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Abstract
In the present study, a recently developed novel approach (Bender et  al. in J Hydrol 
514:123–130, 2014) has been further extended to investigate the changes in the joint 
probabilities of extreme offshore and nearshore marine variables with time and to assess 
design the total water level (TWL) at the shoreline under the effects of climate change. 
The nonstationary generalised extreme value (GEV) distribution has been utilised to model 
the marginal distribution functions of marine variables (wave characteristics and sea lev-
els), within a 40-year moving window. All parameters of the GEV were tested for statisti-
cally significant linear and polynomial trends over time, and best-fitted trends have been 
detected. Different copula functions were fitted at the 40-year moving windows, to model 
the dependence structure of extreme offshore significant wave heights and peak spectral 
periods, and of wave-induced sea levels on the shoreline and nearshore sea levels due to 
storm surges. The most appropriate bivariate models were then selected. Statistically sig-
nificant polynomial trends were detected in the dependence parameters of the selected cop-
ulas, and time-dependent most likely bivariate events were extracted to be used in the esti-
mation of the TWL at the shoreline. The methods of the present work were implemented 
in three selected Greek coastal areas in the Aegean Sea. The analysis revealed different 
variations in the most likely estimates of the offshore wave characteristics and nearshore 
storm surges in the three study areas, as well as in the time-dependent estimates of TWL at 
the shoreline. The approach combines nonstationarity and bivariate analysis, blends coastal 
and offshore marine features and finally provides non-trivial alterations in the response of 
coastal sea level dynamics to climate change signals, compared to former work on the sub-
ject. The methodology produces reasonable estimates of design quantities for coastal struc-
tures and boundary conditions for the assessment of flood hazard and risk in coastal areas.
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1 Introduction

Extreme marine events can give rise to serious coastal flooding and have severe impacts on 
human society, as well as on the environment. The general inception of a changing climate 
with extreme marine events of higher frequency and intensity and mean sea level (MSL) 
rise are expected to increase exposure and vulnerability of society, infrastructure and the 
environment of coastal areas to severe damages. The threat of climate change, combined 
with high concentration of economic activities and other assets in coastal areas with high 
significance for national economic performance and development of most countries, cre-
ates an urgent need to understand and manage the risks associated with future extreme 
marine events that can cause extended coastal inundation.

1.1  Literature review

The effect of climate change on the coastal zone is mostly associated with MSL rise, 
together with significant changes in the trajectories, intensity and frequency of occurrence 
of severe storm events that can cause extreme positive surges (IPCC 2007, 2012). Although 
the majority of scientific studies in the Mediterranean have focused on the variability and 
long-term trends in MSL (Marcos and Tsimplis 2008; Somot et  al. 2008; Carillo et  al. 
2012; Tsimplis et al. 2013; Adloff et al. 2015), changes in extreme storm surges and waves 
under the effects of climate change started to receive considerable attention quite recently. 
Gaertner et al. (2007) detected the danger of a tropical cyclone above the Mediterranean 
accounting for future climate change, using different high-resolution Regional Climate 
Models (RCMs). Indications of climate change effects on storm wave events in the Medi-
terranean have been investigated by several researchers; selected ones are listed as follows: 
Lionello et al. (2008) detected milder marine storms for the period 2071–2100 in the future 
A2 and B2 emission scenarios, compared to those of the present climate, apart for the sum-
mer period in the central Mediterranean under A2 scenario. Martucci et al. (2010) detected 
a negative trend in the annual- and winter-averaged sea state heights derived from the 
European Centre for Medium Range Weather Forecasts (ECMWF) WAve Model (WAM) 
forced by ECMWF’s Re-Analysis (ERA-40) datasets in selected areas of the Italian coast, 
and there is no significant change in sea state durations exceeding certain thresholds. Ben-
etazzo et al. (2012) estimated a generally milder wave climate for the Adriatic Sea during 
the 2070–2099 future period, even though wave extremes severity might intensify locally. 
Casas-Prat and Sierra (2011, 2013) projected the extreme wave climate of the northwestern 
Mediterranean Sea obtaining changes of up to ± 20%, with mirrored variations in wave 
periods and heights, due to limited fetches in their study area; thus, there are insignificant 
changes in wind wave/swell distributions. Galiatsatou and Prinos (2014, 2015), Androuli-
dakis et al. (2015), Galiatsatou et al. (2016) and Makris et al. (2016) studied the impacts 
of climate change on extremes of marine characteristics (storm surge-induced sea lev-
els and spectral wave characteristics) in selected areas of the east-central Mediterranean, 
Aegean and Ionian Seas, detecting a considerable increase in the extreme wave climate 
and extreme storm surges in the North Aegean and the Ionian Seas in the first half of the 
twenty-first century.

