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Abstract

PhD Thesis
by Emanuele Bevacqua

Many extreme geophysical impacts result from compound events (CEs), i.e. from the
joint occurrence of underlying contributing events. Here, a conceptual model is de-
veloped, which allows for assessing the CE hazard in present day and future climate.
The model is implemented via pair-copula constructions and includes physical predic-
tors which (i) provides insight into the processes underlying CEs, as well as into the
temporal variability of CEs, and (ii) allows for statistical downscaling of CEs. Based
on this model, (1) compound ooding (CF), that happens along low-lying coastal areas
when a storm surge obstructs the precipitation runo into the sea, and (2) soil moisture
drought are studied.

(1) The results show that, in the present, the European locations experiencing the highest
CF probability are mostly located along the Mediterranean Sea. In the future (RCP8.5
scenario), the CF probability will increase over Northern Europe, mostly due to an in-
tensi cation of precipitation extremes. It is highlighted that local CF risk assessment
should consider the dependence between CF drivers to avoid potential risk underesti-
mation. In the future, CF should be considered as a potential hazard aggravating the
risk caused by mean sea level rise in several European regions.

(2) Soil moisture drought is studied as a CE of precipitation and potential evapotranspi-
ration (PET) in Europe during summer. Precipitation is found to be the main driver of
soil moisture drought. In dry climates, where evapotranspiration (ET) is moisture lim-
ited in summer, PET does not improve the estimation of soil moisture. Thus, drought
indices including PET should be interpreted carefully, within the context of the climate
in which they are applied.

Also, based on this conceptual model, long compound hot and dry conditions in Eu-
rope are studied, and multi-site daily precipitation on Austrian river catchments are
statistically downscaled. Thus, the model could be used for studying other CE types.



Zusammenfassung

Doktorarbeit
vorgelegt von Emanuele Bevacqua

Viele Naturkatastrophen resultieren aus compound events (CEs), d.h. aus gemein-
sam auftretenden Gefahrdungsereignissen. Es wird deshalb ein konzeptionelles Modell
entwickelt, das die Beurteilung der CE-Gefahr ermoglicht. Das Modell ist via pair-
copula constructions entwickelt und beinhaltet physische Pradiktoren, die (i) Einblicke
in die Prozesse und in die zeitliche Variabilitat der CEs liefern, und (ii) eine statistis-
che Herunterskalierung der CEs ermoglichen. Basierend auf diesem Modell werden (1)
Uber utungen (compound ooding, CF), die sich entlang der Kustengebiete ereignen,
wenn eine Sturm ut den Niederschlags uss ins Meer verhindert und (2) Bodentrocken-
heit untersucht.

(1) Im ersten Fall wird gezeigt, dass in Europa die hochsten CF-Wahrscheinlichkeiten
uberwiegend entlang der Mittelmeerkusten auftreten. In der Zukunft (RCP8.5 Szenario)
wird die CF-Wahrscheinlichkeit, vor allem aufgrund einer Intensivierung der Nieder-
schlage, in Nordeuropa zunehmen. Um eine mogliche Unterschatzung des Risikos zu
vermeiden, sollte eine lokale CF-Risikobewertung die Abhangigkeit zwischen den CF-
Treibern berucksichtigen. In Zukunft sollte CF als potentielle Gefahr betrachtet werden,
da sie das Risiko eines mittleren Meeresspiegelanstiegs verscharft.

(2) Im zweiten Fall wird die Bodentrockenheit als CE von Niederschlagen und poten-
tieller Evapotranspiration (PET) in Europa im Sommer untersucht. Es ergibt sich,
dass Niederschlage der Haupttreiber fur Bodentrockenheit sind. In trockenen Klima-
zonen, in denen die Evapotranspiration (ET) im Sommer begrenzt ist, verbessert PET
zur Abschatzung der Bodenfeuchte nicht. Eine sorgfaltige Interpretation von Trocken-
heitsindizes einschlie lich PET im Kontext des jeweiligen Klimas ist notwendig.

Auf der Grundlage dieses konzeptionellen Modells wurden lange, hei e und trockene Be-
dingungen untersucht und tagliche Niederschlage statistisch herunterskaliert. In weiterer
Folge konnte das Modell fur das Studium anderer CE-Typen verwendet werden.
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1. Introduction

"Although there may be no immediate cause for alarm about the conse-
guences of carbon dioxide increase in the atmosphere, there is certainly need
for further study. We need to have a better assessment of where the carbon
dioxide goes after it has been dispersed from our chimneys [...] The develop-
ment of increasingly sophisticated numerical simulation of the global climate
seems the only possible approach in spite of the e ort involved®®

- John Stanley Sawyer, Nature (1972)

The evidence of anthropogenic climate change continues to strengthém®, and the as-
sociated changes in extreme weather and climate events threat the society. To reduce
the impacts arising from climate change, societies can adapt to the changing risk and/or
mitigate greenhouse gas emission causing anthropogenic climate change. The planning
of adaptation and mitigation measures is mostly based on model projections of the
future climate. However, climate models are numerical representations of our current
knowledge of the climate system, and model simulations are a ected by uncertainties
which are partially irreducible because driven by the chaotic behaviour of the climate
system. But another part of the uncertainties is driven by climate model errors, which
can be reduced through a better understanding of the climate system. Thus, such a bet-
ter understanding would contribute providing more credible future climate projections,
with unevaluable benet to society. The climate community has done much e ort to
increase our knowledge of the climate system, however, many challenges still need to be
addressed. One of these challenges is the understanding of many of the extreme impacts
that are driven by multiple events.

On the 6 of February 2015, a low-pressure system that developed over the north of
Spain moved across the Island of Corsica into Italy. The low pressure itself (Figure 1.1)
and the associated southeasterly winds drove a storm surge along the northern Adriatic
coast, especially in Ravenna (ltaly). There, alongside the storm surge, large amounts of
precipitation fell in the surrounding area causing high values of discharge in small rivers

3



1 Introduction

Figure 1.1: Atmospheric conditions during a compound ooding (CF) in
Ravenna. Sea level pressure and total precipitation on & February 2015, when the
coastal area of Ravenna (indicated by the yellow dot) was hit by a CF.

near the coast. These river discharges were partially obstructed from draining into the
sea by the storm surge, which then contributed to major ooding along the coast. Such
a compound ood (CF) is a typical example of acompound event (CE) CEs result from
a combination of multiple events (represented by thecontributing variables), which in
isolation might not be extreme themselves, but when occurring simultaneously or in
rapid succession have an extreme impaét® (i.e. the CE impact). Likewise, the tempo-
ral persistence of known extreme events can strongly exacerbate the induced impacts.
Understanding CEs is a complex undertaking*, as it requires the understanding of mul-
tiple phenomena, and how these interact to drive the extreme CE impact. In addition to
(1) CF, other examples of CEs are: (2) soil moisture drought, which can have a negative
impact on agriculture, and it is driven both by scarcity of precipitation and by the evapo-
transpiration; (3) persistent concurrent meteorological drought and heatwave conditions,
whose combination can increase the likelihood of wild res, threaten vegetation health,
e.g., prompting tree mortality, and negatively a ect the global economy#6:103150,207,214

Despite many extreme geophysical impacts are caused by CEs, and the associated major
economic and human losse€3®, climatological studies have mostly focused on univariate
and individual, mostly short-term, events; such an approach may lead to an underes-
timation of the risk associated with extreme events. Furthermore, when the impact is
addressed as compound, the dependencies among the contributing variables often are
not taken explicitly, or not taken at all, into account during the risk assessments, which
may lead to serious risk underestimatiort®29214, Studies have only started focussing
on CEs, as underlined by the Intergovernmental Panel on Climate Change (IPCC), and
more research addressing this class of events is requir€d. For understanding the risk
associated with CEs in present and future climate, some questions are critical: (1) Which
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are the contributing variables (and the associated physical drivers) de ning CEs? (2)
How is the CE risk assessment in uenced by the dependence of the CE contributing
variables? (3) Both for present and future climate, which are the locations most prone
to a given CE impact? Furthermore, as climate models are crucial tools for understand-
ing how CEs will change in the future, the following questions are relevant: (4) How
do existing models represent the CE contributing variables and the associated physical
drivers? (5) How are these CE physical drivers expected to change in the future? Thus,
(6) what is the probability of CEs to occur in future climate and what are the associated
uncertainties?

This thesis aims to advance the research by developing the rst conceptual model for
CEs, implemented via multivariate statistical methods, that allows for answering the
mentioned questions for a given CE type. Based on this model, we study CF and soil
moisture drought. This thesis thereby addresses some of the key challenges identi ed in
the World Climate Research Programme (WCRP) Grand Challenges on Weather and
Climate Extremes, which highlighted the relevance of CEs to climate scienc®’.

Multivariate statistical modelling of CEs o ers many advantages, however no statisti-
cal models have been developed for CEs, and here we aim to close this research gap.
Statistical modelling of CE can be employed for (1) downscaling of CEs, which is re-
quired to extend the CEs risk assessment to the past or future climate, where climate
models either do not simulate realistic values of the local variables driving the extreme
events or do not simulate them at all. In general, downscaling of CE is possible both
via dynamical models and with a combination of dynamical and statistical models; but
employing statistical models often is a valid and computationally less expensive alterna-
tive to dynamical models. Furthermore, statistical and dynamical modelling of CEs are
exchangeable only to some extent, indeed statistical models are useful for (2) validating
the output of the dynamical models themselveg®, e.g. for validating the covariabity
of the contributing variables of CEs?°. Also, multivariate statistical modelling of CEs
allows for: (3) understanding the physical drivers of CEs and of their changes through,
e.g., conditional sensitivity analysis!®2%:93.94 (4) Extrapolating statistical estimates of
extreme events, e.g. return periods, where purely empirical estimates are likely biased
due to the rarity of the extreme events; statistical modelling also allows for (5) obtaining
uncertainty ranges around such estimates.

However, due to the complex dependence structure between the CE contributing vari-
ables, advanced statistical models are necessary to statistically model the multivari-
ate probability density function (pdf) of the CE variables. In this thesis, we employ

Pair-copula constructions (PCCs). These have been recently introduced in climate sci-
ence’%86:125 and are a very promising tool for modelling CEs. Modelling CEs employing
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a standard multivariate Gaussian distribution would not provide satisfactory results.
The Gaussian distribution would assume that the dependencies between all the vari-
able pairs are of the same type and without any dependence of the extreme events, and
that all of the marginal distributions are Gaussian. To solve the latter problems, the
use of copulas has been introduced in geophysics and climate scieh&e'*!, and it is
now widely used when studying CE$%214. However, multivariate parametric copulas
lack exibility when modelling systems with high dimensionality, where heterogeneous
dependencies exist among the di erent paird. This lack of exibility of copulas would
be a limitation for many types of CEs. Thus, here we use PCCs, which decompose
the dependence structure into bivariate copulas and give greater exibility in modelling
generic high-dimensional systems compared to multivariate parametric copulas>1>67,

In this context, the objectives of this thesis can be divided into four parts.

" Conceptual model development. Develop a conceptual model for CEs in two
versions. A non-conditional version, which allows for resampling the observed CE
characteristics, and get robust risk estimates, including risk uncertainties. A con-
ditional version, which allows - in addition - for simulating the CE impact given
predictors, e.g., large-scale meteorological processes that provide insight both into
the past and future temporal variability of CEs and in the involved physical mech-
anisms. As described below, the model will be employed for studying CEs, thus
the model performances will be extensively assessed. In particular, to implement
the model, we will use PCCs and test their e ciency for modelling CEs. The
conceptual model has been presented in Bevacqua et &, and the routines to
sample from conditional pdfs decomposed via PCCs were published within the
CDVineCopulaConditional R-package'8.

Based on the developed model, we will study:
" CF in Ravenna (ltaly). Driven by the event of the 6" of February 2015, we
study CF in Ravenna. To explicitly quantify the ooding probability, we de ne
the CF impact, i.e. the water level driven by sea and river levels. We use meteoro-
logical predictors to extend the analysis to the past, and get a more robust hazard
assessment. We quantify the CF return periods including uncertainty estimates,
and the e ect of the dependence between the contributing variables on the nal
return period estimate. This part of the work is presented in Bevacqua et all®.

Present and future CF probability along the European coast. Despite the
CF relevance, a comprehensive CF assessment beyond individual locations at the
country scale is missing. Furthermore, extreme precipitatiort?3, river ooding ©°,
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and extreme sea level¥’641% gre expected to increase under future climate change.
Therefore it is likely that also the CF probability will increase along with these
driving processes. However, future CF probabilities, taking into account future
changes of precipitation, storm surges, waves, and astronomical tides, have not
been assessed yet. In Bevacqua et &P, based on climate model simulations,
we estimate the CF probability along the European coast both in the present
and in future climate under the business-as-usual (RCP8.5) scenario. Our study
identi es regions potentially facing CF, and detect the physical drivers leading to
future changes in the CF hazard. Furthermore, here the conceptual model is also
used to evaluate how climate models represent the CF drivers.

