (or inter-model) uncertainties are the most dominant
of the three main sources of uncertainty (Wang et al., 2015; Morim et al., 2019).
In particular they account for 40% of the total variance around the global oceans,
except for the Eastern Tropical Pacific, dominated by the regularly blowing trade
winds, where the inter-model uncertainty account for only 5 to 10% of the to-
tal variance Wang et al. (2015). As this is smaller than the climate signal, we
could argue that a significant change is to be expected in the Eastern Tropical
Pacific wind-wave climate. An additional source of uncertainty is added by the
downscaling techniques.

6.4 Future wind-wave extreme projections

Climate change may affect extreme events in unexpected ways, that could be sig-
nificantly different from the changes found in the mean values (Cooley, 2009).
Therefore, it is crucial to study the impacts of climate change on the extremes, as
opposed to the impacts on the mean climate. However, as extremes are particu-
larly rare events, it is challenging to find robust statistical analysis of their future
changes, due to uncertainties in both historical and future projections of extreme
values.

Research studies on future projections of extreme wind-wave events lack con-
sensus everywhere around the globe (Morim et al., 2018). There are only a few
exceptions found for the higher percentiles in the Southern Ocean and North At-
lantic, where there is a larger consensus on the possible changes at the extremes
(Morim et al., 2018).
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Future extremes projections are characterized by large confidence limits, as
many physical processes are still not well understood (Field et al., 2012). This
significantly reduces the level of confidence on the reliability of model simulations,
and ultimately the extreme estimates, let alone their projections into the future.

Two different atmospheric systems dominate wind-wave extreme events: extra-
tropical cyclones and the Tropical Cyclones (TC). A medium level of consensus
has been reached around extra-tropical cyclones events. For instance, there is
medium confidence in the scientific community that these events will decrease in
frequency in each hemisphere (Field et al., 2012), thus reducing also the number
of wind-wave extremes.

The picture is more complicated for Tropical Cyclones as these are localized
events with projections for reduced frequency, but increased intensity, and for
these reasons it is very challenging to predict tropical cyclone extremes. Research
studies show some consensus on an increase of the average intensity of tropical
cyclones (Field et al., 2012; Walsh et al., 2016; Knutson et al., 2019), this means
more frequent category 4 and 5 TCs. It is still not clear if this will happen in all
the ocean regions impacted by TCs. The frequency is expected to either decrease
or remain unchanged, according to the climate science community (Field et al.,
2012; Walsh et al., 2016; Knutson et al., 2019).

The changes of these extreme atmospheric events directly affect wind-wave ex-
tremes, and there are many unresolved questions which result in uncertainties for
future projections. This is particularly evident when we analyse the short obser-
vational time series available, and consider the limited physics of current GCMs.
Thus, it is important to consider the different sources of uncertainties connected
with future extreme estimates, and this thesis focuses on reducing statistical and
inter-model sources of uncertainty.

The next chapter presents an ensemble approach to estimate future extreme
projections, taking advantage of a series of global wave model runs forced by inde-
pendent GCMs wind fields. This allows the pooling of ocean storms to represent
an equivalent time period of more than 100 years. Such an approach is an advan-
tage when we estimate 100-year return period events, and how these values are
changing between historical and future periods.

6.5 Conclusion

The present chapter described the current level of knowledge on wind-wave climate
and future projections of extremes. The general view presented suggests ways to
critically analyse the next chapter EVA results. It should be noted that, climate
change studies are constantly improving, thus further increasing the level of un-
derstanding around wind-wave event changes. Whether the changes found in these
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studies, and in the present thesis, can be attributed to anthropogenic influence, or
to internal or external natural factors, is still an open question. In general, par-
ticular care is needed for the interpretation of both past climate trends (chapter
3) and future projections (chapter 7) of wind-wave events. The next chapter pro-
poses a novel approach that reduces the uncertainties around future projections of
wind-wave extremes, and it finds, for the first time, statistically significant changes
in extreme wind-wave events.





Chapter 7

Projected 21st Century changes
in extreme wind-wave events

7.1 Introduction/Summary

The present chapter is an extended edited version of a work published in Science
Advances entitled “Projected 21st Century changes in extreme wind-wave events”
(Meucci et al., 2020b).

An innovative approach is used to estimate the magnitude of global changes
in extreme wave conditions by 2100, as a result of projected climate change. This
approach generates a synthetic dataset from an ensemble of wave models forced by
independent climate simulation winds, enhancing statistical confidence associated
with projected changes in extreme wave conditions. Under two IPCC represen-
tative greenhouse gas emission scenarios (RCP4.5 and RCP8.5), we find that the
magnitude of the 1 in 100 year significant wave height event increases by 5 to 15%
over the Southern Ocean by the end of the 21st century, compared to the 1979–
2005 period. The North Atlantic shows a decrease at low to mid latitudes (≈ 5
to 15%) and an increase at high latitudes (≈ 10%). The extreme significant wave
height in the North Pacific increases at the high latitudes by 5 to 10%. The en-
semble extreme value analysis approach used, means that these projected changes
are, for the first time, shown to be statistically significant.

7.2 Background

Human activities in both coastal and offshore regions are strongly affected by local
wind generated wave (wind-wave), events. There has been increasing interest in
changes in wind-wave climate both historically and for future projections (Hemer
et al., 2013; Young and Ribal, 2019; Morim et al., 2019). Long-term satellite mea-
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surements have shown that wind-wave climate is changing over the global oceans
(Young and Ribal, 2019). Coordinated international efforts (Hemer et al., 2010)
have been focused on collecting and analyzing international datasets and models
to understand mean and higher percentile global ocean wind-wave climate. Al-
though understanding how mean conditions are projected to change is important,
it is the extreme wave conditions which are critical for both coastal and offshore
areas. The design sea state for offshore and coastal structures is typically defined
as the maximum significant wave height which can be expected over an N year
period (Veritas, 2010). Offshore structures, such as oil rigs, or wind farms, and
coastal protection structures (rock breakwaters, sea walls), usually consider the 1
in 100 year significant wave height as the design sea state.

Wind-wave extremes are also crucial for the determination of coastal sea levels
and coastal erosion, and changes in the climate may further exacerbate the al-
ready predicted strong societal and economic impacts of wind-waves on the worlds
coasts (Hinkel et al., 2014; Luijendijk et al., 2018). It has been estimated (Hinkel
et al., 2014) that in 2010, 290 million people worldwide lived below the 100-year
flood level and US$9600 billion of assets were exposed to inundation. Therefore,
it is of paramount importance to understand the implications of climate change
on extreme wind-wave conditions. In many scientific fields, the one in N year val-
ues, (i.e. the return values) of extreme events is estimated using Extreme Value
Analysis (EVA) (Coles et al., 2001).

Long and homogeneous time series are needed to perform a robust analysis and
confidently estimate such extreme values. However, spatial and temporal sampling
(Gulev and Grigorieva, 2004; Holthuijsen, 2007), along with observational bias
issues (Large et al., 1995; Powell et al., 2003; Bender et al., 2010; Durrant et al.,
2013; Young et al., 2017; Young and Donelan, 2018), limit estimates of extreme
significant wave heights. Thus, extreme value estimates are typically characterized
by large statistical uncertainty.