Recent studies on Extreme Value Analysis (EVA) for variables associated with the 
marine and coastal environment have been published by different researchers. Μéndez 
et al. (2006) presented a time-dependent version of the peaks-over-threshold (POT) model, 
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allowing it to consider trends, annual cycles and metocean covariates to analyse variability 
in extreme wave climate, while Méndez et  al. (2008) introduced a version of the model 
accounting for seasonality and conditioning to the duration of the storm event. Van Gelder 
and Mai (2008) identified the main methods for estimating the distribution functions for 
wave height and storm surge extremes at the Dutch coast in the North Sea area, imple-
menting extreme value theory (EVT). Sánchez-Arcilla et al. (2008) studied extreme wave 
events using a conventional extreme value (EV) and a Bayesian approach, indicating how 
the introduction of a priori knowledge in EVA helps to reduce uncertainty in predictions 
of extremes. Bulteau et al. (2013) performed spatial EVA of significant wave height along 
the French coast using different EV techniques. Jonathan et al. (2014a) presented a novel 
method to estimate return levels of significant wave height for storm peak events in large 
areas, incorporating spatial and directional effects. Sartini et al. (2017) investigated the spa-
tial variability of extreme significant wave heights in the Mediterranean Sea by means of 
a point-wise EV distribution including covariates representing the meteorological forcing 
and identified four modes of variability of the wave climate in the area. EV methods have 
been also implemented for studying the statistical characteristics of storm surge, mainly 
in the North Sea area (i.e. van Gelder 1999; Coles and Tawn 2005; Butler et  al. 2007; 
Galiatsatou and Prinos 2008; Sterl et al. 2009; Gaslikova et al. 2013; Ridder et al. 2018). 
Bardet et al. (2011) presented a regional frequency analysis of extreme storm surges along 
the French coast, leading to more reliable estimates compared to at-site analysis. Lope-
man et al. (2015) applied the Clustered Separated Peaks-over-threshold Simulation (CSPS) 
method to estimate extreme storm surges of Hurricane Sandy at the coast of lower Manhat-
tan, New York, managing to provide a more reliable estimate for the return period of the 
hurricane’s peak water level.

Although extremes of marine variables, such as wave heights, wave periods and water 
levels, have been considered by numerous authors, studies on the combined impact of such 
variables are more limited. Morton and Bowers (1996), De Haan and De Ronde (1998), 
Ferreira and Guedes Soares (2002), Repko et al. (2004), Yeh et al. (2006) and Callaghan 
et  al. (2008) described the joint probability distribution function of long-term hydrau-
lic conditions. Galiatsatou (2007) compared different pairs of bivariate observations of 
extreme waves and storm surges with reference to joint exceedance probabilities, in order 
to find the most severe sea state caused by the two variables. McInnes et al. (2009) pre-
sented an approach for evaluating storm tide return levels, applying a joint probability 
method to analyse tides and storm surge heights under present and future climate condi-
tions. Wahl et al. (2012) jointly analysed storm surge parameters, such as highest turning 
point and intensity with the significant wave height, by means of Archimedean copulas, 
resulting in reliable exceedance probability estimates. Corbella and Stretch (2013) inves-
tigated dependencies between wave height, wave period, storm duration, water level and 
storm inter-arrival time and used trivariate copulas to jointly analyse the variables that are 
significantly associated. Gouldby et  al. (2014) introduced a practical approach for simu-
lating extreme nearshore sea conditions utilising modern statistical techniques, including 
the generation of a large sample of offshore sea conditions using the conditional extremes 
model of Heffernan and Tawn (2004) and the development of a meta-model of the wave 
transformation process. Jonathan et al. (2014b) presented a nonstationary joint modelling 
approach using multidimensional covariates based on the conditional extremes model of 
Heffernan and Tawn (2004) and applied it to the significant wave height and associated 
peak spectral period of the extra-tropical storm peak, with storm direction as covariate. 
Serafin and Ruggiero (2014) and Serafin et al. (2017) introduced a total water level (TWL) 
full simulation model (TWL-FSM) that considers the seasonal and interannual climatic 
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variability in extreme marine events, while taking into account conditional dependencies 
between the different components of TWL in a Monte Carlo framework, in order to inves-
tigate the relative contribution of the different marine variables to extreme TWL on US 
West Coast sandy beaches. Masina et al. (2015) produced the joint probability distribution 
of extreme water levels and wave heights at Ravenna coast in Italy and used the direct inte-
gration method to assess the flooding probability. Hsu et al. (2018) developed an approach 
based on the joint probability method with optimal sampling using surge response func-
tions to predict extreme surge elevations as a function of hurricane parameters and to 
assess impacts of the estimated storm surge hazard at three study sites in the northern Gulf 
of Mexico. Mazas and Hamm (2017) presented an approach for determining extreme joint 
probabilities of wave heights and sea levels focusing on the sampling of the two variables, 
proposed to be based on the event generating the variables or resulting from their com-
bined effect.