The contribution of potential evapotranspiration (PET) and precipi-

tation to soil moisture drought in Europe. Soil moisture observations are
sparse, and an explicit representation of soil moisture via physically based land
surface models is di cult. Thus, drought indices incorporating precipitation and
temperature through PET are often employed as proxies of soil moisturé>187,
However, the question remains whether such indices can provide an adequate rep-
resentation of soil moisture drought®®. Understanding the contribution of PET
and precipitation to soil moisture in di erent climates can help in the interpreta-
tion of soil moisture future changes as depicted by drought indices. In Manning
et al. %3, we have analysed soil moisture drought in wet, transitional and dry cli-
mates in Europe during summer as a CE of precipitation and PET. We assessed
the individual roles of these two variables (integrated on multiple timescales) and
that of their dependence structure to the estimation of soil moisture.

Furthermore, this conceptual model has been employed for multivariate statistical down-

scaling of the precipitation eld in Switanek et al. 166, Also, the framework has been

used for studying persistent concurrent drought and heatwave conditions over Europe

in Manning et al. ®*. These two works will be only brie y discussed in the conclusions

of the thesis (chapter 7).

How to read the thesis. In chapter 2, | provide a general description of CEs in the

context of the climate system, including a review of the typical modelling approaches

used for CF and soil moisture drought. In chapter 3, | present the conceptual model

and the main statistical methods that will be used in the thesis; this part is important

to understand the next chapters, where the conceptual model will be employed. The

studies of CF in Ravenna, CF along the European coast, and soil moisture drought in

Europe are presented in chapters 4, 5, and 6, respectively. These three chapters are

independent of each other, and each of them includes a nal discussion and conclusions.
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1 Introduction

The conclusions of the thesis, including a summary of the results, and an outlook on
possible future research will be given in chapter 7. In the text, sometimes, the reader
will be directed to the appendices for more technical details.



2. Modelling of compound events

In this chapter, | give a brief overview of the modelling approaches used in climate
science in the context of climate change. Then, | introduce compound events (CESs),
focussing on the description of compound ooding and soil moisture drought, and on
how these two CEs have been modelled in the literature so far. The last section of
the chapter provides a discussion of advantages and limitations of statistical modelling
of CEs. Part of the content of this chapter can be found in Bevacqua et al%2° and
Manning et al. %3.

2.1 A changing climate

Climate is usually de ned asthe "average weather”, or more rigorously, as the statistical
description in terms of the mean and variability of relevant quantities over a period of
time ranging from months to thousands or millions of years?. The classical period is
30 years, as de ned by the World Meteorological Organization (WMO)32,

Climate changes both because of natural and anthropogenic reasots In general, cli-
mate variations may result from internal interactions between the components of the
climate system, such as the interaction between atmosphere and ocean in the tropical
Paci c that leads to the Nino-Southern Oscillation (ENSO) (Fig. 2.1c). Furthermore,
climate can vary because of external forcings such as volcanic eruptions and changes in
solar irradiation. In addition to these naturally-driven external forcings, the last century
has seen anomalous greenhouse gas (GHG) emissions that has led to an average global
warming!28. The accepted evidence of the current climate change is based on multiple
indicators, such as increasing surface temperature (Fig. 2.1a), which in turn leads to
ice melting (Fig. 2.1b), and increasing precipitation extremes”, sea leveP’ 64195 and
upper-ocean heat content®3. Both models and theory agree on attributing much of
global warming to anthropogenic GHG emission: the current average global tempera-
ture would have been substantially lower without anthropogenic GHG emission (Fig.
2.2).



2 Modelling of compound events

Figure 2.1: Physical evidence of climate change. (a) Global annual mean surface
temperature anomaly. (b) Arctic summer sea-ice extent. (¢) Annual mean Southern
Oscillation (ElI Nino/Southern Oscillation) Index derived from surface pressure mea-
surements at Tahiti and Darwin. Reprinted and adapted from Shepherd:.

Climate change is one of the major threats to humanity of the 21st century. With-
out adaptation to or mitigation of climate change, human and economic losses will be
intolerable by society. For example, without adaptation to sea level rise, 0.2-4.6 % (de-
pending on the future GHG emissions) of the global population is expected to be ooded
annually in 2100, therefore, although very expensive, adaptation will be widespread to
overcome damages which would otherwise be intolerab®. To contribute addressing the
climate change challenge, the IPCC was set up in 1988 by the World Meteorological Or-
ganization (WMO) and United Nations Environment Programme (UNEP). The IPCC
provides policymakers with reports of the current scienti ¢ knowledge about climate
change and its impacts, and with options for adaptation and mitigation.

To assess the climate change impacts, models are employed to obtain projections of
the future climate. Such projections are climate predictions conditional on plausible
scenarios of future GHG concentration trends. The IPCC Fifth Assessment Report has
adopted four scenarios, namely the Representative Concentration Pathways RCP2.6,
RCP4.5, RCP6, and RCP8.5, whose de nition is based on the concept of radiative
forcing. The radiative forcing is "the rate of energy change per unit area W=m?) of the
globe as measured at the top of the atmospheré®?!, and it is used as a measure of the
in uence that GHG concentration has in altering the balance of incoming and outgoing
energy in the Earth-atmosphere system.

The RCP scenarios prescribe a range of plausible future radiative forcings (Fig. 2.3).
For example, the RCP8.5 corresponds to a radiative forcing increase of 8.8/=m? in
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Figure 2.2: Historical global mean surface temperature anomalies. Anomalies
relative to the period 1901 to 1950, as observed (black line) and as obtained from
simulations with both (a) anthropogenic and (b) natural forcings. (a) The thick
red curve shows the multi-model ensemble mean and the thin yellow curves show the
individual simulations. Vertical grey lines indicate the timing of major volcanic events.
(b) As in (a), except that the simulated global mean temperature anomalies are for
natural forcings only. The thick blue curve shows the multi-model ensemble mean
and the thin lighter blue curves show individual simulations. Reprinted from Randall
et al. 128,

2100 relative to pre-industrial conditions in 1750 (Fig. 2.3b)!%°. This scenario assumes

that GHG emissions will continue increasing until the end of the century (Fig. 2.3a),

and atmospheric CO, concentrations will more than triple by 2100 relative to 1750.
In 2011 the radiative forcing was already about 2.29 ([1.13-3.33]yV=m? larger than in
1750 (ref®%). In chapter 5, we use the RCP8.5 when estimating future changes in the

probability of potential compound ooding in Europe.

2.2 Climate models, downscaling, and impact models

While considerations about certain climate phenomena can be deduced by purely the-

oretical arguments, climate simulations are relevant both to get a con rmation of the
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Figure 2.3: Representative Concentration Pathways (RCPs). (a) Annual total
CO, emissions in Gigatons of Carbon (GtC) associated with the four RCPs CO, is

not the only greenhouse gas, however its emission is the main driver of anthropogenic
global warming). The corrsponding radiative forcing is in(b) . For example, the RCP2.6
could be reached only through aggressive greenhouse gas reduction. Negative emissions
implies that special technologies would be used to remov€O, from the atmosphere.
Image adapted from Van Vuuren et al.'84,

underlined assumptions and to get a more in-depth understanding of the phenomena
themselves. For example, the current intensi cation of precipitation extremes under
global warming is based on a simple physical relation from Clausius-Clapeyron, stated
between 1834 and 1850 from the two scientists giving the name to the relation. Then,
around 1960-1980, changes in precipitation extremes have been projected for the fu-
ture based on climate model simulationg?, i.e., models have con rmed the theoretical
expectation. Furthermore, high-resolution climate models are still employed to better
understand complex physical mechanisms behind the ampli cation of precipitation ex-
tremes, such as the super Clausius-Clapeyron precipitation scalirfj, and cloud-cloud
interactions''. Thus, climate models are a fundamental tool for better understanding
the climate system.

Climate models are especially important to obtain projections of the future climate.
Observations of geophysical variables, such as temperature, precipitation, and river dis-
charge, are suitable for monitoring the current state of the climate. However, obser-
vations are often too short in time and too sparse in space to assess the current risk
associated with extreme events. Furthermore, the climate is changing, and thus cli-
mate model simulations, although a ected both by biases and uncertaintie$®152, are
necessary to provide stakeholders interested in the local climate with future climate
projections.

As GCMs have a coarse resolution, they do not explicitly resolve the regional scale to-
pography and physical processes leading to many extreme events, such as precipitation
extremes. Therefore, downscaling attempts to bridge the gap between the GCM coarse
resolution, and the smaller scale required for assessing local impaéfs Downscaling

is based on the assumption that the GCM represents well the large-scale atmospheric
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circulation driving the local variable of interest. Two major downscaling approaches
exist. Dynamical downscaling where the output of the GCM is used to drive a higher
resolution, dynamical, regional climate model (RCM), to derive the local weather in
greater detail. Statistical downsclaing where a statistical relationship is established be-
tween large-scale conditions (such as the sea level pressure and wind elds) and the local
meteorological variable of interest (such as precipitation); the statistical relationship is
then applied to the GCM output to derive the local variable of interest.

To quantify climate-related impacts, such as storm surges, an additional model, which
here is referred to asimpact-model is required. In fact, many impacts of interest are
not simulated by GCMs or RCMs, as it is the case, e.g., for storm surges. In other
cases, the impact of interest may not be realistically simulated by GCMs or RCMs.
For instance, standard GCMs do not simulate realistic runo 47192172 and soil moisture
(if it is simulated), such that additional hydrological modelling is required to estimate
the ooding and soil moisture drought, respectively. The additional impact-model can
be driven by GCM or downscaled GCM products, and can be of di erent nature, e.g.,
statistical or hydrodynamical.

2.3 Compound events

CEs are multivariate extreme events in which the individual contributing events (repre-
sented by contributing variables) may not be extreme themselves, but their joint occur-
rence causes an extrem@CE) impact 198493215 The CE impact may be an hydrological
variable such as a gauge level for compound oods, or other relevant variables such as
fatalities or economic losses. CEs have received little attention so far, as underlined in
the report of the Intergovernmental Panel on Climate Change on extreme event¥"’.

CEs are responsible for a very broad class of impacts on society. For example, heatwaves
ampli ed by the lack of soil moisture, which reduces the latent cooling, may be classi ed
as CEs*®143, The impact of drought cannot be fully described by a single variablé®’:156
analyses have been carried out which consider drought severity, duratiot?®, maximum

de cit 133, as well as the a ected ared*°. Another example of CE includes uvial oods
resulting from extreme rainfall occurring on a wet catchment?%215, |n this thesis, we
will focus on compound ooding and soil moisture drought, which will be discussed more
in detail in the next sections.

Modelling CE impacts is more di cult than modelling impacts driven by a single vari-
able. Modelling an impact driven by a single variable is complex as a chain of several
models may be required (e.g., modelling a storm surge may require to employ: a GCM,
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an RCM, and a storm surge model). But modelling CEs is more di cult as it requires

to consider several variables (e.g., the compound ooding level is estimated based on the
storm surge, the river discharge, and the interaction of these two components). There-
fore, CE modelling can be computationally very expensive. Furthermore, modelling CE
impacts might require - with respect to modelling single-variable driven impacts - a fur-
ther step for evaluating (and eventually selecting) the climate models used to assess the
CE impact. In fact, climate models need to be evaluated before being used for impact
assessments. But while the limitations of climate models in representing single variables
have been widely investigated, it is not clear how well climate models can capture the
multivariate nature of many CEs 3043,

2.3.1 Compound ooding (CF)

Compound ooding (CF) is an extreme event taking place in low-lying coastal areas as a
result of co-occurring high sea level and large amounts of runo , caused by precipitation.
The impact from the two hazards occurring individually can be signi cantly lower than
the result of their interaction 1984147198  prominent examples of CF from Europe, the
area analysed in this thesis, are the Thames ood in London, 1928; the ash ood in Lis-
bonl’? 1967; the Avon ood in Bristol, 2014; and the Ravenna ood!® in 2015. In 2012,
the Netherlands almost experienced a ooding of the water board Noorderzijlvest, which
led to precautionary evacuation®?182, The recently released pan-European (though not
fully comprehensive) HANZE database''® lists 24 co-occurrences of storm surges and
river oods along the Irish, UK, Belgian and Polish coasts, the French Atlantic and
Mediterranean coast, and the Italian Adriatic coast.