Dynamical and statistical analysis approaches have been applied to investigate
possible changes in the wind-wave climate from projections of the mean and per-
centile values (Dobrynin et al., 2012; Hemer et al., 2013; Morim et al., 2019), yet,
aside from a few studies (Wang et al., 2014; Shimura et al., 2015; Appendini et al.,
2017; Timmermans et al., 2017), a reliable analysis of the projected changes in
wind-wave extremes is lacking. This results in a lack of consensus on whether the
frequency or magnitude of these extreme events are impacted by climate change.

The present analysis aims to quantify how the magnitude and frequency of
wind-wave extreme events may change under future projected climate scenar-
ios. As such, we need to determine the difference between historical estimates
of extremes and future projections. Determining such differences when both the
historical estimates and future projections of extremes contain large statistical
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uncertainty is problematic.
Therefore, here we use a novel approach which can reduce uncertainties at-

tributable to standard EVA methods (i.e. enhance confidence in the estimated
extreme values) as well as quantifying inter-model and inter-scenario uncertainties
(Wang and Swail, 2006; Wang et al., 2015; Morim et al., 2018, 2019). In this ap-
proach, we analyze an ensemble of Global Climate Models (GCMs) used to force
a wave model, as independent realizations of ocean wave conditions, thus enabling
the pooling of the highest extreme wave conditions (after applying bias correction
to reduce the effect of different GCM forcing, see Section 7.3 and Fig. 7.2). This
approach forms a large dataset which increases the confidence of the statistical
estimates thereof.

This approach has been shown to work well when applied to single model
ensemble forecasts of historical extreme sea states (Sterl et al., 2009; de Winter
et al., 2012; Breivik et al., 2014; Meucci et al., 2018), but has not previously been
applied to extreme values extracted from different GCMs, and to future projections
of global extremes.

Although at the present resolution, GCMs are not able to resolve localized
extreme events such as the tropical cyclones (Shimura et al., 2015; Timmermans
et al., 2017), the strength of this approach is that it produces more robust results
compared to previous studies that have attempted to address the intrinsically
uncertain nature of the ocean-atmosphere state (Mentaschi et al., 2017).

7.3 Dataset and Methodology

An ensemble of global wave model runs of WAVEWATCH-III (Tolman et al.,
2009) (WWIII v. 3.14), forced with surface winds simulated by different Global
Climate Models (GCMs), was used to develop a dataset of storm wave conditions.
These GCMs are part of the Coupled Model Intercomparison Project Phase 5
(CMIP5), feeding into the Fifth Assessment Report (AR5) of the Intergovernmen-
tal Panel on Climate Change (IPCC). We selected the 7 WWIII model runs that
performed best in terms of wave climate prediction (Hemer and Trenham, 2016)
and applied an Extreme Value Analysis (Coles et al., 2001) to model output. The
GCMs used to generate the surface winds which forced the WWIII wave model
(CMIP5/WWIII) were: ACCESS1.0, BCC-CSM1.1, GFDL-CM3, HadGEM2-ES,
INMCM4, MIROC5, MRI-CGCM3 (Hemer and Trenham, 2016). The character-
istics of each model are described in Table 7.1.

The data are available on the CSIRO data servers (CAWCR dataset at
https://doi.org/10.4225/08/55C991CC3F0E8).

As noted above, this ensemble is a subset of the larger group used by Morim
et al. (2019) to investigate changes in mean and 99th percentile significant wave

https://doi.org/10.4225/08/55C991CC3F0E8
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Table 7.1: Ensemble of Climate Models forcing winds and wave model character-
istics.

CMIP5 Atmosphere Wave model
phase Res. Lon. × Lat. Res. Lon. × Lat. Interval Period

ACCESS1.0 5 1.88 × 1.25 1.0 × 1.0 6 h 1979–2005, 2081–2100
BCC-CSM1.1 5 2.8 × 2.8 1.0 × 1.0 6 h 1979–2005, 2081–2100
GFDL-CM3 5 2.5 × 2.0 1.0 × 1.0 6 h 1979–2005, 2081–2100
HadGEM2-ES 5 1.88 × 1.25 1.0 × 1.0 6 h 1979–2005, 2081–2100
INMCM4 5 2.0 × 1.25 1.0 × 1.0 6 h 1979–2005, 2081–2100
MIROC5 5 1.4 × 1.4 1.0 × 1.0 6 h 1979–2005, 2081–2100
MRI-CGCM3 5 1.1 × 1.1 1.0 × 1.0 6 h 1979–2005, 2081–2100

height by 2100. The smaller group was used here as the present analysis of extremes
required 6-hourly data rather than monthly statistics. Such data were archived
for these 7 models. In addition, the hourly data means an increase in the amount
of data by a factor of approximately 700 per model. Hence, the smaller ensemble
was also required to render the problem computationally tractable. The present
subset of models is drawn from Clusters 2 and 4 of Morim et al. (2019), which were
broadly representative of the larger ensemble of models. However, to confirm that
this is the case, the climatology for the sub-set was determined as the mean and
99th percentile significant wave height, and for the historical time period (1979–
2005). These results are shown in Fig. 7.1a, b, and are comparable to Figure 1 of
Morim et al. (2019).

Similarly the percentage changes in and between the historical (1979–2005)
and future (2081–2100) time periods for both RCP4.5 and 8.5 are shown in Fig.
7.1c, d, e, f. Again, this is directly comparable with Figure 1 (∆Hs) and Figure
2 (∆H99

s ) of Morim et al. (2019). These comparisons provide confidence that the
present sub-set of models is representative of the larger ensemble consisting of 83
models.

7.3.1 EVA technique

Our aim here was to pool the data from the ensemble of the 7 bias-corrected mod-
els. To this end, first, a threshold was set at the 90th percentile for each of the
7 models. Storm-independent peaks were then selected above this threshold (Fig.
7.2a), with independence guaranteed by ensuring peaks are separated by a mini-
mum of 48 h (Lopatoukhin et al., 2000). The peak values from the pooled dataset
were then ranked and the highest 1000 were selected (Breivik et al., 2013; Meucci
et al., 2018). This process of selecting storm peaks from each of the models in the
ensemble and pooling them to form extreme value histograms is shown diagram-
matically in Fig. 7.2. The procedure was done for both historical (Fig. 7.2b,d)
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Figure 7.1: Mean, Hs, and 99th percentile, H99
s , significant wave height obtained

for the present 1979–2005 ensemble. In the lower section: differences in mean
and 99th percentile significant wave height between the historical (1979–2005)
and future (2081–2100) time periods for RCP4.5 and 8.5. The grey area are the
locations outside of the ensemble domain.

and future projections 6-hourly datasets (Fig. 7.2c,e), with and without bias cor-
rection (see paragraph 7.3.3). As for a Peaks over Threshold (PoT) approach, we
fitted an exponential distribution to the 1000 highest peaks and found the 100-year
return period value at the desired probability level from the relationship (Vinoth
and Young, 2011; Takbash et al., 2018):

Pr{x < x100} = 1− NY

100 ·NPOT

(7.1)

where NPOT is the number of peaks (1000), and NY is the equivalent duration in
years of the pooled dataset from which the peaks were extracted.