Copulas were widely used in the analysis of multivariate extremes both in hydrology 
and in marine studies (i.e. Grimaldi and Serinaldi 2006; Shiau 2006; De Michele et  al. 
2007; Kao and Govindaraju 2008; AghaKouchak et  al. 2010; Salvadori and De Michele 
2010; Salvadori et al. 2011; Janga Reddy and Ganguli 2012; Zhong et al. 2013; Li et al. 
2014; Rueda et al. 2016; Wahl et al. 2016; Mazas and Hamm 2017). However, the majority 
of such studies considered stationarity of the marginal parameters and of the dependence 
structure of the copula. Singh and Zhang (2007), Corbella and Stretch (2013) and Chebana 
et al. (2013) investigated the use of nonstationary marginal distributions within a multivari-
ate hydrological frequency analysis based on copulas (the second of which for sea storms). 
Bender et al. (2014) analysed the joint extremes of flood peak and flood discharge in Rhine 
River, introducing a multivariate nonstationary approach based on copulas. The latter study 
considered nonstationarity both in the marginal distributions of the variables involved and 
in their dependence structure. Jiang et  al. (2015) also considered nonstationarity in the 
marginal distributions and/or the time variation in the dependence structure between differ-
ent hydrological series to perform bivariate frequency analysis for the low-flow series from 
two neighbouring hydrological gauges using copulas. Kwon and Lall (2016) presented a 
nonstationary approach to assess the time-varying return period of the drought event of 
2012–2015 in California based on the joint distribution of drought duration and severity 
modelled using copulas.

1.2  Scope of work

The destructive potential of marine storm events on coastal areas and structures depends criti-
cally upon storm surge, incident wave height and period for sea states with directional spread-
ing that can affect the coast. The extremes of the aforementioned marine variables are con-
trolled by synoptic atmospheric circulation patterns; thus, they usually show strong statistical 
dependence (Rueda et al. 2016). Wave periods have both deterministic and random links to 
wave height, delimited only by the potential energy content of a wave train or sea state. The 
former are mainly expressed in terms of physical limitations such as maximum wave steep-
ness, while the latter are apparent as different combinations of wave height and period that 
may be produced from slightly a different meteorological forcing. Moreover, extreme wave 
conditions and large storm surges depend on the same driving force, the wind field; hence, 
dependence at extreme levels of the two processes is highly likely. The above-mentioned 
dependencies of marine variables and the fact that climate change is one of the prominent 
causes of long-term nonstationarities inherent in marine signals, especially when their extreme 
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levels are of interest, necessitate the use of a nonstationary multivariate approach to assess 
future extreme sea states that can provide reliable design values for the TWL at the shoreline 
and its variations with time.

In the present work, a nonstationary multivariate approach, partly based on the methodol-
ogy presented by Bender et al. (2014), has been further extended and implemented to assess 
design TWL on the shoreline at selected Greek coastal areas in the Aegean Sea under the 
effects of climate change. The approach introduces different innovative features to estimating 
the elevation of TWL at the shoreline in the future climate (restricted to only one possible 
realisation of it), considering changes over time in all involved processes, both determinis-
tic (MSL rise) and stochastic (variations in the marine climate), as well as in their associa-
tions. The use of modelled data for marine variables, forced by climate simulation results by 
an RCM, imposes the use of a fully nonstationary approach for modelling TWL, as such 
data exhibit time dependency in both their marginal distributions and their dependence func-
tions. In this work, a bivariate EVA is conducted at two different spatial scales: one in the 
offshore area of selected coastal locations, which is quite common in joint probability analyses 
of marine variables, and another one in the nearshore area of these locations. The approach 
followed enables us to assess the dependence structure between the wave-induced sea level 
on the shoreline and the nearshore storm surge, considering that the modelled wave data are 
transferred from deep water to coastal areas. To do this, the well-established theory of Goda 
(2000) is implemented by an iterative modelling approach based on semi-analytic calculations 
of irregular wave propagation combined with semi-empirical graphical distributions of spec-
tral wave parameters and constraints in the values of wave characteristics due to irregular wave 
breaking. The aforementioned bivariate analyses are performed for marine processes of simi-
lar nature, magnitude and spatial scales, i.e. for storm-driven and wave-induced water levels, 
as well as for offshore wave characteristics (significant wave height and peak spectral wave 
period). The nonstationary analysis of the present paper is also implemented based on strict 
directionality and duration constraints for both the storm wave and surge events. Comparing 
the core of the statistical methodology with the one presented in Bender et al. (2014), it should 
be noted that the present analysis also considers nonlinear trends in parameters of the marginal 
distributions and in the dependence parameters of the bivariate models and selects the best-
fitted ones using different statistical criteria. Such trends are then incorporated in the bivariate 
copulas to produce joint return level estimates of both the offshore wave parameters and the 
nearshore water level components. Both Archimedean and Elliptical copulas are also included 
in the analysis, covering different forms and degrees of dependence at the two areas of appli-
cation (offshore and nearshore).