Co-occurring storm surge and heavy precipitation are driven by deep low-pressure sys-
tems'%8, Whereas precipitation extremes alone can be caused by convection without
intense cyclonic activity1?4, the latter is a precondition for extreme surges (Fig. 2.4).
Intense cyclones drive storm surges through strong winds pushing water towards the
coast, and the barometric pressure e ect®'®>, CF can be caused by several mecha-
nisms'98, (1) A storm surge can block or slow down the precipitation drainage into
the sea®, causing ooding along the coast®19 Runo from a river may require a
certain time to drain into the sea such that precipitation may have to occur well before
the storm surge. Similarly, (2) ood levels of a storm surge may be ampli ed by any
signi cant amount of precipitation %, Finally, (3) a ood may occur when precipitation
falls on wet soil that is saturated by a preceding storm surge. The relative importance
of these mechanisms in a particular location depends both on the local climate and
topography 1.
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Figure 2.4: Synoptic weather conditions driving extreme events on coastal
locations. Composite maps of sea level pressure (hPa, in white) and total column
water elds computed over days where extreme eventsX 995" percentile) occurred
in Plymouth (UK, top) and Ancona (ltaly, bottom) indicated by the red dots (based
on ERA-Interim data, 1980-2014). Here, the astronomical tide component of the sea
level is not considered to focus only on the meteorological driven part. Extreme events
type: (a,d) compound ooding (CF), ( b,e) storm surge but not extreme precipitation,
(c,f) extreme precipitation but not storm surge. The total number of extreme events
considered for computing the composite maps is shown at the bottom-left corner of the
panels. Storm surges include the wave setup contributiof®®.

2.3.1.1 Modelling CF

A complete CF assessment requires the quanti cation of the water level of the ooding.
Despite CF may happen following the three di erent mechanisms listed abové®%8, so
far studies that have quanti ed the CF water level have focussed on CF in estuarine
regions only (the rst mechanism of the list). In these studies, the CF water level
is measured through a river gauge which is in uenced both by the sea level and the
river discharge upstream. Furthermore, several studies have analysed the potential CF
probability (along the UK 165, Australia 21°, and US'®® coasts), based on the probabil-
ity of co-occurring precipitation and sea level extremes. The limitation to these two
approaches only is explained by (i) the novelty of the CF topic, and by (ii) the avail-
ability of only sparse data of the CF water level. The latter makes the modelling of CF
challenging, as observations are necessary to calibrate and/or validate models. Indeed,
wel® and other recent literature 1'° have suggested to increase the number of water level
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gauges in locations facing CF risk. Therefore, more research is still needed to understand
the dynamics of CF, e.g., to understand how relevant is the third CF mechanism listed
above.

Studies that have explicitly quanti ed the CF probability based on the CF water level
have focussed on speci ¢ locations, and have employed statistical modellirt§®182.209,
However, no statistical models have been developed that can both account for the tem-
poral variability of the CF (based on the temporal variability of large-scale predictors)
and explicitly represent the dependence of the CF variables. Kumbier et af® employed
hydrodynamic modelling to highlight, for a single ooding event, the contribution of the
storm surge to the total ooding water level.

Recently, Ikeuchi et al.”* modied a global river routing model to handle both the
dynamically changing sea level and the river discharge, in river mouths. In some cases,
this modi ed model can add value to purely river discharge modelling. However, such
modelling approach focuses on the water level at mouths of large-scale rivers which
are mostly in uenced by upstream river discharge, i.e. where the compound e ect is
relatively small 74. Nonetheless, in some locations, according to simulations from this
model, the compound e ect is relevant.

Both statistical and dynamical CF modelling can contribute to the CF research, with
di erent targets. Potentially, hydrodynamic modelling is a great tool, but it is usually
computationally very expensive. As Ikeuchi et al.”* states, "statistical methods might
be more suitable for long-term projections than hydrodynamic modelling in terms of
computational loads", although their dynamical approach may serve as a starting point
for improvements of CF modelling in large rivers’®. Furthermore, information on the
channel bathymetric depths is often missing and this is an issue in river hydrodynamic
modelling because accurate bathymetric depth information is required for simulating the
river water levels’*. When there is no information about the channel bathymetric depth,
statistical modelling might be helpful if a large enough sample of data is available for
the calibration of the statistical model. As observational data are limited in estuarine
regions, the exact dynamic of the interaction between river discharge, storm surge, and
waves during a CF has not been fully studied yet. Thus, hydrodynamic modelling is a
promising tool for improving the understanding of such interaction.

Sea level physical drivers and modelling The total sea water level is given by

the superposition of a slow-varying mean sea level, storm surges, wind-driven waves,
and astronomical tides?®104195 Total sea level changes are driven by changes of these
components and of their interactions. Regional mean sea level rise is driven by several
components that cause departures from the global mean sea level rise (SLR). CMIP5
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models account only for changes in water density called steric changes, i.e. thermosteric
(temperature driven) and halosteric (salinity driven) density changes. These changes
are associated with (1) ocean circulation changes due to local variations in salinity
and temperature, and (2) water thermal expansion or contractior®?l. The melting
of continental glaciers and polar ices sheets is an additional relevant source of global
SLR®319: such melting is not considered by CMIP5 models, and therefore it is modelled
separately®®. Changes in the geoid associated with the post-glacial isostatic adjustment
rebound cause variations of (1) the relative sea level (which has a direct e ect on coastal
sea level impacts), and the ocean oor height (causing changes in sea levé) Relatively
small local sea level changes are also driven by ocean circulation changes due to in ux
of freshwater from polar ice sheetd. Furthermore, wind-driven surface wave changes
(caused by atmospheric long-term variability) contribute to interannual-to-multidecadal
water level variations%4,

Wind-driven waves are also crucial for short-term extreme sea level§4105.195 gther
relevant drivers of short-term sea level extremes are storm surges (driven by wind and
local sea level pressure) and astronomical tides. Furthermore, non-linear interactions be-
tween the sea level components can locally a ect the total water level and thus can drive
changes in sea level extremes. Surge-tide interactions can be important in shallow waters
with large tidal range 1771211 \Waves are important for storm surge generation because
they change the roughness of the ocean surface. The water depth modulates the bottom
friction and the water extent, and thus SLR can a ect nearshore wave processes®*,
storm surges$38, and astronomical tide amplitudes’819, However, predicting the e ect

of SLR at continental scale remains a challenge, mostly because the SLR-driven shore-
line retreat and the change in nearshore bathymetry (which will modulate changes in
surges, tides, and waves) are very di cult to be predicted.

The main methods employed in this thesis are described in the next chapter, however,
here | brie y describe some general aspects of the models employed to simulate astro-
nomical tides, storm surges, and waves for the analysis of CF along the European coast
(chapter 5). Astronomical tides are simulated via the FES2012 modet®112.161 which is

a fully revised version of a model initiated in the early nineties?2. The model employs
global hydrodynamic tidal solutions (Finite Element Solutions, FESs) of the hydrody-
namic equations of the tidal system (including ocean bathymetry); such solutions are
improved by assimilating long-term ocean altimetry data and tidal gauges$?. In total,

32 tidal constituents are provided, and the model runs over a 1/16 degrees resolution
grid2°. Storm surges are simulated via the DFLOW FM open source modéf®197,
This model solves the Navier-Stokes equations for an incompressible uid under the
shallow-water assumption’?, taking into account atmospheric wind and pressure elds
as external drivers of the storm surge dynamics. Waves are simulated using the spectral
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wave model Wavewatch 11l (version 4.18) forced by the wind- eld1%>173, The model
decomposes the irregular wind-driven wave into wave modes; thus, the model solves the
balance equation for the wave spectrum. This spectrum gives information on the energy
associated with a wave having a xed direction and frequency, for a xed location and
time step. The balance equation describes the wave propagation, which is in uenced
by several source terms. In deep water, the main source terms are the wind-wave inter-
action, the non-linear wave-wave interaction, and the "white-capping" dissipation (see
footnote!). In shallow water, also other sources are relevant, most notably wave-bottom
interactions 173,

2.3.2 Soil moisture droughts

Soil moisture plays a critical role in agriculture and the variability of temperature in Eu-
ropel46213, Many studies have highlighted the importance of incorporating temperature
in drought analysis®14>171, Soil moisture drought refers to moisture de cits in the upper
layer of soil known as the root zone. Soil moisture in the root zone is primarily con-
trolled by antecedent precipitation while excesses in evapotranspiration (ET), related
to high temperatures, are required to explain the severity of a negative soil moisture
anomaly'*>171 Potential evapotranspiration (PET) measures the evaporative demand
of the atmosphere and indicates the amount of ET that would occur given an unlim-
ited water supply. The contribution of PET to soil moisture drought depends on the
availability of moisture in the soil for ET to take place **. Under moisture-limited con-
ditions, values of PET and ET can diverge where ET may verge to zero while PET can
continue to rise with an increase in temperaturet44,

The individual roles of precipitation and PET, and that of their dependence driven
through land-atmosphere interactions, highlights the compound nature of soil moisture
drought. As the CE risk is in uenced by the dependence between their driverd®63.99.198
understanding the dependence between hot and dry conditions and their impacts is of
great importance. For example, overlooking non-linear dependence between hot and dry
conditions and crop yields leads to an underestimation of risk in reduced crop yieldd3,
while the probability of hot and dry summers is underestimated when treating them
independently?'*. Underlining this importance are ndings of an increase in the con-
currence of drought and heat wave event&,

1The "white-capping” dissipation phenomenon is visible as white foam on the sea. It occurs when
the speed of the wave crest exceed the phase speed of the wave, causing the front face of the wave to
become too steep and "break".
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2.3.2.1 Modelling of soil moisture

Despite the importance of soil moisture drought, soil moisture observations are very
poor, in contrast to, e.g., temperature or precipitation observations''®. Physically-based
land surface modelsand drought indices are employed to estimate soil moisture both in
present and future climate. Here, | provide some information on these two modelling
approaches; this information is important to put the results of chapter 6 in context.

Representing soil moisture explicitly via physically-based land surface models a com-
plex task, particularly because the lack of homogeneous and long soil moisture data
renders di cult the model calibration and validation. Di erent type of soil moisture
models have been developed!, which can be helpful to compensate for the lack of
observations, but only in terms of soil moisture changes over timé&'®. Simple mod-
els are based on the water balance equation (e.g., ref8:116.1/1) " These models often
need to be calibrated to account, e.g., for di erent soil types, rendering the model per-
formances uncertain under climate change conditionst®, where there are uncertainties
about changes in the soil characteristics. The most sophisticated models depend also on
information about vegetation, and there is relevant disagreement among available soil
moisture model outputs!1®.

Drought indices incorporating precipitation and temperature through PET are often
employed as proxies of soil moisturg>18’, to analyse both present and future climate.
For example, through the inclusion of temperature through PET in indices such as the
Standardised Precipitation Evapotranspiration Index (SPEI) 8, the Palmer Drought
Severity Index!!’, and the Reconnaissance Drought Index (RDI}’8, studies have anal-
ysed how drought conditions may change in a warming climate at regional and global
scales3(35,152,160,174,175,189,206 Ba5ed on indices incorporating PET, soil moisture drought
events are expected to become more severe in a warming climaté 189206 However,
the meaning of this increase in severity can be quite unclear due to the di ering contri-
bution of PET to soil moisture drought in di erent climate conditions 144, In fact, in dry
conditions, PET can have little contribution to the soil moisture 8° and lead to drying
biases in drought indices assumed to represent soil moistuté?152,

Describing soil moisture with drought indices requires one to account for antecedent
meteorological conditions that soil moisture holds the memory of. This is done using
integrations of a climatic water balance (de ned asprecipitation-PET ) varying in length

from 1 to 24 months (e.g., SPEI), or through the use of recursive models (e.g., PDSI).
The selection of this integration length for indices such as the SPEI is important; a length
that is too short will not capture drought persistence while longer periods can include
redundant information 1’4, Studies using the SPEI or RDI to represent soil moisture

19



2 Modelling of compound events

generally use integration periods between 3 and 6 monttf§:174, The PDSI is calculated
with monthly integrations and it can hold the memory of the previous winter and spring
in summer months®®.

The incorporation of a climatic water balance in the drought indices implies that PET

in uences soil moisture over the same timescale as precipitation. Drying, however, occurs
on a daily timescale where excesses in ET can be driven by days of extreme temperature
that are ltered out through the use of longer integration periods. Such a feature of
long integrations of the climatic water balance can lead to an inability to capture both
future changes in drying that may cause droughts to set in quicker in a warmer climate
and the occurrence of ash droughts associated with short periods of warm temperature
and rapidly decreasing soil moisture%,

Employing drought indices is much easier than using complex explicitly physically-based
approaches. However, the question remains whether such indices can provide an ade-
quate representation of soil moisture drought, or whether more explicitly physically-
based approaches are require. We contribute to answering this question in chapter

6, where we assess how the variables employed in common drought indices, namely
precipitation and PET, actually contribute to soil moisture.

2.4 Advantages and limitations of statistical modelling of
compound events

In this thesis, we develop a conceptual model, implemented via statistical methods,
which allows for studying CEs. In the recent literature, more attention has been given
to the study of CEs through multivariate statistical methods 47. Conventional univariate
statistical analysis cannot give accurate information regarding the multivariate nature of
these events. In principle, combining univariate analyses for studying CEs is appropriate
only in the few cases where no dependencies exist between the CE drivers.