In order to perform the EVA, it is necessary to define a representative time
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Figure 7.2: Schematic of the ocean storms pooling method. a, extreme wave
heights are selected from each CMIP5 model as values over the 90th percentile
threshold with a minimum time distance of 48 h (storm independent peaks). The
peaks are then ranked and the highest 1000 form the tail of the dataset to which
an exponential function is fitted. The stacked histograms show the 1000 peaks,
with contributions from all 7 models (Section 7.3). b, c show stacked histograms
with bias correction and d, e with bias correction. The histograms of relative con-
tributions from each model show a more uniform distribution with bias correction.
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period of the pooled dataset (i.e. define NPOT ). Once the extremes from each of
the models are pooled, we no longer have a single time series. Rather we have
a pooled set of extremes from multiple models, of which we verified the level of
independence and identical distribution (Fig. 7.3).

Therefore, to compute the equivalent time period for this pooled dataset NY ,
we assumed that each of the model 6-hourly outputs are representative of a 6h hour
time window, this value has been tested in previous literature (Breivik et al., 2013;
Meucci et al., 2018). Considering leap years for the historical dataset (1979–2005),
the equivalent time is given by Eq. 7.2.

T hist
eq = 27 years× 365.25× 4 hindcasts a day× 6 h× 7 models = 189 years (7.2)

and for the future projection (2081–2100), the equivalent time is given by Eq.
7.3.

T proj
eq = 20 years× 365.25× 4 projections a day× 6 h× 7 models = 140 years (7.3)

As discussed above and in the following sections, the synthesized time period
guarantees smaller return period confidence intervals, reducing the uncertainties.
Eq. 7.2 and Eq. 7.3 define the values of NY in Eq. 7.1. Note that as NY is larger
than the desired return period (100 years), we are in sample and no extrapolation
of the empirical probability distribution function (epdf) is required (hereafter, for
clarity, we refer to the probability distribution function of the synthesized data as
epdf, and to the probability density function fitted to these data as fpdf). The
exponential distribution fitted to the epdf of the data is hence used only to smooth
the tail of the epdf and aid interpolation of the extreme significant wave height
at the desired probability level (i.e. one in 100-year event) (see Fig. 7.2). A
similar approach to that applied here has been used to estimate projected changes
in extreme significant wave height at selected North Sea locations (Sterl et al.,
2009; de Winter et al., 2012). In contrast to the present approach, however, this
previous analysis used only annual maxima from a single model.

7.3.2 Preliminary tests on raw model data

Data from the ensemble of models can be pooled to undertake EVA only if the
data complies with specific criteria (Breivik et al., 2013; Meucci et al., 2018). That
is, the data must be independent and identically distributed (i.i.d.) (Coles et al.,
2001). To investigate if the data are i.i.d. we selected several locations around
the globe and constructed scatter plots of significant wave height values for the
historical model datasets. The scatter plots are for values at the specific locations
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Figure 7.3: Scatter and Quantile-Quantile (Q-Q) plots at three selected locations
(positions marked on plots) for combinations of different pairs of CMIP5 models
(no bias correction). Large scatter indicates the models are independent, similar
Q-Q results indicate they are identically distributed.
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and the same times. Plots were performed between each combination of two models
(Fig. 7.3). As the models are forced with different wind fields, the scatter plots
show low correlation (correlation coef. ≤ 0.13) and it is assumed that the models
are sufficiently independent to perform the analysis (Breivik et al., 2013; Meucci
et al., 2018). In addition, Quantile-Quantile (Q-Q) plots (Fig. 7.3) show that
generally the models are identically distributed, i.e. Q-Q line is close to the 1:1
line indicating similar epdfs. This is particularly true for the bulk of the data,
with greater divergence at the extremes. To further test the relationship between
the models at the extreme values, we extracted the peaks over the 90th percentile
for each m model and compared the quantiles with the quantiles of the inter-
model ensemble of extremes taken above the same percentile. We then computed
the extreme quantiles RMSE (Root Mean Square Error) to define a performance
parameter eRMSE (Eq. 7.4).

eRMSE = 1−
|
∑

RMSEm

n
−H100

s |
H100
s

(7.4)

The performance parameter eRMSE (Eq. 7.4) describes the similarity (or dis-
cordance) between model distributions of the extremes. The smaller the eRMSE,
the more similar the distribution of extremes between models, and thus the more
robust is the ensemble EVA approach. RMSEm is the root mean square error of the
m model 90th percentile extreme quantiles in relation to the inter-model ensemble
90th percentile extreme quantiles, where n is the number of models (in this case
7), and H100

s is the 100-year return period value estimated with the inter-model
EVA approach (i.e. respectively for historical and future projection datasets). The
eRMSE results for both historical and future projections datasets (Fig. 7.4), show
reasonable agreement between model extremes (eRMSE ≤ 0.05), except for the trop-
ical areas, affected by tropical cyclones, that are still not adequately represented
by the models, due to coarse resolution and missing physics. These results show
that some GCMs seem to capture tropical cyclone characteristics whilst others
still miss them. This is clearly shown by the EVA performed on each single global
wave model run over the 1979–2005 historical time slice (Fig. 7.5).

7.3.3 Robustness of the results

To account for different biases and variances between the various models, we tested
two bias correction approaches and a bias uncorrected approach. As outlined
above, we describe the results obtained from a standardized variable correction,
which we believe works quite well. This approach allows a comparison between
models with different biases and variances (Aarnes et al., 2017) by standardizing
the significant wave height values to each model’s historical mean µhist

m and stan-
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Figure 7.4: Test for similarity between distribution of extremes — a, historical
dataset (1979–2005), b, end of 21st Century (2081–2100). Root Mean Square
Error (RMSE) analysis of the 90th percentile extreme quantiles for each model
compared to the inter-model ensemble extreme quantiles (see Section 7.3).

dard deviation σhist
m (here m = 1, 2, ..., 7 for the 7 models). This is done for both

historical (Eq. 7.5) and future projection (Eq. 7.6) significant wave height values
Hs,m.

Zhist
m =

Hhist
s,m − µhist

m

σhist
m

(7.5)

Zproj
m =

Hproj
s,m − µhist

m

σhist
m

(7.6)

The values of Hs,m were standardized for each of the seven models individually,
then, the storm data (extreme values) were pooled. The EVA was then conducted
on the 1000 highest Z values extracted from the pooled Zm variables. We then
found the 100-year Z100 return period and from this computed H100

s , inverting
Eq. 7.5 and 7.6. The inversion was done using the 7-model ensemble historical
mean, µhist

ens , and standard deviation, σhist
ens . The changes ∆H100

s between historical
and future projection datasets are shown in Fig. 7.15. A second analysis directly
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Figure 7.5: 1979–2005 100-year return period significant wave height, derived from
Peaks over 99.6th percentile Threshold of each global wave model run. Results
obtained without bias correction.
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compared the extreme significant wave height values from the inter-model ensemble
of the historical dataset with the extreme significant wave heights of the inter-
model ensemble of future projections. No bias correction was used in this analysis.
The PoT analysis was performed on the 1000 highest significant wave height peaks
selected as described above. The 100-year return period changes at the end of the
21st Century (Fig. 7.6a) show a similar spatial distribution to the Z-corrected
results (Fig. 7.15), especially at the mid and high latitudes of both hemispheres.

Figure 7.6: Changes in the 100-year return period significant wave height derived
from 1000 data peaks at the end of the 21st Century — RCP8.5 (see Section
7.3). a, Results obtained without bias correction, b, Results obtained with bias
correction applied at the 99.8th percentile level.