In Sect. 2, the methodology to assess TWL at the shoreline is described including the trans-
fer of wave data from deep water to shallow coastal areas and the estimation of the wave-
induced sea level on the shoreline. Different study areas and datasets available for the analysis 
are also presented. Section 3 introduces the nonstationary generalised extreme value (GEV) 
distribution function and the copula theory, used to model the marginal distributions of off-
shore and nearshore marine variables and their dependencies, respectively. Section 4 includes 
the main results of the nonstationary analysis, while Sect. 5 summarises the main findings of 
the paper.
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2  Estimation of total water level at the shoreline under the effects 
of climate change

Flooding of coastal areas is caused by the combined effect of high water levels (storm 
surges and astronomical tides), MSL rise and wave action of rough sea states. The wave-
induced run-up at the shoreline has been calculated in the present work using the Stock-
don et al. (2006) formula:

where Hs is the deep water significant wave height, Lo is the deep water wave length associ-
ated with the peak spectral wave period Tp, tanβ is the beach face slope and ξ = m/(Hs/Lo)1/2 
is the Iribarren number (surf similarity parameter). The formula of Stockdon et al. (2006) 
estimates run-up by adding wave set-up and swash and decomposes swash into the sum of 
incident and infragravity contributions. For dissipative beaches (ξ < 0.3), the wave run-up 
is infragravity dominated. It also takes into account the beach slope, indirectly incorporat-
ing the influence of morphological changes on the coast due to sediment transport ero-
sion or accretion. As the latter was out of the scope of the present study, in the following 
methodology the beach morphology was not allowed to evolve; thus, tanβ is considered to 
be invariant. The TWL at the shoreline, ηt, resulted from adding the components of wave 
run-up (contains the wave set-up parameter, ηsu, and infragravity swash motions), R2%, 
MSL rise, MSLR, the surf beat, ηsb, the storm surge sea level height, SLH, and the highest 
astronomical tide, HAT (see definitions and details on values’ ranges of all parameters in 
Sect. 2.1, 2.2):

We added the surf beat component (although interrelated to infragravity bound long waves 
in the surf zone, parts of which are calculated in R2%) in the TWL calculation, in order to 
amplify the values of Stockdon et al. (2006) run-up parameter that do not take into account 
the swell-driven resonance with bound long waves in the surf zone and the correlated surf 
beat sea level elevations towards shoreline. Plant and Stockdon (2015) comment on the 
Stockdon et al. (2006) run-up model’s inability to accommodate broad-banded or multiple 
peaks in the frequency or direction of wave spectra. The wave data used (see description in 
Sect. 2.2.2; Kapelonis et al. 2015) were based on SWAN model simulations in a coupled 
(pseudo-bimodal) swell/wind wave mode, rendering the extra surf beat term in the calcula-
tion of TWL, as a moveable breakpoint-generated sea level elevation induced by bichro-
matic/transient wave groups breaking on beaches (Baldock 2006; Baldock et al. 2000). In 
Eq. 2, reliable estimation of ηt depends significantly on purposeful choice of extreme val-
ues of wave-induced parameters (R2%, ηsb) and SLH. Thus, one of our goals was to con-
strain the estimation of SLH extremes in nearshore areas based on multivariate EVA of 
storm surges with wave-induced coastal sea levels, ηw. Full reasoning on the latter is given 
in the methodology presented in Sect. 3.

(1)
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2.1  Methodology to transfer offshore marine data to nearshore areas

In order to correctly calculate the TWL in coastal areas, and specifically inside the surf 
zone and towards or on the shoreline (see also Sect. 3), we primarily need to transfer 
the spatially large-scale modelled (wave and storm surge) data from relatively deep (or 
intermediate) waters in the open sea to nearshore shallow water areas and finally the 
shoreline boundary. The storm surge is a rather large-scale phenomenon in the order of 
kilometres taking place on the continental shelf. Its effects, i.e. the storm-induced SLH, 
concern wide spatial scales and can be provided by dynamically downscaled numerical 
simulations in climatic mode (150  years) with adequate accuracy in terms of spatial 
resolution, e.g. 10–5  km in Mediterranean and Greek Climate Storm Surge (MeCSS 
and GreCSS) Models’ implementations of Androulidakis et al. (2015) and Makris et al. 
(2015, 2016).

However, this might not be the case for the finer-scale effects of wave-induced sea 
level in nearshore areas and close to the shoreline, due to irregular wave breaking. 
To calculate the latter, very detailed, nested numerical simulations in climatic mode 
(150 years) with a 2-DH wave model of very fine spatial resolution would be required, 
which is currently a rather arduous or even impossible task in terms of computational 
resources or available detail of  digital bathymetric and terrain models. Therefore, in 
the present work, in order to produce estimates of future extreme sea states, we have 
initially analysed extreme offshore wave characteristics, derived by numerical simula-
tions of wave climate with the Simulating WAves Nearshore (SWAN) model (Kapelonis 
et al. 2015; Makris et al. 2016). Subsequently, we have calculated the transformation of 
the annual extremes of random wave characteristics (yearly extreme significant wave 
height, Hs; associated peak spectral period, Tp; related main wave propagation direction, 
ap) towards the shoreline in specific sites of interest. An iterative modelling approach 
for irregular wave trains (Goda 2000; Makris and Krestenitis 2009) was implemented, 
taking into account the crude variations in the bathymetry crossing areas of nearshore 
intermediate to shallow waters. The model is based on blending spectral wave propaga-
tion and breaking, for wave fields crossing successive characteristic depths of marine 
areas, while dividing them in segments of rather parallel (and nearly straight) depth 
contours. The model is based on merging semi-analytical expressions with graphically 
derived semi-empirical distributions (Goda 2000) for wave variables linked to refrac-
tion and shoaling. The surf zone dynamics (wave breaking) is also taken into account by 
semi-analytical relations of depth-limited constraints for Hs in nearshore areas blended 
in the irregular wave propagation iterative calculation process. All the above is mod-
elled in order to finally compute the spectral wave characteristics in the surf zone and 
result to a plausible estimation of the wave-induced water level on the shoreline, ηw.