Statistical modelling of CEs is useful for several reasons, although - depending on the
problem at hand - it can be more or less e cient than dynamical modelling. (1) Statis-
tical modelling can be employed for downscaling the drivers and/or the impact of CEs,
which is crucial for risk assessment. For downscaling, the main advantage of statisti-
cal models is that they often o er a valid and computationally cheaper alternative to
dynamical models. However, also the e ort required for building the statistical model
should be considered, as statistical models often need to be speci cally built for the
problem under consideration. Also, a long enough data sample is necessary for the cali-
bration of a statistical model. And even if the data sample is long, the model might not
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work in a future climate %. In fact, the empirical relationships represented by the sta-
tistical model may not be valid in a potentially very di erent future climate. Therefore,
when employing statistical downscaling for the future, the statistical model should be
able to capture the physical processes that will be in uenced by future climate change.
Validating the statistical model for the past based on cross-validation might be helpful,
however, this validation will likely not be su cient if the climate characteristics of inter-

est will substantially change in the future. Therefore, based on physical understanding,
the user should ensure that the statistical model can properly represent changes in the
future climate %,

Employing dynamical modelling for downscaling has advantages and limitations as well.
For instance, dynamical models usually allow for obtaining a variable of interest easily
on a continuous spatial domain. For example, in chapter 5, using storm surge and wave
data derived from a hydrodynamic models, allows us to study CF along the complete
European coast. But while some dynamical models may in principle be very accurate,
they may require input data that may be not available, e.g., the channel bathymetric
depths for hydrodynamical river level modelling’*, as discussed in section 2.3.1.1 . As
for statistical models, limited observations can be an issue also for dynamical models,
e.g., limited observations make di cult the model validation.

However, statistical and dynamical modelling of CE are exchangeable only to some ex-
tent. Statistical models are useful for: (2) validating the output of the dynamical models
themselves?, e.g., for validating the co-variability of the CE contributing variables 2°;
(3) extrapolating return periods of extreme events, where purely empirical estimates are
likely biased due to the rarity of the extreme events (as we do, e.g., when studying the
CF potential in Europe in chapter 5). Furthermore, (4) uncertainty estimates can be
easily obtained via statistical modelling; in general, as observed data are often limited,
uncertainties might be substantial and should thus be quanti ed%148,

Furthermore, multivariate statistical modelling of CEs allows for (5) understanding
the physical drivers of CEs and their changes via, e.g., conditional sensitivity analy-
sis!9.20.93.106  Tq this end, depending on the target, both or either statistical and dy-
namical models can perform well. For example, to quantify the sensitivity of convective
precipitation extremes to changes in sea surface temperature (SST), it is likely that dy-
namical modelling o ers better performances. Indeed, in this case, explicitly represent-
ing small-scale physical phenomena should provide better results. Instead, calibrating
a statistical model would require long data, and a statistical model would anyway not
guarantee to capture the relevant physical processes for the sensitivity study, especially if
the target of the study would be to extrapolate the sensitivity of precipitation far beyond
the observed SST. In other cases, as some studied in this thesis, e.g., when analysing
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the in uence of precipitation, PET, and of their dependence to soil moisture, it is much
easier to implement a statistical model which enables great exibility to analyse many
possible features.
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3. Methods

In this chapter, | present the conceptual model that was developed and employed in
this thesis for studying compound events (CEs). Then, | introduce the main statistical
methods used in the thesis, i.e. copulas and pair-copula constructions. Part of the
content of this chapter can be found in Bevacqua et af*®2°.

3.1 Conceptual conditional model for compound events

Leonard et al.8* de ne a CE as "an extreme impact that depends on multiple statis-
tically dependent variables or events". This de nition stresses the extremeness of the
CE impact rather than that of the individual contributing variables, which may not be
extreme themselves, and the importance of the dependence between these contributing
variables (see footnoté). The physical reasons for the dependence among the contribut-
ing variables can be dierent. There can be a mutual reinforcement of one variable
by the other and vice versa due to system feedbacks, e.g., the mutual enhancement of
droughts and heat waves in transitional regions between dry and wet climate¥’. Or the
probability of occurrence of the contributing variables can be in uenced from a large-
scale weather condition, as it has occurred in Ravenna (Fig. 1.1), where the low-pressure
system caused coinciding extremes of river runo and sea level. It is clear then, that the
dependence among the contributing variables represents a fundamental aspect of CEs,
and so this dependence must be properly modelled to represent these extreme events
well.

Our statistical conditional model consists of: the contributing variables Y;, the impact
h, and the predictors X; of the contributing variables; the model represents the re-
lationships between these three components. The contributing variablesy; and their
multivariate dependence structure directly drive the CE impact. For instance, in case

! According to a recent and more general de nition 2'°, uncorrelated events or variables contributing

to extreme impacts, e.g. co-occurring high astronomical tide and storm surge contributing to extreme
sea level, are also classi ed as CEs. However, the dependence is a relevant driver of most of CEs and it
makes CE modelling particularly challenging.
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of compound oods (CFs), the contributing variables are the runo and the sea level.
The impact h of a CE can be formalized via animpact-function h = h(Yq;:::;Y,). For
example, in the case of CF in Ravenna (chapter 4), we de ne the river gauge level as
the CE impact, but in principle it can be any measurable variable such as agricultural
yield or economic loss. The predictorsX; provide insight into the physical processes un-
derlying CEs, including the temporal variability of CEs, and can be used to statistically
downscale CEs when the variable&’ and the impact h are available for calibrating the
model®’.

The downscaling feature is particularly useful for CEs, which are not realistically sim-
ulated or may not even be simulated at all by available climate models. For instance,
standard global and regional climate models do not simulate realistic runo47102.172,
and do not simulate sea surges. Here, our model can be used to downscale these con-
tributing variables, e.g., from simulated large-scale meteorological predictors from past
or future climate. In particular, the model provides a simultaneous, i.e. multivariate,
downscaling of the contributing variables Y;, which allows for a realistic representation
both of the dependencies between thér;, and of their marginal distributions. This is
relevant because a separate downscaling of the contributing variable¥ may lead to un-
realistic representations of the dependencies between thg, which in turn would cause
a poor estimation of the impact h. The downscaling feature can be useful to extend the
hazard probability or risk analysis into the past, where observations of the predictors,
but not of the contributing variables and impacts are available.

More speci cally, the conceptual conditional model consists of:

1. An impact function to quantify the impact h:
h = h(Yq; 5 Yn): 3.1

2. Predictors X for the contributing variables Y.

3. A conditional joint probability density function (pdf) ijx(YjX) of the contribut-
ing variables Y, given the predictors X (which we describe through a parametric
model, via pair-copula constructions). In particular, both the contributing vari-
ablesY and predictors X are time dependent, i.e.Y = Y(t) and X = X (t).

A particular type of the model is obtained when the predictors are not considered in
the joint pdf, i.e., when considering f (Y). This unconditional model does not allow
for changes of the contributing variablesY and of the impact due to variations of the
predictors X . We use these two model types in chapter 4 for studying CF in Ravenn#.
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In general, formalizing the impact h of a CE as in step 1 - to then asses the probability
or risk of CE based on values oh - corresponds to theStructural Approach 138:148.193
which has recently been formalized by Salvadori et aft®’. Here, the advantage of the
general model we propose is that it allows for taking into account variations of the
impact h driven by temporal changes of the predictorsX . Through the conditional pdf,
the model allows for a realistic representation both of the dependencies between thé,
and of their marginal distributions.

A generalization of the model is schematically represented in Fig. 3.1 where, as explained
in the following, only some of the represented components are necessary to build di erent
possible model versions. When the variablesy are available (for model calibration)
but not the impact h, the model can be used to only estimate the variablesr given
the predictors X . This may be useful when assessing the potential CE hazard through,
e.g., multivariate return periods of the contributing variables Y ©:53:54.133,136,137,155,156,198
Moreover, it may happen that the impact h is available, but the variables Y are not.
In this case, the model may still be used in the formf hjx,(th“) to directly estimate the
impact h, based on the conditional joint pdf of the impact h, given the predictors X . In
this case, depending on the physical system, it may be more or less complicated to de ne
the predictors. Also, we observe that eq. (3.1) is general and a possibility for estimating
the impact would be to use the conditional joint pdf fij(ij). Such an approach may
be useful for cases where complex relations exist between the impagtand the variables
Y, and therefore it may be dicult to implement, e.g., a proper regression model to
describe the impacth. We use this version of the model in chapter 6 for studying soil
moisture drought (the impact h) as a CE of precipitation and PET (the contributing
variables Y) 9. Finally, also an impact h caused by only one contributing variable Y
driven by several predictors (X) can be considered as a CE impact®; our model can
be easily employed to study this type of CEs as well.

3.2 Statistical methods

Modelling CEs is a complex undertaking®, and due to the complex dependence struc-
ture between the contributing variables, advanced multivariate statistical models are
necessary to model CEs:. here, to implement the conceptual model we use copula-
based method$:1%. For example, modelling the multivariate probability distribution

of the contributing variables with multivariate Gaussian distributions would usually
not produce satisfactory results. A multivariate Gaussian distribution would assume
that the dependencies between all the pairs are of the same typeh¢mogeneity of the
pair-dependencie$, and without any dependence of the extreme events, also calletil
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Figure 3.1: Conceptual model.  Schematic representation of the developed conceptual
model (see text).

dependence Furthermore, a multivariate Gaussian distribution would assume that all

of the marginal distributions would be Gaussian. To solve the latter problems, the use
of copulas has been introduced in geophysics and climate scierdé@!4l. Through copu-
las, it is possible to model the dependence structure of variables separately from their
marginal distributions. However, multivariate parametric copulas lack exibility when
modelling systems with dimension greater than two, where heterogeneous dependencies
exist among the di erent pairs . Therefore, this lack of exibility of copulas would be

a limitation when modelling CEs involving more than two variables, or when introduc-
ing predictors into the system. Pair-copula constructions (PCCs), proposed by Joé&,
decompose the dependence structure into bivariate copulas and give greater exibil-

ity in modelling generic high-dimensional systems compared to multivariate parametric
copulash?1587,

An advantage of using a parametric statistical model is that this constrains the depen-
dencies between the contributing variables, as well as their marginal distribution§-7%:133
148,149.155,156  The parametric structure reduces the uncertainties of the statistical prop-
erties estimated from the data, compared to empirical estimate$®. However, such a
reduction of the uncertainties actually depends on the choice of a proper parametric
model, in particular when modelling the tail of a univariate or multivariate distribution.
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3.2.1 Copulas

Consider a vectorY = ( Y1;:::;Yy) of random variables, with marginal pdfsf 1(y1); 5 fn(Yn),
and cumulative marginal distribution functions (CDFs) Fi(y1);:::;Fn(Yn), de ned on
R[f1 ;1g . We use the recurring de nition u; := Fj(y;), where the nameu indicates
that these variables are uniformly distributed by construction. According to Sklar's
theorem!® the joint CDF F(y1;:::;yn), can be written as:

F(y1;:5yn) = C(ug; 5 un) (3.2)

where C is an n-dimensional Copula!®. C is a copula if C : [0;1]" ! [0;1] is a
joint CDF of an n-dimensional random vector on the unit cube [0 1]" with uniform

marginals49’76'134'135.

Under the assumption that the marginal distributions F; are continuous, the copula C
is unique and the multivariate pdf can be decomposed as:

f(yr;nyn) = falyr) 0 falyn) c(ui;:iup) (3.3)

where ¢ is the copula density. Eq. (3.3) explicitly represents the decomposition of the
pdf as a product of the marginal distributions and the copula density, which describes
the dependence among the variables independently of their marginals. Eq. (3.3) has
some important practical consequences: it allows us to generate a large number of joint
pdfs. In fact, inserting any existing family for the marginal pdfs and copula density into
eq. (3.3), it is possible to construct a valid joint pdf, provided that suitable constraints
are satis ed. The group of the existing parametric families of multivariate distributions
(e.g., the multivariate normal distribution, which has normal marginals and copula) is
only a part of the realizations which are possible via eq. (3.3). Copulas, therefore, make
it easy to construct a wide range of multivariate parametric distributions.

3.2.2 Tail dependence

The dependence of extreme events cannot be measured by overall correlation coe cients
such as the Pearson, Spearman or Kendall. Given two random variables which are un-
correlated according to such overall dependence coe cients, there can be a signi cant
probability to get concurrent extremes of both variables; such probability is well rep-
resented by the tail dependencé®’%3, On the contrary, two random variables which
are correlated according to an overall dependence coe cient may not necessarily be tail
dependent.
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Mathematically, given two random variables Y; and Y, with marginal CDFs F; and F»
respectively, they areupper tail dependentif the following limit exists and is non-zero:

u(YiY2) = lim P(Y2>F, Hu)jYr>Fy H(w)) (3.4)

where P (AjB) indicates the generic conditional probability of occurrence of the eventA
given the eventB. Similarly, the two variables are lower tail dependentif the following
limit exists and is non-zero:

L(Y2;Y2) = lim P (Y2 <F, Y(u)jYr < Fy Y(u): (3.5)

3.2.3 Pair-Copula Constructions (PCCs)

While the number of bivariate copula families is very large’®114, building higher dimen-
sional copulas is generally recognised as a di cult problent. As a consequence, the set
of copula families having a dimension greater than or equal to 3 is rather limited, and
they lack exibility in modelling multivariate pdfs where heterogeneous dependencies
exist among di erent pairs. For instance, they usually prescribe that all the pairs have
the same type of dependence, e.g., they are either all tail dependent or all not tail depen-
dent. Under the assumption that the joint CDF is absolutely continuous, with strictly
increasing marginal CDFs, PCCs allow to mathematically decompose an n-dimensional
copula density into the product of n(n  1)=2 bivariate copulas, some of which are con-
ditional. In practice, this provides high exibility in building high-dimensional copulas.
PCCs allow for the independent selection of the pair-copulas among the large set of
families, providing higher exibility in building high dimensional joint pdfs with respect

to using the existing multivariate parametric copulas?.