The main differences are found in the tropical areas where, as already men-
tioned above, the models have limitations in the representation of extremes (Trop-
ical Cyclones areas in Fig. 7.5). In a third approach, we extracted the 1000 highest
peaks from bias corrected historical and future datasets. We bias corrected each
of the CMIP5/WWIII outputs at the 99.8th percentile level, based on the 99.8th

quantile of a reference climate model run. That is the WWIII wave model forced
with surface winds from the Climate Forecast System Reanalysis (CFSR) of the
American National Centers for Environmental Predictions (CFSR/WWIII run).
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The delta found from the 99.8th percentile quantile of the reference runs, was
then added or subtracted to the cumulative distribution function of each of the
CMIP5/WWIII runs, shifting the tail of the extremes to match the chosen quan-
tile level. This process is similar to a correction with a quantile-based mapping
method (Li et al., 2010) but limited to a single quantile in order to preserve the
variance of each model tail of the extremes. The changes in H100

s (Fig. 7.6b)
using this approach show greater variability than the first two approaches, but the
general distributions are similar, especially at the mid and high latitudes of both
hemispheres, demonstrating the robustness of the results in these regions of the
global oceans.

Changes in the tropical areas remain an open question, and this bias correction
approach introduces larger deviations in the results for these areas. In addition to
this, we test the consistency of Hs future changes, performing an EVA at different
return levels. These correspond to the 1 in 10, 20, 50, and 100-year return periods.
The EVA extreme estimates for each return level are shown in Fig. 7.7, with the
percentage of change of the 2081–2100 RCP8.5 projections relative to the 1979–
2005 period. The results show the different magnitude of the estimates for both

Figure 7.7: Significant wave height return period analysis. The extreme estimates
are derived at different return levels (1 in 10, 20, 50, 100-year return period (RP))
from the ensemble 1000 highest peaks, fitted with an exponential distribution.
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historical and future projection datasets, from the smallest (10-year return period)
to the largest (100-year return period). The percentage of change in significant
wave height by the end of the 21st Century, relative to the 1979–2005 period, is
consistent through the different return period analyzed.

7.3.4 Model contributions

An important element of the pooled model approach is that all the models con-
tribute to the EVA estimates. That is, the peaks composing the tail of the pooled
extremes epdf come from all CMIP5/WWIII runs, rather than a small number
of models dominating the selected extreme values. To test this, the model con-
tributing each of the peaks in the ensemble EVA was tracked. The number of
peaks from each model making up the highest 1000 Z values in the pooled extreme
dataset was determined at selected test locations. The model contribution to the
1000 peaks for non-bias-corrected data is shown for these locations as pie charts
(Fig. 7.8). This figure shows that even without any bias correction, all 7 models
contribute to the fitted probability density function (fpdf) and thus the return pe-
riod estimation. The bias correction process further ensures an even more uniform
contribution to the peaks across the individual models of the ensemble, as shown
in Fig. 7.2.

7.3.5 Statistical significance

Once the 1000 peaks are extracted from the inter-model ensemble, we can boot-
strap the confidence intervals at the 95% level (Breivik and Aarnes, 2017). The
bootstrap technique is performed by resampling 500 times the 1000 pooled peaks.
For each grid point we compute the 100-year return value fitting the exponential
distribution to each permutation cycle (500) sample of the 1000 values. The 95%
confidence level is given by the 0.025 and 0.975 percentiles. The confidence in-
tervals for both historical and future projection H100

s (Fig. 7.9) are significantly
smaller than results found with common EVA techniques (Breivik et al., 2014;
Meucci et al., 2018) (see Fig. 7.10a, d, g). Taking advantage of the reduced sta-
tistical uncertainty we here introduce a test to evaluate the statistical significance
of the extreme significant wave height changes at the end of the 21st Century.
The significant wave height changes at the end of the 21st Century are regarded
as statistically significant if the 95% confidence limits of the historical and future
extremes do not overlap, that is:

|∆H100
s | ≥ 0.5× (CI95,hist − CI95,proj) (7.7)

where ∆H100
s is the difference between historical and future projections of H100

s

(Fig. 7.15), CI95 are the confidence intervals (i.e. the range of values in which we
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Figure 7.8: The relative contributions over individual models to the ensemble of
peaks used for the EVA. Selected locations shown around the world for a histor-
ical (1979–2005) and b future projection RCP8.5 (2081–2100) non-bias-corrected
datasets.

are 95% confident to find H100
s for the historical CI95,hist and the future projection

CI95,proj inter-model ensembles).

Statistically significant values of changes in the H100
s are shown with hatching

in Fig. 7.15. As can be seen in this figure, most areas where the changes in H100
s

are greater than 5% in magnitude (positive or negative) are statistically significant.
One of the major advantages of the pooled ensemble approach used here is that the
reduction in confidence limits of the extreme value estimates means that differences
in extreme values can be determined with greater statistical confidence.

A further demonstration of the increase is statistical confidence due to the
pooled ensemble approach is demonstrated Fig. 7.11 which shows the changes in
H100

s by the end of the 21st Century for RCP8.5 calculated using a Peaks over 99.6th
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Figure 7.9: Bootstrap estimates of the 95% confidence intervals of the 100-year
return period significant wave height for a, historical dataset 1979–2005, b, end of
21st Century RCP8.5.

percentile Threshold (PoT) for each of the individual models in the ensemble. Fig.
7.11 can be directly compared with the ensemble result Fig. 7.15b. Although some
of the spatial variations evident in Fig. 7.15b are evident when considering the
models individually, the increase in statistical variability is evident. Applying the
same approach as above to determine statistical confidence, we find almost none of
changes in H100

s are statistically significant at the 95th percentile level when using
individual models.

A further comparative test was undertaken by evaluating the average of the
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Figure 7.10: Confidence in the historical and future projection estimates of H100
s at

selected locations, and changes in standardized variable probability distributions
for the surrounding 5◦x5◦ regions. a, d and g, compare the confidence intervals of
the 7 models ensemble Z standardized variable (see Section 7.3) with each model
Peak over Threshold approaches at comparable threshold percentile, and the aver-
age of each model EVA. b, e and h compare the histograms of the historical inter-
model ensemble of Z standardized variables with the future projections, focusing
on the highest peaks tail. c, f and i are Quantile-Quantile (Q-Q) plots compar-
ing the historical inter-model Z ensemble and future projections. The differences
between the historical and future projections in the tail of the PDF illustrate pro-
jected changes in the frequency and magnitude of extreme wave heights. Note that
a, d and g, are analyses at a grid point, whereas, b, c, e, f, h and i are analyses
over 5◦x5◦ regions surrounding the selected locations.

changes in H100
s from the individual models in Fig. 7.9. This yielded a result

comparable to the ensemble result, Fig. 7.15b., augmenting confidence in the
robustness of the ensemble approach. However, as shown in Fig. 7.10a, d, g, the
confidence limits using such an averaging approach are still much larger than for



125 7.4. Results and findings

Figure 7.11: Changes in the 100-year return period significant wave height at
the end of the 21st Century — RCP8.5, derived from Peaks over 99.6th percentile
Threshold of each global wave model run. Results obtained without bias correction.

the ensemble approach.