The wave-induced set-up, ηsu, was calculated (Goda 2000; Dean and Dalrymple 
2002), as it represents the short- to midterm sea level elevation in the coastal zone, due 
to random wave action in shallow waters and secondary processes of irregular wave 
breaking. The former is added to another yet smaller component of sea level variation, 
known as the surf beat, which is a midterm oscillation of the sea level (with typical 
duration of more than 7–10 wave periods or several minutes) inside the surf zone with 
varying values from incipient wave breaking point to the shoreline (~ 30% of incident 
Hs). The surf beat, ηsb, is correlated with wave groups approaching the coastal zones 
in discrete high- and low-frequency bands, i.e. divided in groups of short and long 
waves, respectively. Conclusively, we estimated the (potential) wave-induced sea level, 
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ηw = ηsu + ηsb, in the surf zone and on the shoreline (see Eq. 7 for semi-analytic relation 
for the evolution of the wave set-up in the surf zone and its asymptotic value exactly on 
the shoreline), being qualitatively similar to nearshore SLH due to storm surges, as they 
are both midterm (mean) sea levels of comparable magnitudes and of similar spatial 
scales, covering extended areas on beach fronts, and thus can be a fitting counterpart in 
a bivariate analysis of sea level values.

2.1.1  Transformation of random wave characteristics from open seas to shallow 
coastal waters

The spectral wave theory, semi-analytic relations and graphical wave parameter distributions 
of Goda (2000) were used for the propagation of irregular waves from deep or intermediate to 
shallow waters, by calculating the transformation of the spectral wave characteristics (Hs, Tp, 
ap). Theory takes into account the physical processes of random wave propagation, refraction, 
shoaling and deformation of waves for the calculation of energy dissipation due to irregular 
wave breaking. Specifically, the modelling approach for the surf zone creation due to depth-
limited breaking (Goda 2000) produces the random breaking wave characteristics considering 
the local bathymetry, the bottom slope and bottom friction.

The transfer of numerically simulated wave data from deep (bias-corrected values in selected 
cells of the SWAN computational grid; see also Sect. 2.2.2 and Makris et al. 2016) to coastal 
waters was based on Goda (2000), i.e. the derivation of the effective coefficients for random 
wave refraction and shoaling, kr

′ and ks
′, appropriately modified based on the classic kr and ks val-

ues from linear theory for monochromatic waves. The significant wave height, Hs, in arbitrary 
depth, d, is given by the relation Hs = kr

′  · ks
′  · Hs,o (where the o index corresponds to offshore 

values). The areas of interest have been chosen to have rather parallel depth contours, and calcu-
lations were executed separately in consequent wave routes with rather straight depth contours, 
in order to preserve the applicability of the method. Energy dissipation due to breaking was cal-
culated based on the marginal values of characteristic depths d30 and d50, the angle of incidence 
of deep water waves, αp,o, the equivalent deep water wave concept Hs,o′ = ks · Hs,o for dealing with 
complex topographies and the spectral wave spreading parameter smax for random waves.

The effective refraction coefficient for irregular waves is given by (Goda 2000):

where kr(f,θ) is the linear refraction coefficient of a monochromatic wave component with 
frequency f and propagation direction θ, (ΔE)ij are the components of relative wave energy 
with ith discrete frequency and jth angle of incidence for discrete spectral bands of ran-
dom waves with i = 1, M directional spreading range and j = 1, N the frequency spreading 
range. The graphical way of deriving kr′ concerns coasts with rather straight and parallel 
depth contours and their pre-calculated values based on appropriate superposition method-
ology. Accordingly, the (effective) spectral shoaling coefficient for random waves is given 
by (Goda 2000):

(3)
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where Lo,p is the deep water wavelength corresponding to the peak spectral period, Tp, and 
the remaining parameters are given by (Goda 2000):

2.1.2  Calculation of wave‑induced sea level on the shoreline

Deformation of random sea waves in nearshore areas, due to irregular wave breaking, plays the 
most important role in defining the wave-induced characteristics of the sea surface inside the 
surf zone. The energy dissipation due to depth-limited breaking of a random wave train that 
corresponds to a specific sea state, simulated by a third-generation wave model (SWAN; see 
also Sect. 2.2.2), can be computed analytically to produce a simple relation for the change of 
wave height distribution within the surf zone, based on the formulation of the limiting height 
of individual components of the breaking spectral waves, Hs,b (Goda 2000):

where A = 0.12–0.18 is a shape parameter depending on the position of the broken wave 
inside the surf zone, ds,b the incipient breaking depth corresponding to Hs,b and m the bot-
tom slope.