When the dimension of the pdf is large, there can be many possible, mathematically
equally valid decompositions of the copula density into a PCC. For example, for a
5-dimensional system there are 480 possible di erent decompositions. For this reason,
Bedford and Cooke'#,1® have introducedthe regular vine a graphical model which helps
to organize the possible decompositions. This is helpful to choose which PCC to use to
decompose the multivariate copula. In this thesis, we concentrate on the widely-used
subcategoriescanonical (also known asC-vine) and D-vine of regular vines. Out of the
480 possible decompositions for a 5-dimensional copula density, 240 are regular vines
(60 C-vines, 60 D-vines and 120 other types of vines) An example of a 5-dimensional
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D-vine decomposition follows:

f12345(y1; Y21 Y3: Va; ¥5) = fa(ys) fs(ys) fa(ys) faly) fa(y2)
C45(Us; Us) Cs3(Us; Ug) C31(Us;U1) Cpz(Ug; U)
Cagjs(Ugjs; Ugjs) Csyja(Usjz; Ugja) Capja(UgjisUgn) — (3.6)
C41j35(Ugj53; Ugjsa)  Cszj13(Usjz1; Ugjaa)

Caj135(U4j513; U2j513):

More details about vines are given in appendix A.3.1, where also the graphical repre-
sentation of the vine in eq. (3.6) is shown in Fig. A.la. Details about the statistical
inference of the joint pdf (including the selection procedure of vines) can be found in
appendix A.4.

As described in section 3.1, the conditional model is based on a conditional joint pdf,
e.g., fij(YjX“), which is decomposed via PCC. Information on conditional joint pdfs
decomposed through vines, and on how to sample from such vines, are given in the next
section.

3.2.3.1 Sampling and conditional sampling from vines

To simulate a vector Y = ( Y1;:::;Y,) of random variables, with marginal CDFs
F1(y1);:::; Fn(yn), whose joint pdf is modelled via a copula, we rst simulate from the
copula the uniform variables U; for i = 1;:::;;n (u; := Fi(yi)), and then transform them
into Y; fori =1;::5n (viayi == F; 1(up)).

The simulation of the uniform variables from vines is discussed in refé31481 Aas et al.!
show the algorithms to sample uniform variables from C- and D-vines. Due to the nature
of PCCs, the sampling procedure works as a cascade. Once the rst variable is simulated
from a uniform distribution, each following variable is simulated as conditioned on the
previous group of simulated variables.

It is clear then, that to sample from the conditional distribution of Uy, +1;:: Un given
values for Ug; 5y Un,,, (i-€. from fUNcond v EUn UL UN ), it is possible to follow
this procedure by simply xing the rst Ncong Variables at the conditioning values.
The approach used here to execute such a procedure, is to select vines from which the
conditioning variables would be sampled as rst when following the sampling algorithms
from Aas et al.1. For example, using the D-vine represented in Fig. A.la of appendix
A (eq. (3.6)), we could simulate by xing the pairs (Ug4; Us) or (Up; Up) in case we are

interested in conditioning the simulation on two variables.
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Following this approach, for D-vines the number of n-dimensional decompositions which
allow for conditioning on N¢gnq Variables isN¢ong! (N Ncong)!. For C-vines the number
of the decompositions which allow for such a conditioning iSN¢ong! (N Neong)!'=2
for N Ngong > 1, and Ngong! for N Ngong = 1. For example, in the case of CF in
Ravenna (chapter 4), we model a 5-dimensional system with two conditioning variables
(the meteorological predictors), that isn =5 and N¢ong = 2. Considering that there are
not 5-dimensional vines which belong to both the C-vine and D-vine categorie§ the
choice of the vine used for the model is done among 2 (5 2))+(2! (5 2))=18
vines. As we need to condition on valuesyu; ys), we simulate from the copula through
conditioning on (usg = F4(ys4);us = Fs(ys)), where F4 and F5 are the tted marginals in
the calibration period, while (y4;Yys) could in principle be any value.

To apply such a sampling procedure, | developed the Algorithms 1 and 2 (appendix A.2),
which are a modi ed version of Algorithms 1 and 2 shown in Aas et all. As a part of
the PhD, these algorithms were made publicly available via the R-packag&€DVineCop-
ulaConditional 8. Further information about the R-package and the algorithms can be
found in appendix A.2.

3.3 Multivariate return periods

In chapter 5, the CF hazard along the European coast is analysedf. Data of the local
impact of the CF, i.e. the water level driven both by precipitation and sea level, would
only be available for a very few locations along the coast. Therefore, we assess the hazard
probability via return periods of potential CF, i.e. a combination of precipitation and
sea level values that is consideredlangerous (in this study, co-occurring precipitation
and sea level extremes). In this study, we employ precipitation and sea level data from
dynamical models, without requiring statistical downscaling of these quantities.

This approach corresponds to apply an extremely simpli ed version of the conceptual
model of section 3.1, where the predictors and the impact are not included in the model,
and the contributing variables are de ned as the sea level §) and the precipitation (P).
Alternatively, such an approach can also be seen as applying the same model as before,
but including the impact as the binary variable:

8

<1; if (s;p) is dangerous
h= (s:p) g 8.7)
- 0; otherwise

where dangerous §; p) are potential CF; then, the return period of h = 1 is de ned as
the return period of potential CF. In this context, the advantage of using the conceptual
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model is the application of a parametric bivariate pdf on the pairs (S;P) (this pdf is
required for computing the return period). Indeed, the parametric distribution allows for
obtaining a more robust estimation of large return periods, compared to those obtained
via an empirical estimation.

In general, the return period is de ned as the average waiting time between dangerous
events, i.e. events belonging to alangerous region The choice of the dangerous region
should be based on expert knowledge of the impact behaviour. In the 1-dimensional
case, the dangerous region is naturally de ned as that of extreme values, e.g., values
exceeding a xed threshold. In the 2-dimensional case, the de nition of extreme events
is not straightforward and several di erent de nitions are possible for the dangerous
region. Thus, several possible return period de nitions exist, each of them associated
with a di erent de nition of the dangerous region. Among the most common return
periods, there are the AND and the OR®*138.185 |n the context of CF, these are
de ned as: AND, the average waiting time between events where both sea leveind
precipitation are extreme; OR, the average waiting time between events where either
sea levelor precipitation is extreme.

When studying CF along the European coast (chapter 5), we choose to employ AND
return periods as the most extreme CF tends to happen for co-occurring extremes.
Speci cally, we de ne the bivariate CF return periods 5*138.185 a5 the average waiting
time between events where sea level and precipitation simultaneously exceed the indi-
vidual 1-year return levels (i.e. the 997" percentilessgg.7 and pog:7).

To de ne this AND return period, the probability of co-occurring sea level and precip-
itation extremes is needed. To allow for a robust estimation, we apply a parametric
copula-based bivariate probability distribution. Applying a parametric model for the

full range of sea level and precipitation values, one would run the risk of biasing the rep-
resentation of the extreme tail by the bulk of the bivariate distribution where most data
occur. Therefore we apply the model only to pairs of high values. We select pairs where,
simultaneously, sea level and precipitation values exceed the individual 95 percentiles
(ssel @nd psel, respectively) (see footnoté). In a very few locations, one might end up
with selecting few pairs only. Here we reduce the selection threshold:85 to ensure that

at least 20 pairs of values are selected (never below 0.9). Clusters of selected event pairs

2The pairs of high values where to t the pdf can actually be de ned in di erent ways. For example,
Wahl et al. 1% employed annual maxima for the t of the pdf. Speci cally, their choice leads to two
cases: in case | the pairs are de ned searching for the annual precipitation maxima and taking the
associated sea level values, and vice versa in case Il. As a consequence, this lead to two di erent AND
return periods. With respect to the method employed by Wahl et al. °, our method allows for (1)
de ning a uniqgue AND return period, and (2) allows for tting the pdf on a relatively large number of
pairs, which should lead to high con dence in the estimated parameter of the pdf.
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separated by less than three days are replaced by a unique event which assumes the
maximum sea levelS and precipitation P observed in the cluster (see Fig. 3.2).

Thus, the bivariate return period is:

T(S99:7; Pog:7) = i -
(S99:7; P9g:7) P((S>Sgg7 and p > Pog.7) j (S > Sse and p > Psel)) (3.8)

1 Usgg7 Upgg7+ Csp(Usgo7;Upgg:7)

Fs(S99:7),
Fs is the marginal cumulative distribution of the excesses over the selection threshold

where is the average time elapsing between the selected pairsisgg:7

(accordingly for precipitation), and Csp is the copula modelling the dependence between
the selected pairs.

Figure 3.2: Procedure for computing compound ood (CF) bivariate ( AND )
return periods.  Scatterplot of ERA-Interim simulated pairs ('s;p) of sea level and
precipitation accumulated within 1 days (black points) in Venice (here, sea level is
given by the daily maxima of the surge and wave time series superposition; see section
5.2). The 1-year return levels ( 99:7" percentiles) of sea level$go.7) and precipitation
(pog:7) are the thresholds selected for computing the CF return period. The parametric
extreme value probability density function (pdf) (red contour lines) is tted only to
pairs in Dg 7 , i.e. pairs whose individual components are simultaneously larger than
the individual 95" percentiles of sea levelgs) and precipitation ( pes). In particular,
the extreme value pdf was tted to the red pairs (s; p); the red pairs are di erent from
the original simulated black pairs belonging toDg 1 , as the latter were pre-processed
when they were separated by less than three days (see section 5.2).The extreme value
pdf is obtained via copula theory asfsp(s;p) = fs(s) fp(p) csp(Us;up), where f;
are the marginal distributions of sea and precipitation values inDg 1 , and csp is the
copula modelling the dependence between sea level and precipitation Dg+ . Here,
Csp is a Gumbel copula ( = 1:4), associated with a Kendall correlation equal to 0.29,
and an upper tail dependence equal to 0.36.
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4. Multivariate statistical
modelling of CF in Ravenna

(Italy)

In this chapter, based on the conceptual model presented in chapter 3, we study com-
pound ooding (CF) in Ravenna (ltaly). Here, we explicitly quantify the ooding water
level as a function of sea and river levels, thus we estimate the CF return periods and
the associated uncertainties. The content of this chapter was published as a part of
Bevacqua et al1®,

4.1 Introduction

We focus on the Ravenna case study because of the extreme event that happened on the
6" of February 2015, as presented in the introduction. On the day prior to the event,
values of up to approximately 80 mm of rain were recorded in the surrounding area of
Ravenna, and around 90 mm on the day of the event itself. The sea level recorded was
the highest observed in the last 18 year®. The high risk of ooding to population in the
Ravenna region has been underlined by thé IFE PRIMES project®, recently nanced
by the European Commission, whose target is "to reduce the damages caused to the
territory and population by events such as oods and storm surges* in Ravenna and
its surrounding areas. As pointed out by Masina et al1%%, natural and anthropogenic
subsidences represent a threat for the coastal area of Ravenna, characterized by land
elevation which is in many places below 2 m above mean sea le¥8 The sea level
inundation hazard along the coast of Ravenna has been recently studied by Masina
et al. 191, who considered the joint e ect of sea water level and signi cant wave height.

A schematic representation of the catchment on which we focus is shown in the black
rectangle of Fig. 4.1. TheY variables, river and sea levels, represent the contributing
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Figure 4.1: Representation of the hydraulic system of the Ravenna catch-
ment. The area a ected by CF is marked by the red point. The impact is the water
level h, which is in uenced by the contributing variables Y, i.e. sea and river levels.
The variables inside the black rectangle are used to develop the 3-dimensional-
conditional) model. The X are the meteorological predictors driving the contributing
variables Y, which are incorporated into the 5-dimensional conditional) model.

variables, and the water levelh is the impact of the CF. The X variables are meteoro-
logical predictors of the contributing variables Y, which will be discussed in more detail
later.

Based on the conceptual model presented in chapter 3, here we assess the CF probability
in Ravenna. Here, we explicitly de ne the impact of CF as a function of sea and river
levels in order to quantify the ood probability and its related uncertainties. Moreover,

we quantify the CF probability underestimation that occurs when the dependence among
sea and river levels is not considered. We identify the meteorological predictors driving
the river and sea levels. By incorporating such predictors into the statistical model, we
extend the analysis of CF into the past, where data are available for predictors, but not
for the river and sea level stations. Our research objectives are the following:

1. Implement and test the conceptual model (chapter 3) which allows for representing
the dependencies between the contributing variables of the CF.