7.4 Results and findings

7.4.1 Model Ensemble

We investigated changes in global 100-year return period significant wave heights,H100
s ,

over the 21st Century, from an inter-model ensemble of 7 global wave model runs
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(using the same WAVEWATCH III v3.14 (Tolman et al., 2009) wave model) forced
with independent GCM surface winds, part of the international Coupled Model
Intercomparison Project phase 5, CMIP5 (Taylor et al., 2012).

As explained in Section 7.3, the present ensemble is part of a larger grouping
of models (Morim et al., 2019) which has been used to examine projected changes
in mean and percentile wave conditions. The sub-set of 7 models was chosen as
the estimation of extreme conditions requires at least 6-hourly data over the full
duration of the model runs, in contrast to the estimation of mean and percentile
projections. Such hourly data was available for this sub-set which was previously
tested for its wind-wave simulation skill (Hemer and Trenham, 2016). The smaller
number of ensemble members renders the present analysis computationally feasi-
ble.

The sub-set was further tested to ensure it was representative of the larger
ensemble, reproducing comparable mean and 99th percentile climatology, as well
as projected changes in both quantities by 2100 (see Fig. 7.1). The ocean wave
extremes were pooled from the ensemble of global wave model runs, which collec-
tively represent an equivalent time period much larger than commonly adopted
EVA approaches (see Section 7.3). To be able to pool the model results in this
manner, the data must be independent and identically distributed (Coles et al.,
2001).

In the present case, we made the pragmatic assumption that the model re-
sults are independent, as each wave model run is forced with a different GCM,
independently initiated. To be identically distributed, the models must generate
comparable extreme values (Meucci et al., 2018) (see Section 7.3). These assump-
tions are verified by pair-wise model comparisons as shown in Fig. 7.3. The tail
of the empirical probability distribution function (epdf) of the synthesized dataset
was constructed as in Fig. 7.2, which demonstrates that there are contributions
from each of the 7 models (identically distributed, see Section 7.3).

Although all models contribute as shown in Fig. 7.2, the contributions are
not uniform, as shown by the nested grey bar plots (Fig. 7.2b, c). This occurs
because the stacked colored bars represent the 1000 peak ensemble of non-bias
corrected Hs model results. A bias correction (see Section 7.3), performed using
the Z standardized variable, largely reduces the uneven contribution of GCMs
such as the MRI-CGCM3 (Fig. 7.2d, e). After the bias correction, we fitted a
probability density function (fpdf) to the pooled data and interpolated the 100-
year return period, as is commonly done in the Peaks over Threshold (PoT) EVA
approach (see Section 7.3). Note that with the ensemble dataset the 100-year
value can be determined by interpolation, rather than extrapolation, which would
be necessary in a conventional EVA. In the case of the ensemble analysis, the
required probability level (100-year value) is within the sampled probabilities.
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Figure 7.12: Magnitude of the 100-year return period significant wave height H100
s

[m] resulting from three different dataset EVAs. a, 1979–2005 inter-model ensem-
ble of the bias-corrected Z standardised variable highest peaks (see Section 7.3),
pooled from global wave model runs forced with 7 GCMs surface winds, b, 1985–
2018 calibrated altimeter dataset using the Peaks over Threshold approach with
exponential distribution fit, c, 1979–2005 Peaks over 99.6th percentile Threshold
for the single global wave model run forced with a reference NOAA CFSR wind
speed (exponential distribution fit).
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The performance of the inter-model ensemble approach is demonstrated in Fig.
7.12. This figure shows the H100

s estimates obtained with the model ensemble, com-
pared with conventional PoT approaches applied to both altimeter data ( 34) and
a single wave model forced with NOAA CFSR winds (Saha et al., 2010). The com-
parison of the H100

s values obtained from both the CFSR-forced wave model run,
and the satellite dataset, shows the level of uncertainties around the extreme esti-
mates (Fig. 7.12). The wave model forced with the CFSR high quality wind field,
which has been calibrated against in-situ and remote ocean observations (Saha
et al., 2010), acts as a model benchmark to compare with the climate simulations.
These climate simulations run just with prescribed boundary conditions, without
any in-situ or remote sensing observation assimilated throughout the years. Note
that this CFSR-forced reanalysis simulation is independent of the ensemble used
(i.e. not a member of the ensemble). Fig. 7.13 shows the differences between the

Figure 7.13: 100-year return period significant wave height differences between
standardized variable corrected inter-model ensemble technique and a single
CFSR-forced model analysed using a Peaks over 99.6th percentile Threshold, Ex-
treme Value Analyses.

model ensemble and the CFSR-forced global distributions of H100
s . Although there

are differences of magnitude between the various approaches, the spatial distribu-
tions obtained with the inter-model ensemble of pooled extremes (Fig. 7.12a),
is remarkably similar to the other datasets processed using traditional EVA ap-
proaches (Fig. 7.12b, c). The main differences are found in the tropical cyclones
areas, where the GCMs are unable to adequately model extremes due to their
coarse resolution (Timmermans et al., 2017) and altimeter data due to their sam-
pling density (Takbash et al., 2018). The spatial distribution and magnitude of
the extreme values estimated from the inter-model ensemble are also remarkably
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similar to previous global significant wave height EVAs (Caires and Sterl, 2005;
Breivik et al., 2014; Wang et al., 2015; Meucci et al., 2018), providing further
support for the multi-model approach. Confidence limits for the magnitude of the
H100

s values vary due to different dataset characteristics and statistical approaches.
The advantage of pooling extreme wave data from an inter-model ensemble of wave
models, is the reduction of the intrinsic uncertainties connected to EVA estimates
(Morim et al., 2018). The pooled dataset, in effect, extends the length of the
available model time series, being representative of a time window longer than
the return period sought (1 in 100 years in this case). This increases the level of
confidence in the extreme value estimates. Fig. 7.14 shows a comparison of 95%
confidence limits for H100

s obtained for both the inter-model ensemble and the
single CFSR-forced model, indicating a reduction in the magnitude by a factor of
approximately 3 (see Section 7.3). As a result, confidence in the determination
of projected changes in significant wave height extremes by the end of the 21st

Century using the inter-model ensemble is also improved.

7.4.2 Extreme value projections

In this study an historical (1979–2005) inter-model ensemble was compared with
an inter-model ensemble of future projections at the end of the 21st Century (2081–
2100), for two different Representative Concentration Pathways: RCP4.5 interme-
diate emissions scenario, and RCP8.5, high emissions scenario (Van Vuuren et al.,
2011). We determined the global H100

s differences between these two periods for
both emission scenarios (Fig. 7.15), with model extreme values bias corrected us-
ing a standardized variable correction technique, which largely reduces the effect
of GCM differences, caused by differences in both physics and model resolution
(see Section 7.3).