Combining iteratively the breaking model with the random wave transformation, one can 
calculate an estimation of the wave set-up evolution in the surf zone transverse to the coast, 
dη/dx (variation in mean water level, being ηsu exactly on the shoreline), together with the surf 
beat, ηsb (ζrms in Goda 2000). Adding the two aforementioned parameters, we can get the total 
sum of wave-induced sea level near or on the shoreline, ηw = ηsu + ηsb (Goda 2000; Dean and 
Dalrymple 2002):

(5)
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where γ = Hs,b/ds,b is the wave breaking index, Lp the local wavelength corresponding to 
Tp and η the local value of the sea level (mean water level) due to the random breaking-
induced process of the wave set-up in depth d.

2.2  Study areas and available datasets from high‑resolution numerical models

2.2.1  Study areas

The methods and techniques of the present work have been implemented to the annual 
maxima of random wave characteristics (i.e. Hs and corresponding Tp) in open seas, 
nearshore wave-induced sea levels, ηw, and associated SLH values due to storm surges at 
selected locations of the Aegean Sea. Three representative study areas (Makris et al. 2016) 
have been selected (Fig. 1), one in the North Aegean (Area 1) containing the coastal zone 
of Alexandroupolis city and part of the Thracian Sea, one in the Central Aegean (Area 2) 
containing the coastal area of Eresos in the southern Lesvos Island and one in the South 
Aegean (Area 3) containing the coastal area of the city of Heraklion in northern Crete. 
As it is difficult to characterise or quantify a specific beach slope on standard rules (Coe-
lho et al. 2009), we followed Short (1999) and adopted the beach slope between low tide 

Fig. 1  Selected study Areas i (i = 1–3) of the Aegean Sea; 1: North Aegean, Alexandroupolis coastal area in 
the Thracian Sea; 2: Central Aegean, Eresos coastal area in southern Lesvos Island; 3: South Aegean, Her-
aklion coastal area in the Cretan Sea. Pi are characteristic grid points of the red boxes defining each Area, 
namely P1 [25.30°, 40.65°], P2 [25.75°, 39.00°] and P3 [25.15°, 35.70°], respectively
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shoreline and the base of the sand dune for any location. The values were extracted from a 
Digital Elevation Model (DEM), freely provided from Greece’s National Cadastre & Map-
ping Agency S.A. (http://www.ktima tolog io.gr/sites /en/Pages /Defau lt.aspx). The DEM’s 
grid cell size was 5  m × 5  m, and correction field surveys and measurements were per-
formed, where necessary. For the characterisation of each beach slope, an adequate number 
of representative cross-shore profiles were selected at each study area, namely 52, 5 and 18 
beach slope profiles for Areas 1, 2 and 3, respectively. The discrete profiles were distanced 
800–1000  m from each other. The chosen ones for the calculation of the run-up corre-
sponded to the median values of each beach’s series of profiles (e.g. ranging between 1 and 
14% conclusively in all coasts). To isolate the influence of hydrodynamic forcing on TWL 
(Serafin et al. 2017), almost uniform (7‰ differences) beach face slopes were selected in 
all Areas considered. Thus, the representative beach profiles in Areas 1, 2 and 3 have beach 
slopes of almost 7.5%, 8.2% and 8%, respectively. The beach widths of the selected loca-
tions in Areas 1, 2 and 3 are 14 m, 21 m and 40 m, respectively, with corresponding berm 
heights of 3 m, 2 m and 3.2 m. 

2.2.2  Available numerical data of wave and storm surge

The data concerning the marine parameters of the present work are drawn from long-term 
numerical simulations of 150  years, forced by atmospheric data produced by RCM cli-
mate simulations, to estimate the (offshore) wave characteristics (Hs and Tp) and the SLH 
due to storm surges at selected grid points of the study area. The nearshore (surf zone) 
wave-induced sea levels were derived based on the methodology given in Sect. 2.1.2, and 
the respective response on the coast, i.e. the TWL at the shoreline, is given in the start 
of Sect.  2. The wave data resulted from a wave climate modelling system, based on the 
SWAN model (Booij et al. 1999) formulated for the Mediterranean and the Aegean/Ion-
ian Seas; for more information on exact numerical set-ups, thorough validations, and bias 
correction of wave characteristics, the reader is advised to follow the detailed descriptions 
of Kapelonis et al. (2015) and Makris et al. (2016). Storm surge simulations were based 
on high-resolution two-dimensional models of hydrodynamic ocean circulation (MeCSS, 
GreCSS Models), also formulated for the Mediterranean and Aegean/Ionian Seas at large 
(detailed model set-ups and validations can be found in Krestenitis et al. 2014; Androuli-
dakis et al. 2015; Makris et al. 2015, 2016). The calibration and validation of the models 
were performed using in situ measurements from tide gauge stations and satellite altimetry 
observations. The modelled datasets covered a period of 150 years (1951–2100) and were 
produced within the research project “CCSEAWAVS (2012–2015): Estimating the effects 
of climate change on sea level and wave climate of the Greek seas, coastal vulnerability and 
safety of coastal and marine structures”. The atmospheric forcing of the models consisted 
of simulated climatic data of wind and sea level pressure fields derived from an RCM, 
namely RegCM3 (Vagenas et al. 2014; Velikou et al. 2014). RegCM3 was built upon the 
NCAR—Pennsylvania State University (PSU) Mesoscale Model version 4 (MM4) (Dick-
inson et  al. 1989). The spatial resolution of RegCM3 was 10  km × 10  km (Tolika et  al. 
2016), produced under 20C3M historical scenario for the twentieth century, and its future 
projections (twenty-first century) were forced by the output of a Global Climate Model 
(GCM), i.e. ECHAM5 (Roeckner et al. 2006) simulated fields, under the assumptions of 
the A1B emissions scenario (Makris et al. 2016; Vagenas et al. 2017). Tolika et al. (2016) 
and Makris et al. (2016) provide thorough validation of the dynamically downscaled RCM 
implementation against field observations and ERA-Interim atmospheric re-analysis data 