2. Explicitly de ne the impact of CF as a function of the contributing variables. This
allows us to estimate the CF probability and the related uncertainty.

3. Identify the meteorological predictors for the contributing variables Y. Incorpo-
rate the meteorological predictors in the model to gain insight into the physical
mechanisms driving the CF and into their temporal variability.

4. Extend the analysis into the past (where data are available for the predictors, but
not for the contributing variables Y).
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4.2 Data

The data used here for the contributing variablesY and the impact h are water levels at a
daily resolution (daily averages of hourly measurements). We use data for the extended
winter season (November-March) of the period 2009-2015. Data sources are thel-
ian National Institute for Environmental Protection and Research (ISPRA) for the sea
(www.mareografico.it ), and Arpae Emilia-Romagna for rivers and impact. River data
were processed in order to mask periods of low quality, i.e. those suspected to be in u-
enced by human activities such as the use of a dam. Moreover, we applied a procedure to
homogenise the data of the rivers; details are given in appendix A.1. We do not Iter out
the astronomical tide component of the sea level, considering that the range of variation
of the daily average of sea level is about 1 meter, while that of the astronomical tide is
about 9 cm. To check the above, we used astronomical tide obtained through FES2012,
which is a software produced byNoveltis, Legos and CLS Space Oceanography Division
and distributed by Aviso, with support from Cnes (http://www.aviso.altimetry.fr/). Me-
teorological predictors were obtained from theECMWF ERA-Interim reanalysis dataset
(covering the period 1979-2015, with @75 0:75 degrees of resolutiod’). Speci cally,
for the river predictors, we use daily data (sum of 12-hourly values) of total precipita-
tion, evaporation, snowmelt and snowfall, while for the sea level predictor we use daily
data (average of 6-hourly values) of sea level pressure. Further information on the data
sources can be found in theData availability section of Bevacqua et alt®.

4.3 Model development

The extreme impact of compound events (CEs) may be driven from the joint occurrence
of non-extreme contributing variables®*147. This is the case for CF in Ravenna, where
not all extreme values of the impact would be considered if selecting only extreme values
of the contributing variables. Therefore we model the contributing variables, without
focusing only on their extreme values. Below we show the steps we follow to study CF
in Ravenna, based on the conceptual model described in section 3.1. We will go through
these steps in detail in the next sections.

1. De ne the impact function:
h = h(YlSea; Y2River ;Y3River ): (41)

The contributing variables Y (sea and river levels) and the impact are shown in
the black rectangle of Fig. 4.1).
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2. Find the meteorological predictors of the contributing variables Y. For each vari-
able Y; we found more than one meteorological predictor, which we aggregated
into a single variable X;. We refer to this variable as the predictor X; of the vari-
able Y; from now on. Moreover we use the same predictor for the two river levels
because they are driven by a similar meteorological in uence. The predictors are
graphically shown in Fig. 4.1, where we introduceX 1., (the predictor of Yi,)
and X235, (the predictor of Yo, . and Ya,,, ).

3. Fitthe 5-dimensional conditional joint pdf fy« (Yis..: Yoruer  Yaruer 1X 1seas X 23iers )
of the conditional model (modelled via PCC). To develop the unconditional model,
we t the 3-dimensional pdf fg (Yig.,; Yague 5 Yarwe )» Which includes only the con-
tributing variables Y inside the black rectangle of Fig. 4.1. The time series of
the contributing variables have signi cant serial correlations, and this should be
considered in order to avoid underestimating the CF probability uncertainties (see
appendix A.6 and Fig. A.3 there). Only for the unconditional model, we explic-
itly modelled such serial correlations through combining PCCs with autoregressive
AR (1) models (see appendix A.6).

4. Given the complexity of the problem, an analytical derivation of the statistical
proprieties of the impact is impracticable. Therefore, we apply a Monte Carlo
procedure. Specically we simulate the contributing variables Y from the tted
models, and then we de ne the simulated values oh via eq. (4.1) as:

hsim = h(Ysim Ysim ;Ysim (4.2)

1Sea; 2River 3River
where YSIM are the simulated values ofY .

5. Perform a statistical analysis of the valueshs™. To asses the probability associated
with the events, we compute the return levels ofh through tting a Generalized
Extreme Value (GEV) distribution to annual maximum values (de ned over the
period November-March). We quantify the model uncertainties (i.e. uncertainties
associated with model parameters and structure), which is straightforward through
such models. Practically, such uncertainties propagate through to the hazard
assessment, and so they must be considered (details about model based return
level uncertainty are given in appendix A.5).

To neglect the Monte Carlo uncertainties, i.e., the sampling uncertainties due to the
model simulations, we produce long simulations. For example, to obtain the model based
return level curve, we simulate a time serie$™(t) of length equal to 200 times the length
of the observed data (6 years). From this, we get a time series of 1200 annual maximum
values, to whom we t the GEV distribution to get the return level. Observation-based
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return levels are obtained through tting a GEV to annual maximum values of h°S. The
relative uncertainties are computed through propagating the parameter uncertainties of
the tted GEV distribution (more details are given at the end of appendix A.5).

4.3.1 Impact function

The water level h is in uenced by river ( Yo, and Yz, ) and sea (1., ) levels (Fig.
4.1). We describe this in uence through the following multiple regression model:

— 2 2 .
h= a]_YlSea + a21Y2River + azngRNer + a3;|_Y3River + 8.32Y3River +c+ h(0; 1) (4.3)

where 1(0; p) is a Gaussian distributed noise having standard deviation equal to .
The contribution of the rivers to the impact h is expressed via quadratic polynomials,
which guarantees a better t of the model according to the Akaike Information Criterion
(AIC). In particular, we de ned the regression model as the best output of both a forward
and a backward selection procedure, considering linear and quadratic terms for all of
the Y as candidate variables. The Q-Q plot of the model, i.e. the plot of the quantiles
of observed values against those of the mean predicted values from the model, is shown
in Fig. 4.2. The points are located along the liney = x, which indicates that the model
is satisfactory. Omitting one of the variables as predictor reduces model performance,
underlining the compound nature of the impacth. The sum of the relative contributions
of the rivers is very similar to that of the sea. The parameters of this model (and of
those in section 4.3.2) were estimated according to the maximum likelihood approach,
solved through QR decomposition (via thelm function of the R package stats*’9).

4.3.2 Meteorological Predictor Selection

Fig. 4.3 shows the resulting scatter plots of observed predictandsY(°PS) and selected
observed predictors K °PS). To t the joint pdf of the conditional model, we use all time
steps where data for all of theX and Y variables have been recorded. However, we
calibrate the predictors of rivers and sea separately, so we use all available data for each
Y variable (during the period November-March). The procedure we use to identify the
meteorological predictors is shown below.

4.3.2.1 River levels

The meteorological in uence on the two rivers Yo, and Yz, is very similar: their
catchments are small and close by (as a consequence the Spearman correlation between

37



4 Multivariate statistical modelling of CF in Ravenna (ltaly)

Figure 4.2: Impact-model validation based on Q-Q plot. Q-Q plot between the
observed impact (X-axis) and the modelled impact (Y-axis) from the regression model

(eq. (4.3)).

the rivers is high, i.e. Q79). In particular, the distance between the two rivers is
typically smaller than the grid-resolution of the predictor elds. Therefore we use the
same predictor for the two river levels.

The river levels are in uenced by the total input of water over the catchments, which
is given by the positive contribution of liquid precipitation and snow melt, and by
evaporation which results in a reduction of the river runo. Speci cally, we compute
the input of water w on the dayt over the river catchments (one grid point) as:

W(t )= Potar (t ) E(t )+ Smeit(t) Sran(t) (4.4)

where Pyoia IS the total precipitation, E is the evaporation, Syei; is the snow melt and
Stan is the snow fall. The snow fall accounts for the fraction of precipitation which does
not immediately contribute to the input of water over the catchments because of its solid
state. While a fraction of the water input over the catchment rapidly reaches the rivers
as surface runo, another fraction in Itrates the ground and contributes only later to
the river discharge. Compared with the rst fraction, the second has a slower response
to precipitation and changes more gradually over time. This double e ect underlines the
compound nature of river runo whose response to precipitation falling at given time is
higher if in the previous period additional precipitation fell in the river catchment. To
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4.3 Model development

Figure 4.3: Scatter plots of predictands Y s and predictors X °bS. The num-

bers are Spearman coe cient correlations. The red lines (computed via LOWESS, i.e.
Locally Weighted Scatterplot Smoothing is shown to better visualize the relationship

between pairst’©.

consider both of these e ects we de ne the river predictor as:

Xt Xt
X 23ers () = @R w(t )+ br w(t )+ cr (4.5)
t=t 1 t =t 10

where cr is a constant. We choose the parameters of eq. (4.5) through tting the right
hand side of this equation to the river contributions to the impact, i.e. Yoz, ..
a1 Yoge T azzYZZRiver + a31Yag,. T a3,2Y32River (see eq. (4.3)). The lagsn = 1 and
n = 10 days are those which maximise respectively the upper tail dependence and
the Spearman correlation betweenYas,, .. (t) and the cumulated w over the previous
n days, i.e., { -t nW(t ). Here, we use the upper tail dependence to get the typical
river response time to the fraction of water which directly ows into the rivers as surface
runo . Similarly, the Spearman correlation is used to get the typical time required for

the in Itrated water in the ground to ow into the rivers.

By de ning the river predictor as in eq. (4.5), we aggregate the di erent meteorological
drivers of the rivers in the single predictor X 23, (t). Such aggregation allows for a sim-
pli cation of the system describing the CF, due to a reduction of the involved variables.
Furthermore this reduces the variables described by the joint pdffY;X(Y ;X), whose
numerical implementation errors can potentially increase with higher dimensionality®”.

All of the terms involved in the multiple regression model (eq. (4.5)) are statistically
signi cant at level =2 10 6, Moreover, the quality of the river predictor X 23nivers
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4 Multivariate statistical modelling of CF in Ravenna (ltaly)

improves (according to the likelihood and to Spearman correlation betweenX a3,
and Yaz,,.. ) When we use all of the terms in eq. (4.4), instead of onlyPa (t ). The
presence of more terms in eq. (4.4) does not increase the number of model parameters.

4.3.2.2 Sea level

Sea level can be modelled as the superposition of the barometric pressure e ect, i.e., the
pressure exerted by the atmospheric weight on the water, the wind-induced surge, and
an overall annual cycle. As for the river predictor, we aggregate the di erent physical
contributions in a single predictor. We de ne the sea level predictor on dayt as:

XlSea(t) = as SI—PRavenna (t) + bS SCP (t) RI\}TAP + Cs Sin(! 1veart + )+ dS (4-6)

where SLPRavenna iS the sea level pressure in Ravenn&CP  Ryap is the wind contri-
bution due to the sea level pressure eldSLP, the harmonic term is the annual cycle
and ds is a constant term. In eq. (4.6), the SLP eld and the regression map are rep-
resented as column vectors. We choose the parameters of eq. (4.6) through regressing
the sea levelYy.,(t) on the right hand side of this equation. A more detailed physical
interpretation of the terms is given in the following.

1. asSLPRravenna accounts for the barometric pressure e ect8l. The regression map
Rmap indicates which anomalies of the SLP eld are associated with high values
of the residual of the barometric pressure e ect (see Fig. 4.4, where also more
details are given). Particularly, according to the geostrophic equation for wind,
these pressure anomalies induce wind in the Adriatic Sea towards Ravenna's coast.
Therefore, the projection of the SLP eld onto this regression map, i.e, the term
SCP (t) Rwap , describes the wind-induced change in sea level at time

2. cs sin(! 1veart + ) describes the remaining annual cycle of the sea level which is
not described by barometric pressure e ect and wind contribution. This harmonic
term could be driven by the annual hydrological cycle'’®, i.e., due to cyclic runo of
rivers which ow into the Adriatic sea, or due to density variations of the sea water
(caused by the annual cycle of water temperatures). The astronomical tide may
explain a minor fraction of this term. The range of variation of cs sin(! 1yeart+ )
is about 10% of that of the sea level. When we use the predictor to extend the
analysis to the period 1979-2015 this term will be kept constant assuming that
the annual cycle has not drastically changed in past years. Moreover, we will not
consider long-term sea level rise because its in uence on both sea and impalt
level variations is negligible over the considered period (the observed rate of sea
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4.4 Results

Figure 4.4: Regression map employed to develop the sea level predictor. The
regression mapRyap is used in eq. (4.6). The value of the regression map in the
location (i;j ) is given by Ruap (i;j) = var(Ro) * cou(Rq;SLP; ), where Ro(t) is
the residual of the barometric pressure e ect obtained from the t of the linear model
ap SLPRravenna (t)+ do to Y, (t). The Regression map is equivalent to a 1-dimensional
maximum covariance analysi€®®. The red dot indicates Ravenna.

level rise in the North Adriatic Sea has been 0:8mm=year!1®). Also, the relative
sea level rise has been negligible over the considered perfdd

All the terms involved in the multiple regression model are statistically signi cant at
level =2 10 16,

4.4 Results

The results of the unconditional and conditional models are presented in the following
sections. Details regarding the statistical inference of the joint pdfs (the selected pair-
copula constructions and tted pair-copula families) can be found in appendices A.3.1
and A.4.