Results show that the Southern Ocean is characterized by an overall increase
in the H100

s at the end of 21st Century for both emission RCPs (Fig. 7.15). In
this region the inter-model ensemble estimates show increases of approximately
5% (RCP4.5) to 15% (RCP8.5) for H100

s . The South Pacific shows decreasing
wave extremes around 30◦ S, and a slight increase in the significant wave extremes
around 10S. This indicates a possible strengthening of the trade winds by the
end of the 21st Century, in agreement with recent studies (England et al., 2014).
Increases between 5% and 10% (both RCPs) are indicated in the Indian Ocean
west of Australia and in large areas of the South Atlantic. The changes highlighted
above are all statistically significant, as indicated by the hatching in Fig. 7.15
(see Section 7.3). The Northern Hemisphere shows a more irregular pattern. The
models predict increases in the H100

s at the high latitudes of both the North Pacific
and North Atlantic. However, tests of statistical significance (see Section 7.3 and
Fig. 7.15 hatching), indicate the North Atlantic increases are not statistically
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Figure 7.14: 95% Confidence intervals of the 100-year return period significant
wave height, H100

s , historical time slice. a, bootstrap estimates from the inter-
model ensemble Extreme Value Analysis, b, Peaks over Threshold exponential
fit confidence intervals of the CFSR-forced single model extreme value estimates.
This figure shows the difference of the confidence interval width between the en-
semble technique applied in the main manuscript, and the single model Peak Over
Threshold confidence intervals. The possibility to synthetize a dataset of 189 years
of data significantly increases the confidence around the H100

s estimates.

significant. The projected decrease in extreme significant wave heights of -5%
to -15% in the mid and low latitudes of the North Atlantic basin is, however,
statistically significant.
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Figure 7.15: Percentage change in the 100-year return period significant wave
height by the end of the 21st Century relative to the 1979–2005 period. Standard-
ized variable analysis approach is used for the intervals 1979–2005 and 2081–2100.
a, RCP4.5 mid emission scenario. b, RCP8.5 high emission scenario. The re-
gions with statistically significant changes at 5% level (see Section 7.3, Eq.7.7) are
hatched.
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7.4.3 Uncertainty assessment

To account for differences in the wave climatology across the models in the ensem-
ble, a bias correction approach using a Z standardized variable (Section 7.3) was
used. To investigate the projected changes in extreme significant wave heights in
more detail, we examined the empirical probability distribution function (epdf) of
this Z standardized variable (Section 7.3) at specific locations (Fig. 7.10). This
Z ensemble strongly reduces the uncertainties associated with the H100

s estimates
both from the historical 1979–2005 dataset and the two future projection scenar-
ios. Fig. 7.10a, d, g show that the 95% confidence intervals of the H100

s estimates
at three selected locations from: the ensemble of models, each individual model
and the average across the models. The confidence limits represented by the error
bars in the graphs, are considerably smaller for the ensemble approach than for
any of the single models when analyzed using a common PoT analysis. Fig. 7.10
b, c; e, f; h, i show epdfs from 5◦x5◦ regions around these three specific locations,
the averaging over the region being used to further reduce statistical variability
in the epdfs. The Southern Ocean region around location (120◦ E, 50◦ S) is an
area where the extreme significant wave height is projected to increase. The epdfs
(Fig. 7.10b, c) show that this occurs due to an increase in both the frequency and
the magnitude of extreme events for both RCP4.5 and RCP8.5. The changes in
magnitude are depicted by a shift towards the right of the future scenarios epdfs if
compared to the histogram of the historical dataset. The changes in the Southern
Ocean event frequency are shown by a translation of the future scenario epdfs
along the Y-axis (Fig. 7.10b). The Q-Q plot (Fig. 7.10c) analyzes the details of
these changes. Here, the changes in frequency are shown by the departure of the
future scenarios red and orange quantiles from the 1:1 line in the region of plot
represented by the bulk of the dataset.

The error bars show that the projected changes by the end of 21st Century
are statistically significant for this location (i.e. the error bars do not overlap)
(Fig. 7.10a). The North Pacific region around location (190◦ E, 50◦ N) is also
an area where the extreme significant wave height is projected to increase. In
this case the comparison with the historical dataset (Fig. 7.10e, f) shows that the
epdfs of the two projected emission scenarios are similar in terms of frequency,
but there is an increase in the magnitude of extreme waves by the end of the
century. The confidence limits (Fig. 7.10d) indicate that this change is statistically
significant for both future scenarios. The North Atlantic location (320◦ E, 40◦ N)
is representative of an area where the extreme significant wave height is projected
to decrease. The 5◦x5◦ region epdfs (Fig. 7.10h, i) show that this decrease is
a result of a decrease in both the frequency and magnitude of the extremes, for
both RCP4.5 and RCP8.5 emission scenarios. The confidence intervals, however,
indicate the projected changes are not statistically significant (Fig. 7.10g).
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7.4.4 Change in frequency of extremes

An additional investigation of changes in the frequency of extreme events was un-
dertaken by determining, for each single wave model, the number of extreme events
above defined thresholds for both the historical (1979–2005) and future projection
(2081–2100) datasets. For each model the threshold was set as a percentile of the
historical dataset. The number of extremes above this value, for both the historical
and future projection datasets of each model, were obtained, and then the 7-model
difference in the number of extremes (count/years) between historical and future
projection was computed (see Section 7.3). Initially we tested a 99.6th percentile
threshold, that approximately corresponds to the percentile, over the total number
of model outputs, of the 1000 storm events pooled for the EVA performed at each
location of the globe. To confirm the consistency of the results we also tested a
90th percentile threshold.

Fig. 7.16a shows the change in the number of events above the 90th percentile
level and Fig. 7.16b shows the case for the 99.6th percentile threshold. For the
Southern Ocean the increase in the H100

s is associated with an increase in the
number of extreme storms. This is a consistent result for both thresholds (Fig.
7.16). Thus, the change in frequency of these events impacts the return period
estimates. In the North Pacific we found an increase in significant wave height
at the end of the 21st Century (Fig. 7.15), but there is no significant increase in
the frequency of occurrence of these events (Fig. 7.16). Here, it is an increase
in the magnitude of the events which is responsible for the changes in the 100-
year return period significant wave height. The projected decrease in values in
the North Atlantic is associated with a decrease in the frequency of the extremes
(approx. 1 event less per year for the 99.6th percentile threshold).

7.4.5 Tropical Cyclone generated wind-wave extremes

Tropical Cyclone (TC) generated wind-wave extremes deserve separate discussion
as the coarse resolution of the GCMs and the physics schemes used may limit the
representation of TC extreme winds, and consequently the modelled wind-wave
extremes. The present 7-model ensemble dataset performance in reproducing TC
wind-waves was analyzed and validated against observations by Shimura et al.
(2017) in the Western North Pacific region. The analysis shows that 3 out of 7
models can represent at least 80% of the TCs frequency, as well as winds over
30 m/s. These models are the BCC-CSM1.1, the MIROC5, and MRI-CGCM3.
The ability of these models to depict TC wind-wave extremes is also shown in
Fig. 7.17 where, for selected NDBC buoy locations, we compare the bias corrected
7-model ensemble wave heights with buoy and satellite altimeter wave height mea-
surements. Additionally, in Fig. 7.5 an EVA is performed for each of the wave
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Figure 7.16: Changes in extreme event frequency. a, changes in the number of
extreme events per year over the historical 90th percentile threshold between the
historical dataset 1979–2005 and future projection 2081–2100 for RCP8.5. b, as for
a but for the historical 99.6th percentile threshold. The similar spatial variability
demonstrates consistency of the results for different selected thresholds.

model runs for the 1979-2005 historical period to show the differences between
each model EVA performance in TC regions. Thus, the 7-model ensemble has