http://www.ktimatologio.gr/sites/en/Pages/Default.aspx
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(http://www.ecmwf .int/en/resea rch/clima te-reana lysis /era-inter im), together with all the 
special features of numerical set-up for regional-scale future climatic projections. Their 
goal was to focus on the potentials of well-validated dynamical downscaling for the aid 
of climate estimations and not on ensembles of future scenarios based on multiple par-
ent GCMs. This was associated with an effort to reduce the obvious high uncertainty of 
extreme future climate estimations, which was induced by the use of a unique GCM-sce-
nario combination.

2.2.3  Selection of representative grid points and definition of storm events

The selection of representative points of the wave and storm surge models’ grids has been 
performed utilising the homogeneity measures of Hosking and Wallis (1997). In the pre-
sent work, homogeneity measures were assessed based on annual maxima of Hs and SLH 
for the control (1951–2000) and the future (2001–2100) periods, and homogeneous regions 
in terms of the extreme marine climate were defined (Makris et  al. 2016). It should be 
noted that the study areas were judged to be acceptably homogeneous regarding extreme 
SLH. The methodology of the present paper has been applied to one representative grid 
point per study area, belonging to the homogeneous group with the highest wave height 
quantiles; therefore, Pi are the characteristic grid points of each Area i (i = 1, 3; 1: North 
Aegean, 2: Central Aegean, 3: South Aegean in Fig.  1) with P1 [25.30°, 40.65°], P2 
[25.75°, 39.00°] and P3 [25.15°, 35.70°], respectively.

The Aegean Sea is a semi-enclosed water basin labelled as a marginal sea (bordering 
continents semi-isolated from huge water bodies and open oceans usually confined by 
island arcs or lands, e.g. the Cyclades, Crete etc.). For such a reason, there are no immense 
water masses (as in oceanic waters) to drive very high storm surges in the coastal zone. 
Moreover, storm surge events in the Aegean are usually generated by enfeebled subtropical 
cyclones and/or extra-tropical storms that follow a west-to-east path over the Mediterra-
nean Sea (Krestenitis et al. 2011; Makris et al. 2016). Therefore, flooding of Greek coastal 
areas is more influenced by the wave action. Based on the aforementioned peculiarities of 
the study area and the fact that wave periods are usually strongly dependent on and physi-
cally constrained by wave height, we decided to select our multivariate storm events based 
on annual maximum offshore wave heights of directions affecting the coastal areas under 
study and exceeding a minimum duration to be able to cause significant impact on the 
coast. These multivariate sea states can provide the highest possible realisations of TWL in 
the area, contributing to the most severe flooding hazard.

Wave height events exceeding appropriately defined thresholds, ranging between 1.5 
and 2 m in all study areas for durations of more than 6 h, were initially selected at all con-
sidered grid points. The main offshore direction θp of irregular wave propagation (direc-
tion normal to wave crest of each spectral component) was produced by the SWAN model 
simulations in Cartesian convention (taken counterclockwise from geographic East), and 
it was transformed for every case to ap ≤ ±90° in order fit the spectral wave direction limit 
of the Goda (2000) modelling approach. Thus, the total aperture of wave propagation was 
taken to be 160° (including almost all oblique incident wave fields towards the shoreline), 
i.e. giving an 80° maximum initial angle of propagation on each side of the transverse to 
the coastline of each studied area. The Hs annual maxima of the defined events and associ-
ated Tp values were then selected at all grid points, corresponding to a period of 150 years 
(1951–2100). The lower spatiotemporal variability of the intensity of storm surges com-
pared to rough wave fields in the Aegean Sea allowed us to use the (lower-resolution) 

http://www.ecmwf.int/en/research/climate-reanalysis/era-interim
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modelled, nearshore, storm-driven SLH that corresponds to the respective annual maxima 
of Hs. In this framework, not only the simultaneous, but a 5-day window of SLH data were 
implemented in the analysis, covering the time of corresponding records of Hs maxima (by 
2.5 days bilaterally), in order to estimate the largest possible SLH response to the particu-
lar storm events, which usually have a maximum duration of 120 h in the Mediterranean 
basin (Conte and Lionello 2013; Makris et al. 2016). Please note that the nearshore wave-
induced water levels, ηw, are computed using only these annual maxima pairs of Hs and Tp 
in order to transfer offshore yearly extremes to the shoreline, following the reasoning pre-
sented in Sect. 2.1. The proposed selection method for extreme offshore conditions ensures 
the capturing of almost the entire sample space of Hs–Tp pairs that could drive extreme 
flooding events. Some pairs of longer but shorter waves that could theoretically drive larger 
flooding might exist (yet statistically insignificant, i.e. with occurrence probability < 5%), 
but furthermore do not necessarily qualify as efficient wave storm events, either because 
of their insufficient short duration (< 6 h) or ineffective directionality (incident waves away 
from the impact shoreline).