4.4.1 Unconditional (3-dimensional) model

The unconditional model reproduces the joint pdf of the contributing variables

(Yigeas Yoruer 3 Y3ruer )» @Nd, in conjunction with the autoregressive models, also the serial
correlations. The model is used to simulate values of the impach and assess the CF
return periods, with related uncertainties.

Fig. 4.5 shows, qualitatively, a good agreement between simulated and observed con-
tributing variables Y. In Fig. 4.6 we show the return levels of the impacth. There is

41



4 Multivariate statistical modelling of CF in Ravenna (ltaly)

Figure 4.5: Comparison of observed and simulated CF contributing variables.

Scatter plots of observed (grey) against simulated (black) contributing variables .
The simulated series are obtained via the 3-dimensional model (including the serial
correlation), and have same length as the observed.

good agreement between the model and observation based expected return levels, even
for return periods larger than six years (the length of the observed data). For return
periods larger than shown in Fig. 4.6, the agreement slowly decreases. The model
based expected return period of the highest CF observed (39 m) is 18 years (the 95%
con dence interval is [2:5;1 ] years, wherel indicates a value larger than 18° in this
context from now on). The reason for such large uncertainty in the return period is the
shortness of available data. However, the model based uncertainties are large but still
smaller, up to return periods of about 60 years, than those obtained when computing
the return level directly (based on the GEV) on the observed data of the impact (Fig.
4.6). Moreover, when considering a model which does not take the serial correlation
of the contributing variables Y into account, we get an underestimation of the return
period uncertainties. For example, the amplitude of the 95% con dence interval of the
20-years return level is underestimated by about 50% (not shown).

4.4.2 Conditional (5-dimensional) model

This model allows for assessing the change in the CF probability due to temporal varia-
tions of the meteorological predictors of the contributing variablesY . We calibrate the

model to the period 2009-2015. After validating the model for the period 2009-2015, we
use predictors of the period 1979-2015 to extend the analysis of CF probability to the
past. We assess the quality of the model by comparing predictions with observations.
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4.4 Results

Figure 4.6: Return levels of compound ooding based on the unconditional

model. Return levels of the impact h with associated 95% uncertainty intervals. The
return level computed on h°°s is shown in red (uncertainty shown in light red). The
model based return level is shown in black (uncertainty is in grey).

Figure 4.7: Validation of the conditional model time series. The validation is
obtained through a 6-fold cross-validation. h°PS is shown in red. The average and 95%
prediction interval of 10* simulated time series are respectively shown in black and grey.

Speci cally, we look at its overall accuracy by considering the root-mean-square error
between model predictions and observed data. Moreover, we look at the accuracy of the
model when predicting extreme values of the impach (de ned as values ofh larger than
the 95-percentile ofh°PS), using the Brier score (see appendix A.7). To assess the quality
of the model, avoiding over tting, we perform a 6-fold cross-validation (see appendix
A.8).

The cross-validation time series of the impacth is visually compared with h°PS in Fig.
4.7. The average of the simulated cross-validation time series in general follows the
temporal progression ofh®s (Fig. 4.7), and about 94% of the observed impact values
lie within the 95% prediction interval. In particular, the highest ood observed is well
predicted and lies inside the prediction interval. The Brier score based on the cross-
validation time series isBScy = 0:029, while that relative to the reference model, i.e.
the climatology (see appendix A.7), isSBSc. = 0:046. The resulting Brier skill score is
BSS=1 BScy=BScL =0:38, which indicates that the model is more accurate than
the reference model in predicting extreme values of the impach. In general, the skill
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of the model, both in terms of root-mean-square error and Brier score, does not change
much when the cross-validation is not performed. This underlines that no arti cial skill

is present in the model. These positive results provide good con dence for extending
the impact time series to the period 1979-2015. It also makes the model potentially
interesting for ood forecasting and warning.

In Fig. 4.8A we show the return levels of the impacth. As in the unconditional model,
return levels are stationary, i.e., estimated through tting a stationary GEV distribu-

tion to annual maximum values. The discrepancy between model and observation based
return levels for the conditional model is smaller than for the unconditional, in partic-
ular for high return periods. It may happen that the dependencies between river and
sea levels are not considered in some analyses when assessing the ooding probability.
Kew et al.”” show in Rotterdam, which is a ected by oods driven both from surge
and river discharges, that the boundary conditions used to build the protection barrier
were determined assuming independence between sea level and river discharge. Here
we observe that ignoring such a dependence may result in an underestimation of the
estimated ooding probability. The expected return period of the highest CF observed
(3:29 m), computed over the period 2009-2015, is 20 years (the 95% con dence interval
is [4:9;1 ] years). When not considering the dependencies between river and sea levels,
the expected return period of the highest CF observed increases to 32 years (the 95%
con dence interval is [6:7; 1 ] years). Fig. 4.8B shows that the return level estimates are
reduced by about Q2 m when not considering such dependencies between sea and river
levels. In particular, at the 95% con dence level, the return levels are underestimated
when not considering these dependencies for return periods smaller than about 40 years.
The same, however, cannot be clearly concluded for return periods larger than 40 years
because of the large uncertainties (Fig. 4.8B). A similar result is obtained from the
unconditional model (not shown). Therefore, although there is not a large di erence

in the return levels when treating sea and rivers independently or not, in Ravenna it
should be relevant to consider their dependencies for ood risk estimation. An imprecise
risk assessment may bring negative societal consequences due to inadequate information
provided for infrastructural adaptation.

To estimate the CF return periods based on predicted values of the impact during the
past, we run the simulations through conditioning on predictors of the period 1979-2015.
This allows us to get a more robust estimation of the CF probability compared to that
obtained considering only the period 2009-2015. The return levels in Fig. 4.8A (dashed
line), are similar to that estimated when analysing the period 2009-2015. Although
this result suggests a stationarity of the return levels during the period 1979-2015, we
investigate if there has been any trend in the CF return levels during the recent past. To
do this, we computed time-dependent return levels. Speci cally, we computed stationary
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4.5 Discussion and conclusions

return levels on moving temporal windows of six years during the period 1979-2015, based
on h™ values obtained through conditioning on predictors belonging to these windows.
However, we did not observe any long-term trend in the CF return levels. Moreover,
analysing the return levels computed on moving temporal windows during the period
1979-2015, we did not observe any long-term trend neither in the return levels of storm
surge nor in that of river oods (not shown).

During the period 1979-2015, there has not been a long-term trend in the CF return levels
due to a variation of the marginal distributions of the predictors, or in their dependence.
To study this, we computed the return levels on moving temporal windows in the cases
described below. First, we simulated the impact through conditioning theY S variables
on predictors having the observed marginal distributions of the period 1979-2015, but
xing the dependence to that observed during 2009-2015. Secondly, we simulated the
impact through conditioning on predictors having the observed dependence of the period
1979-2015, and xed marginal distributions to the ones observed during 2009-2015. In
both cases, we did not nd any long-term trend in the return levels (not shown).

4.5 Discussion and conclusions

Based on the conceptual model presented in section 3.1, we have studied compound
ooding (CF) in Ravenna. Here, the contributing variables of the CF are the river and
sea levels, whose combination drives the impact, i.e., the water level in between the river
and the sea.

We used a speci ¢ adaptation of the model to statistically downscale the river and sea
level from meteorological predictors, and therefore estimate the impact of the CF as a
function of the downscaled sea and river levels. The accuracy of the estimated impact
appears satisfactory, such that the model is potentially interesting for use in both ood
forecasting and warning. Also, the model based expected return levels of the impact are
about the same as those directly computed on observed data of the impact. Although
the model based uncertainty on these return levels is very large (due to the shortness
of the available data), for return periods smaller than about 60 years it is smaller than
that obtained computing the return periods directly on the observed data of the impact.
In general, uncertainties can often be substantial because data for model calibration are
often limited, thus uncertainties should be quanti ed to avoid drawing conclusions that
may be misleading.

We calibrate the model over the period 2009-2015, and by including meteorological
predictors obtained from the ECMWF ERA-Interim reanalysis dataset, we extend the
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Figure 4.8: Return levels of compound ooding based on the conditional

model.  A: return levels of the impact h with associated 95% uncertainty intervals.
The return level computed on h°’s is shown in red (uncertainty shown in light red).
The model based return level computed for the period 2009-2015 (black) is based on
hs™ values simulated for days where the observed data were available (uncertainty is
shown in grey). The model based return level computed for the period 1979-2015 (black
dashed) has uncertainty of similar amplitude to that of period 2009-2015 (not shown).
B: di erence between model based return level obtained when considering the realistic
dependence between sea and river levels, and when assuming that they are independent.
To make the dependencies between the sea and the river levels independent but keep the
dependence between the two rivers, we shu ed the sea level data after each simulation,
that guarantees random association between sea data and each of the rivéfs. The
black line represents the median of the bootstrap samples.

CF analysis to the full period of 1979-2015, to obtain a more robust estimation of the
return periods. The expected return period of the highest CF observed, computed
over the period 1979-2015, is 19 years (the 95% con dence interval is:[81 ] years).

Moreover, we did not observe any long-term trend in CF return levels during the period
1979-2015.

Ignoring the estimated dependence between sea and river levels may lead to an under-
estimation of the CF probability. Speci cally, assuming independence between sea and
river levels, the expected return period of the highest CF observed - computed over the
period 2009-2015 - is 32 years (the 95% con dence interval is[B1 ] years). When as-
suming the estimated dependence between sea and river levels, it decreases to 20 years
(the 95% con dence interval is [49;1 ] years). In other cities a ected by sea surges
and river ooding, e.g., in Rotterdam, protection barriers were designed assuming in-
dependence between sea level and river discharffe a decision which is still debated
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4.5 Discussion and conclusions

about’”78180 |n Ravenna, it should be relevant to consider these dependencies for
the ood risk estimation. An imprecise risk assessment may harm the population at
risk due to inadequate information provided for infrastructural adaptation. In general,
when considering generic CEs, their associated risk may be substantially in uenced by
the dependence between the contributing variables, and so this dependence should be

considered.

In the context of CF, only a few studies have explicitly quanti ed the CF impact 182:208.209
probably because of practical di culties in quantifying the impact. For example, to
guantify the impact of CF in the river mouth, it is necessary to have water level data at

a station where both the in uence of sea and river are seen. However, we have found few
locations where these stations exist as, maybe in part, stakeholders are usually interested
in data where only the in uence of the river or the sea is seen. Also, for places where
data show both the in uence of sea and river, the measurements can be aected by
human in uences such as pumping stations between river and sea stations. Therefore,
we argue that to obtain a more in-depth knowledge of these events, it may be very useful
to create an archive containing data for locations where CF have been recorded, and
eventually increase the e ective number of measurements in places which are supposed
to be under risk of CF.
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5. Higher CF probabillity in
Europe under anthropogenic
climate change

In this chapter, based on the multivariate return periods described in section 3.3, we
estimate the probability of potential compound ooding (CF) along the European coasts

both under present and future climate conditions. The content of this chapter is part of

Bevacqua et al?%, which is currently under revision for publication.

5.1 Introduction

Several studies have demonstrated the importance and damaging nature of CF for se-
lected locations!?:60.:80.109.182 comprehensive studies, however, exist only for the UKS3,
Australia 294219 and the US coast®8. The latter study detected an increasing probability
of CF during the past decades, although it was not possible to attribute this increase to
anthropogenic climate change. But given that extreme precipitation*?3, river ooding 6%,
and extreme sea level¥ 419 are expected to increase under future climate change, it is
likely that also the CF probability will increase along with these driving processes. Fur-
thermore, coastal cities are expected to further grow in the coming decadé@$ and more
and more people will be exposed to CF, rendering an analysis of CF in the future urgent.
So far, only the e ect of mean SLR on the changing CF hazard has been analysed, and
only for selected locations in the US®®, The future CF probability, taking into account
future changes of precipitation, storm surges, waves, and astronomical tides, has not
been assessed yet.

Our study aims to close this research gap. We analyse the present and future CF
hazard along the European coasts. A precise CF hazard probability assessment can in
practice only be site-speci c because the actual CF hazard depends strongly on local
conditions such as the shape of the coastline, the orography and land surface of the
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surrounding land area where precipitation is collected. Furthermore, the nal CF risk
estimate depends also on the existing ood protection, and the exposed population
and assets. Modelling such local details would, however, preclude a continental-scale
analysis. Thus we limit ourselves to modelling theprobability of potential CF: we follow
the approach of previous studie§*%8 and model the probability of co-occurring extreme
sea levels and heavy precipitation. For the sake of brevity, however, we will writeCF
probability only. At the end of the 21st century, SLR will be the primary threat for
coastal areas (appendix B, Fig. B.1), Societies are aware that they will need to adapt
to this impact of climate change by raising dikes, constructing new ood protection, or
abandoning coastal area®”%*. However, CF may pose an additional hazard that has
to be considered. Therefore, for the projections, we focus on the additional CF hazard
caused by the meteorological CF drivers, without considering mean SLR.