135 7.4. Results and findings

Figure 7.17: Comparison of the bias corrected Z-ensemble wave height with NDBC
buoy and satellite altimeter measurements. Quantile-Quantile (Q-Q) plots at four
selected locations (positions marked on top map). a, b, TC locations where the
ensemble underestimates extremes. c, d, extra-TC regions where the ensemble
performs well against buoy and satellite measurements, with slightly higher ex-
tremes.
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only limited accuracy in representing such events, and, as can be seen in Fig ...,
underestimates extremes in tropical cyclone regions. However, it is useful to inves-
tigate the magnitude and frequency changes (Fig. 7.15 and Fig. 7.16) in major TC
regions (the Western and Eastern North Pacific, the North Indian, South Indian,
and South Pacific, the Caribbean/Gulf of Mexico, and the open North Atlantic -
https://www.ncei.noaa.gov/news/inventory-tropical-cyclone-tracks), and how the
GCM projections perform in these regions. Fig. 7.15 shows statistically signifi-
cant decreases in the magnitude of H100

s in TC regions, except for the North West
Pacific. Fig. 7.16 shows that the frequency of TC extreme wind-wave events de-
creases globally by 2100. According to the recently published IPCC Special Report
on the Ocean and Cryosphere in a Changing Climate (Collins et al., 2019), and
reference reviews on global future projections in TC events (Walsh et al., 2016;
Knutson et al., 2019), there is medium confidence on a general future projected
increase in Category 4 and 5 TC events. If this is the case, H100

s future projected
values should also increase as a result of the shift in magnitude of TC events. This
differs from the results obtained with the present 7-model ensemble EVA (Fig.
7.15). However, there is also emerging evidence (low confidence) on a reduction
in the frequency of TCs (Knutson et al., 2019; Collins et al., 2019), which is in
agreement with Fig. 7.16 results. It should be noted that both the intensity and
frequency of the 1000 pooled peaks will impact the EVA. Thus, the reduction in
frequency would partially counteract the increase in TC intensity, thus reducing
the H100

s future projected estimates.

As noted above, global wind-wave extreme projections in TC regions are af-
fected by CMIP5 GCM resolution, and model physics that limit the confidence
around the estimates of TC wind-wave events (Walsh et al., 2016). However, the
present EVA approach can infer some information on TCs, derived from a lim-
ited number of models contributing to the ensemble. In the future, this approach
could take advantage of CMIP6 higher resolution GCMs, with improved physics,
to force a high resolution global wave model (horizontal resolution of at least
0.25◦(Timmermans et al., 2017)), to estimate TC generated wind-wave extreme
future changes. In this way, the ensemble approach performance would be signifi-
cantly improved, as a much larger amount of information on TC wind-wave events
would be embedded in the pooled highest peaks. In that case, we could estimate
changes in TC generated wind-wave extremes, as opposed to non-TC generated
waves, arguably still dominant in the present ensemble dataset (Shimura et al.,
2017). At the present level of accuracy, special care must be taken in interpreting
the changes in H100

s in TC regions.

https://www.ncei.noaa.gov/news/inventory-tropical-cyclone-tracks
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7.4.6 Change along global coastlines

A potential consequence of the projected changes in extreme wave conditions will
be enhanced shoreline erosion and possibly coastal flooding in some regions.

Figure 7.18: Percentage change in 100-year extreme value significant wave height
along the global coastline between the historical dataset 1979–2005 and future
projection 2081–2100 for RCP8.5.

Fig. 7.18 shows the projected changes in H100
s along the worlds coastline in 2100

for RCP8.5. This was determined by assigning the change in H100
s at the closest

model point to the coastal segment. Clearly, this assessment ignores potential
nearshore refraction and shoaling at this global scale.

Table 7.2 shows the lengths and percentage of global coastline changes in H100
s

in 5% increments. A total of 59% of the worlds coastlines are projected to experi-
ence an increase in extreme wave conditions for the RCP8.5 (Table 7.2). Consistent
with Fig. 7.15b, high latitude regions of both hemispheres are projected to have
an increase in extreme significant wave height, whilst lower latitudes generally see
a decrease. It should be noted, however, that due to model resolution, tropical
cyclone generated waves are poorly resolved. Therefore, there is less confidence in
the projected changes in H100

s in these tropical regions (30◦ S to 10◦ S, 10◦ N to 30◦

N) (see Section 7.3). Although Fig. 7.15b shows increases in H100
s in the Southern
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Table 7.2: The percentage change in 100-year significant wave height along coast-
line by 2100 for both RCP4.5 and 8.5.

RCP4.5 RCP8.5
H100

s Coastline Coastline
(% change) (Km) (%) (Km) (%)

-20% to -15% 9,643 0.89 7,399 0.69
-15% to -10% 13,130 1.22 25,281 2.34
-10% to -5% 69,208 6.42 120,625 11.18
-5% to 0% 277,810 25.76 285,227 26.45
0% to 5% 499,537 46.32 365,741 33.91
5% to 10% 168,420 15.62 18,2163 16.89
10% to 15% 33,053 3.06 68,087 6.31
15% to 20% 7,737 0.72 24,015 2.23

Ocean up to 20%, these large increases are generally at latitudes further south
than the majority of continental coastlines. The southern tip of South America
is projected to experience an increase of approximately 20%, with the west coast
of New Zealand and Tasmania experiencing an increase of 10 to 15%. Increases
of 10 to 15% are also projected for the coasts of the North Pacific (Canada and
Kamchatka Peninsula). As shown in Fig. 7.15 (see Section 7.3) changes in the
magnitude of H100

s less than 5% are generally not statistically significant.

7.5 Discussion and Conclusions

The ensemble approach adopted here has the major advantage that the result-
ing values of H100

s have considerably smaller confidence intervals than if estimates
from a single model were used. This is an advantage when investigating changes
in values of H100

s . The reduction in the magnitude of the confidence intervals can
be seen at specific locations in (Fig. 7.10a, d, g), and globally in Fig. 7.14 and 7.9.
This allows the determination of projected changes in extremes with much greater
statistical confidence. As a result, the present analysis has been able to estimate
statistically significant changes in extreme significant wave height on a global ba-
sis. Although projected changes in extreme events appear robust, intra-model
uncertainties, as well as uncertainties that arise from atmospheric downscaling
and wind-wave modelling are not addressed by this analysis (Morim et al., 2019).
Furthermore, some regions of the global oceans affected by local climate variability,
such as tropical cyclones, present higher uncertainty due to model limitations in
representing these natural phenomena at the current model resolutions (Shimura
et al., 2015; Walsh et al., 2016; Appendini et al., 2017; Timmermans et al., 2017;
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Shimura et al., 2017; Collins et al., 2019; Knutson et al., 2019). Whether tropi-
cal cyclones are increasing in frequency or magnitude remains an open question
(Landsea et al., 2006; Walsh et al., 2016; Patricola and Wehner, 2018; Collins et al.,
2019; Knutson et al., 2019). However, increasing resolution and improved physics
of next generation models will further address remaining sources of uncertainties,
with increasingly accurate estimates of the changes in future projected extreme
significant wave heights. Furthermore, we advocate for a continuous archiving of
data from GCMs, to ensure long climate record. These GCMs are already run over
centennial time-scales, but high temporal data is archived only for limited time
slices.



Chapter 8

Conclusions and Future Research

Marine structures and coastal defences are impacted by the action of waves. Ex-
treme waves are particularly dangerous as they pose the highest risk to human lives
and assets. Throughout this thesis, we discussed the importance of accurately es-
timating the design sea state, that is the maximum significant wave height which
can be expected over a N year period. We particularly focused on the 100-year
return period, as this is the most common design sea state sought for many engi-
neering applications. We investigated the challenges related to reliable estimation
of the 100-year return period, and analyzed a series of works on the topic.

The thesis then developed, and tested, a novel Extreme Value Analysis (EVA)
approach which improves the confidence around 100-year return period estimates
of ocean surface wind speed and wave height. This approach proved to be funda-
mental in reducing the statistical uncertainties around design sea state estimates.
Comparison with other datasets and previous EVA showed the validity of such an
approach.

The advantage of this approach is that we were able to synthesise an equivalent
time series far longer than the ones commonly available from observations and
model output. Furthermore, comparing our results with different models we were
able to identify the best available model datasets to estimate long-term extremes.

This initial work considered the wave climate as stationary. However, we know
that this is not the case as shown by studies on satellite measurements (Young
et al., 2011; Young and Ribal, 2019), in-situ observations (Allan and Komar, 2000;
Gower, 2002; Gulev and Grigorieva, 2004; Ruggiero et al., 2010; Hemer et al.,
2010), and model hindcasts and reanalyses (Aarnes et al., 2015; Wohland et al.,
2019).

Past climate trends are still under discussion due to many limitations and
inconsistency found in the trends (Bengtsson et al., 2004; Weisse, 2010; Gower,
2002; Hemer et al., 2010). This led to investigation of such changes and we found
inconsistency in the trends of wind and wave mean climate as determined from 20th
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Century climate models and reanalyses. However, we identified agreement between
datasets on a possible signal in Southern Hemisphere wind speed changes over the
last part of the 20th Century that could trigger changes in the wave climate.

As the mean wave climate is changing, we applied the ensemble approach
methodology, developed in the first part of the thesis, to an inter-model ensemble
of global WWIII wave model runs, forced with seven different GCM surface wind
fields. The comparison between the 1979–2005 and 2081–2100 periods, found, for
the first time, statistically significant projected changes in wind-wave extremes by
the end of the 21st Century, for the high emission scenario RCP8.5.

This is an important finding of the thesis, as for the first time we were able
to reduce the confidence interval around future extreme estimates, and provide
insight into how the extreme wave climate is projected to change.

The main limitation of the three projects presented is the interpretation of
Tropical Cyclone generated waves. We acknowledged, throughout the thesis, that
particular care is needed in the interpretation of the 100-year return period esti-
mates in TC regions. This is due to the coarse resolution of the global models,
that limit a correct representation of these localized events.

However, this work has strong potential for the estimation of TC extreme wind-
waves. Models with resolution higher than 0.25◦ can be used (Timmermans et al.,
2017), to robustly estimate TC wind-wave 100-year return period values.

In conclusion, the present thesis first developed the ensemble EVA approach
(Breivik et al., 2013, 2014; Meucci et al., 2018) for a stationary case, and then
applied such an approach to find future wind-wave extreme estimates. The aim
is to contribute to the IPCC sixth Assessment Report (AR6), and improve the
understanding of extreme wind-wave events in a changing climate. This will sup-
port resilient strategies for the design of marine offshore structures and coastal
defences.

8.1 Future work

As pointed out by Morim et al. (2019), the natural way forward in the under-
standing of the wind-wave climate, and thus its extremes, is the use of ensemble
products, as the information that we can extrapolate from such products may re-
duce, or explain, some of the numerous sources of uncertainty in the determination
of wind-wave climate (Morim et al., 2018). Thus, following are a number of possi-
ble extensions to the present thesis, that we believe could significantly contribute
to research in this field.
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Interpretation and improvement of ensemble reanalysis products

An interesting study would be to elaborate on aspects involved in the sources
of uncertainty connected to the predictability of extreme wind-wave climate, us-
ing ensemble spread products, now available from novel reanalyses such as the
ECMWF ERA5. This product considers the uncertainties connected to the at-
mospheric flow. No ocean wave ensemble spread is produced by ECMWF, but it
is of scientific value to investigate how the wave model RMSE compares to the
ensemble spread of the atmospheric product. A possible outcome of the study
could be to suggest the production of an ocean ensemble spread as is done for the
atmospheric model.

Ensemble of TC generated wind-waves

To improve the estimation of the 100-year wind-wave return period in TC regions,
the present thesis ensemble EVA approach could be applied to a series of high-
resolution model runs of virtually simulated TCs. Such information, with the
available high-resolution, would significantly improve the extreme value estimates,
giving insights into these crucial phenomena. This would then help practitioners
in mapping the extreme climate of TC regions.

The same approach can then be applied for future extremes, using different
RCPs from a series of high resolution GCMs (Shimura et al., 2015).

CMIP6 global climate models

A logical extension to the future extremes work presented in chapter 7 would
be to use the recently developed CMIP6 models. To do this we would need to
run a global wave model with the new surface wind products, and evaluate the
performance for mean wave climate. In this way, we could extrapolate information
on the extremes, and apply the inter-model ensemble approach as in chapter 7.





Acronyms

4D-Var Four-Dimensional Variational scheme

AMM Annual Maxima Method

BoM Australian Bureau of Meteorology

CFSR Climate Forecast System Reanalysis

CMIP Coupled Model Intercomparison Project

COWCLIP Coordinated Ocean Wave Climate Project

Cy41r1 Operational forecast - Cycle 41 round 1

DIA Discrete Interaction Approximation

ECMWF European Centre for Medium-Range Weather Forecasts

EDA Ensemble Data Assimilation

ENS Ensemble

ERA-15 ECMWF European ReAnalysis 15

ERA-40 ECMWF European ReAnalysis 40

ERA-I ECMWF European ReAnalysis Interim

ERA5 ECMWF European ReAnalysis 5

EVA Extreme Value Analysis

EVT Extreme Value Theory

GCM Global Circulation/Climate Model
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GEV Generalized Extreme Value

GMAO NASA Global Modelling and Assimilation Centre

GP Generalized Pareto

i.i.d. independent and identically distributed

ICOADS International Comprehensive Ocean-Atmosphere Data Set

IDM Initial Distribution Method

IFS Integrated Forecasting System

IMOS Integrated Marine Observing System

IPCC Intergovernmental Panel on Climate Change

JCOMM Joint technical Commission for Oceanography and Marine Meteorology

JMA Japanese Meteorological Agency

JONSWAP Joint North Sea Wave Project

NCEP National Centers for Environmental Prediction

NDBC National Data Buoys Center (USA)

NOAA American National Oceanic and Atmospheric Administration

NWP Numerical Weather Prediction

POT Peaks Over Threshold

RCP Representative Concentration Pathway

SAR Synthetic Aperture Radar

SRA Scanning Radar Altimeter

SRES Special Report on Emission Scenarios

SREX Special Report on Managing the Risks of Extreme Events and Disasters
to Advance Climate Change Adaptation

SSP Shared Socio-Economic Pathway(s)
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SWH Significant Wave Height

VOS Voluntary Observing Ships

WAM WAve Modeling

WMO World Meteorological Organization

WMO-IOC World Meteorological Organization Intergovernmental Oceanographic
Commission

WWIII WaveWatch-III
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