5.2 Data and Methods

To characterise extreme sea level, we consider daily maximum values of the superposition
of storm surges (including waves) and astronomical tides. In the following, we will
refer to these maxima simply as sea level. Storm surges and waves are simulated with
the hydrodynamic DFLOW FM 195{197 and Wavewatch 111 105195.196 mgdels respectively,
driven with ERA-Interim reanalysis data 3 for present climate (1979-2014), and with
six selected CMIP5 models®® for present (1970-2004) and future climate (2070-2099);
astronomical tides are simulated separately (see Methods for more details about the
sea level modelling). Precipitation is directly taken from the reanalysis and the climate
models. On each day, we consider accumulated precipitation within a time range of 1
days, which allows us to account for the mentioned mechanisms responsible for CF (see
section 2.3.1), and precipitation occurring just before and after midnight of the storm
surge day?®. We de ne univariate extremes of the individual hazards as events occurring
on average every 1 year for sea level and precipitation. (The results are qualitatively
similar when employing 200-days and 5-years as thresholds.) CF return periods are
de ned as the average waiting time between the co-occurrence of these extreme evehts
(appendix B, Fig. B.5). We model the dependence of sea level and precipitation extremes
by a copula-based multivariate probability model. For an evaluation of the simulated
CF probability see appendix B (Fig. B.2, B.3, and B.4). Further information about
data and methods follow.
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5.2.1 Data

Storm surges are simulated with the DFLOW FM model using a exible mesh setup
(forced with 6-hourly wind and atmospheric pressure elds)12195197 \Waves are sim-
ulated with the model Wavewatch 111 10519519 (forced with 6-hourly wind eld). As-
tronomical tides are simulated every six hours using the FES2012 modét112.161 which
makes use of satellite altimetry data. The resulting sea level data are available every 25
km along the coastline. Comprehensive validation and detailed information of the mod-
els can be found in refst9%112.195{197 (general information on the models can be found
also at the end of section 2.3.1.1). Our analysis is based on quantile values, therefore we
do not bias correct simulated data. Sea level and precipitation data are based on ERA-
Interim and six selected models from the CMIP5 multi-model ensemble (appendix B,
Table B.1). Precipitation is taken from the grid point nearest to each coastal location.
CMIP5 models are selected based on the skill in representing the synoptic climatolo-
gies and inter-annual variations across the north-east Atlantic regiort®>122.195{197  The
GFDL-ESM2G model is not considered along the Black Sea coast because of instabil-
ities of the surge model. Choosing well performing CMIP5 models reduces the risk of
artefacts caused by the delta change approaclt (see below).

The e ect of SLR on the astronomical tide is quanti ed through dynamic tidal ocean
simulations (using the DFLOW FM model). The simulations consider SLR scenarios
resulting from the combination of steric changes with three land-ice scenarios of wa-
ter contributions from ice sheets and glacier§*. The analysis is described in detail in
Vousdoukas et al1% with the only di erence that we consider changes in the complete
time series, rather than in the daily maxima only. Since the sensitivity of the nal tide
amplitude to the land-ice scenarios is very smaft®®, we consider the median of the three
scenarios only. The actual observed time-lag between the surge and astronomical tide
sequences is random. The estimated CF return periods are thus just one random realisa-
tion of all possible time-lags between surges and astronomical tides. To get an estimate
of a more likely CF return period we compute the median of all possible estimates.
We observe that this procedure does not allow to take into account the variability of
the return periods due to the natural variability of the meteorological conditions. For
the ERA-Interim driven data, we obtain this estimate by calculating 240 individual
estimates based on the superposition of (i) the simulated surge time series (including
waves), and (ii) the randomly shifted tide time series. The part of the tide series be-
yond the length of the surge series was moved to the start date. From this ensemble
we compute the median of the CF return periods (Fig. 5.1). It turned out that the

di erence between the standard estimate and the bootstrap-based estimate was small.
As this procedure is computationally expensive, we therefore refrained from applying it
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to the CMIP5-based data. More in-depth information about data sources can be found
in the Data availability section of Bevacqua et al®°.

Assessing the e ect of all the non-linear interactions between the sea level components
(i.,e. SLR, astronomical tides, waves, and storm surges), would render a continental
study of present and future climate unfeasible because of the high computational costs.
Therefore, in this study, we do not account for these non-linear interactions, except
for the in uence of SLR on astronomical tides. As discussed in chapter 2, in princi-
ple, treating these components as independent variables can a ect the accuracy of the
sea level extremes, especially in shallow water bodies. However, previous studies have
demonstrated the validity of the approach of treating the sea components as indepen-
dent for climate change projectiong’?:88:162.202 gnd this approach is common in similar
large-scale studie§”1%. These non-linear interactions would not qualitatively change
the conclusion of our large-scale study.

5.2.2 Return periods

As explained in section 3.3, we de ne the bivariate CF return periods*138185 g5 the
mean waiting time between events where sea level and precipitation simultaneously ex-
ceed the individual 1-year return levels (i.e. the 997" percentiles sg9g.7 and pog:7).
The marginal distributions of sea level and precipitation beyond the selection thresh-
olds are modelled by a Generalised Pareto Distribution (GPD). Copulas were tted to
(us; up) (obtained via empirical marginal cumulative distribution function (CDF) 185),
and selected via Akaike information criterion from the families: Gaussian, t, Clayton,
Gumbel, Frank, Joe, BB1, BB6, BB7, BB8. Marginal distributions and copulas were
tted through a maximum likelihood estimator (via the ismev®! and VineCopula14°
R-packages). Goodness of t of marginals and copulas was tested based on the Cramer-
von-Mises criterion®! (one-tailed; N0t = 100 for copulas) (via the eval® and VineCop-
ulal4® R-packages respectively). The projected change (%) of the return period (Fig.
5.2a) is estimated as T (%) = 100 (T2070-2099  T1970-2004)=71970-2004 for the individual
CMIP5 models.

5.2.3 Sampling uncertainty of ERA-Interim based CF return periods

To obtain the 95% sampling uncertainty range of the ERA-Interim based CF return

periods in Fig. 5.2c, we apply a resampling procedure. The uncertainty is computed in
the eleven representative locations whose return periods are shown in black in Fig. 5.2c.
We base our estimate of sampling uncertainty on the previously generated 240 bivariate
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sea level/precipitation time series (where surge and precipitation is identical, only astro-
nomical tides have been resampled). Each of these 240 bivariate time series are used for
a further resampling procedure by combining bootstrapped numerator and denominator
values of the return period expression (eq. (3.8)). The numerator bootstrapped values
are obtained based on resampling of the observed times elapsing between the selected
pairs (si; pi) employed for tting the parametric probability density function (pdf); the
denominator bootstrapped values are obtained based on resampling of the observed pairs
(si; pi) used for the t of the pdf. The nal return period sampling uncertainty range is

de ned as the 25" - 97:5 percentile interval of the 240240 return period estimates.
This procedure is preferred to a classic resampling of all of the pairs, which - here -
would overestimate the obtained median return period due to the serial correlation of
the sea level time series. Based on a large sample of data without any serial correlation,
we estimated that our procedure overestimates by 30% the 95% sampling uncertainty
range (with respect to a classic resampling procedure). Thus, conclusions about the
detection of a climate change signal in the future (Fig. 5.2c) are conservative.

5.2.4 Delta change approach

We compute CF return period for future via the delta change approaci?®, i.e. multiply-
ing the ERA-Interim based historical return period T80 2004 py the individual CMIP5

Era
model i variation of the probability T30 2099-T1980 2004 The present day reference

period is the intersection of the ERA-Interim and the historical CMIP5 data, for which
sea level simulations are available. See appendix B: (Fig. B.4) for comparing return pe-
riods based on ERA-Interim and individual CMIP5 models, and (Fig. B.9) for CMPI5
model-mean return periods in present and future.

5.2.5 Return period for independent drivers

We estimate the CF return period assuming independence between precipitation and
sea level via shu ing (500 times) the cumulated precipitation time series (during 1980-
2014), and plugging an independent copula in eq. (3.8). Then, we extract the median of
the 500 return periods associated with the shu ed time series. The shu ing is required
because the average time elapsing between the eventsin eq. (3.8), and the marginals
Fs and Fp, are also a ected by the dependence between precipitation and sea level.
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5.2.6 Attribution of return period variation

We carry out three experiments® to assess how the CF probability would change in
future when only considering variation - with respect to the present - of: (a) the de-
pendence between sea level and precipitation, (b) the sea level and (c) precipitation
overall marginal distributions (i.e. the distribution of the sea level without reference
to precipitation, and vice versa). We estimate the relative change of the probability
that would have occurred for experiment (i) as  expi = 100 (Té})’(}Ji TPres)=TP'eS (Fig.
5.3), where TP™®S is the return period for the present period and Té‘){;i is computed as
follows. Experiment (a): given the variables (Ss; Prit), we get the associated empiri-
cal cumulative distribution ( Us,, ; Up,, ). From the variables Spres and Ppres We de ne
the empirical CDFs Fs,.. and Fp, , through which we de ne S, = Fsprles(usful) and
Pa = Fpprles (Up,, ). The variables (S,; Pa) have the same Spearman correlation and tail
dependencé® as (S ; Pt), but marginal distributions as in the present period. We
compute the return period Tgl;tp 2 based on G;; Pa). Experiment (b): given the variable
Spres; We get the associated empirical cumulative distributionUs,,.. . From the variable
Siit we de ne the empirical CDFs Fs,, , through which we dene Sy = Fsmlt (Uspres )-
The variables (Sp; Ppres) have the same Spearman correlation and tail dependence as
during the present, but the marginal distribution of Sy is that of the future. We com-
pute the return period Té‘;},b based on Gy, Ppres). Experiment (c): as experiment (b),
exchanging precipitation and sea level variables.

5.3 Results

The highest CF probability in present climate is experienced mostly along the Mediter-
ranean Sea (Fig. 5.1). The Atlantic coast appears to be particularly exposed to co-
occurring storm surges and extreme precipitation (appendix B, Fig. B.6). But here the
e ective probability is slightly reduced because of the high tidal range (appendix B, Fig.
B.6): no CF occurs when the peak of the storm surge occurs during low astronomical
tide 6. In present climate, about 3% of the coastline experience return periods of com-
pound ooding shorter than 6 years. These regions are the Gulf of Valencia (Spain),
the north-western Algeria, the Gulf of Lion (France), south-eastern ltaly, the northwest
Aegean coast, southern Turkey, and the Levante region (Fig. 5.1). The statistical de-
pendence between sea level and precipitation greatly enhances the probability of CF
along the European coasts: when ignoring the dependence, the CF return period in-
creases by up to two orders of magnitude (365 years is the expected return period in the
independent case).
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5.3 Results

Figure 5.1: Present probability of potential compound ood (CF) . Return
periods of CF (co-occurring sea level and precipitation extremes, i.e. larger than the
individual 1-year return levels) based on ERA-Interim data.

In a warmer future climate, the probability of CF is projected to robustly increase
particularly along the west coast of Great Britain, northern France, the east and south
coast of the North Sea, and the eastern half of the Black Sea (Fig. 5.2a and Fig. B.7 in
appendix B). The fraction of coastlines experiencing return periods lower than 6 years is
projected to increase from 3% in present climate to 11% at the end of the 21st century.
Hotspot regions where return periods will fall below this value are the Bristol Channel
and the Devon and Cornwall coast in the UK, as well as the Dutch and German North
Sea coast (Fig. 5.2b).

The forced climate change signal appears to emerge from the uncertainty about present
probability mostly along the Western British Isles, the North and Baltic Sea (regions 3, 4,
and 5 in Fig. 5.2c). Along the Noorderzijlvest water board, which also faces the greatest
SLR, the model-mean probability of potential CF occurrence will triple. The Norwegian
West coast around Bergen will see a vefold increase in potential CF frequency. Along
much of the Mediterranean coast, climate models do not agree about the direction of
future changes in CF probability, along the Strait of Gibraltar CF probability is even
expected to decrease (Fig. 5.2a and Fig. B.7 in appendix B).

Changes in CF probability can in principle be caused by changes in the probability of
extreme sea levels, in the probability of extreme precipitation, or in the dependence
between both hazardg®199182.198 For Europe and the Mediterranean, the main driver
of future changes in CF probability appears to be changes in precipitation (Fig. 5.3).
A warmer atmosphere will allow storms to carry more moisture resulting in heavier
precipitation. This thermodynamic e ect dominates along the North Atlantic storm
track in Northern Europe, and the Mediterranean storm track 123. But weaker upward
winds will reduce or balance the thermodynamic increases of extreme precipitation along
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