2.2.4  Mean sea level rise and tidal components

To assess the MSL rise in the Aegean Sea used in Eq. 2, both a steric component and a 
component of mass addition due to ice melting were considered in this paper. The esti-
mate used for the steric contribution was based on the projected thermosteric sea level rise 
(SLR) of about 5 cm for the Aegean and Ionian Seas by 2050 (vs. 1951–2000) under the 
SRES-A1B scenario (Carillo et al. 2012). Other components of MSL rise (e.g. mass addi-
tion due to land ice melting) were also considered by adding 15 cm to the thermosteric 
component, according to the IPCC AR5 (IPCC 2013). The total value of MSL rise for 
the Aegean Sea used in this work, namely 25 cm by 2100, agrees well with recent esti-
mates of MSL trend due to changes in the mass (GRACE programme), corresponding to 
about 2.5 mm/year, averaged over the whole Mediterranean for the period from January 
2003 to July 2013 (Tsimplis et al. 2013). If this trend remains constant, the mass addition 
should raise the Mediterranean MSL by approximately 12 cm by 2050 and 25 cm by 2100 
(Makris et al. 2016). The range of highs and lows of astronomical tides in the Aegean, and 
especially in the areas of interest, are generally small compared to other European coastal 
areas (Pugh 1996). The approximation of the largest HAT value in the three specific areas 
of the Aegean basin is taken equal to 25 cm, courtesy of Hellenic Navy Hydrographic Ser-
vice (https ://www.hnhs.gr/en/), based on the works of Tsimplis (1994) and Tsimplis et al. 
(1995).

3  Methodology for nonstationary analysis of extreme marine events

Our basic intent was to perform analysis of extremes based on bivariate distributions of 
marine variables (viz. ηw and SLH) and nonstationary GEV functions of nearshore data 
in coastal areas, instead of statistically correlating offshore values of wave and surge 
parameters and then applying the derived extremes in coastal areas. The main goal was to 
constrain the choice of surge-induced SLH extremes based on multivariate analysis with 
wave-induced coastal sea levels. As aforementioned, the nearshore data that we have used 
are numerically modelled results of SLH (MeCSS and GreCSS Models one-way coupled 
simulations of 150 years) and wave characteristics (Hs, Tp, ap) by two case-specific SWAN 

https://www.hnhs.gr/en/
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implementations with nested grids in the Mediterranean and the Aegean and Ionian Seas 
for 150 years, complemented by a requisite, simplistic model for irregular wave propaga-
tion and breaking in nearshore areas and shallow waters towards the shoreline.

Therefore, we tried to ensure that the cases of extreme waves (taking into account 
nearshore processes as spectral wave refraction, shoaling and breaking) are combined 
with extreme surges in shallow coastal areas, in order to finally define TWL on the shore-
line which actually refer to extreme cases that really pose flooding threats on the coast. 
We approached the later through bivariate analysis of drivers, as the past literature has 
focused on bivariate EVA of offshore surge and wave parameters or univariate EVA on the 
response (wave run-up or TWL). Moreover, we performed bivariate analysis of extremes 
on uniform parameters, i.e. nearshore (and not offshore) SLH (due to storm surges) and nw 
(wave-induced sea level), being of comparable magnitudes and similar spatial scales (they 
both cover extended areas on beach fronts), instead of correlating Hs or Tp to SLH (i.e. dif-
ferent types of parameters). Conclusively, the Stockdon et al. (2006) formula for R2% was 
implemented in the end, as it is the most recent established approach on run-up calculation 
including both wave set-up and swash, but only after the more unambiguous estimations of 
return values of SLH and wave characteristics, to finally define plausible values of TWL. 
Please note that ηw was calculated by a numerically modelled approach throughout the surf 
zone (dη/dx in Eq. 7), while R2% is a statistical empirical estimation of the water level on 
the coast (considerably depending on the swash), and thus, its calculation relies much on 
the geometry of the beach face slope (especially for long waves which are mostly respon-
sible for coastal inundation). Hence, bivariate EVA is performed for a pair of (modelled) 
physical parameters, viz. SLH and ηw, instead of a couple consisting of physical (SLH) and 
empirical (R2%) parameters; ηw is explicitly included in the end of the calculation process in 
R2% (see start of Sect. 2). To sum up, our approach is based on applying bivariate extreme 
analysis on the drivers (storm surges and waves) of sea level elevation in broad nearshore 
areas, in order to define non-evasive cases of extreme water levels, avoiding mere univari-
ate EVA on response parameters of sea level elevation on the coast (viz. TWL).

3.1  The GEV distribution function

The univariate EVT includes models for block maxima and models for exceedances over 
appropriately defined thresholds (POT models). The former correspond to the GEV dis-
tribution function, which is a three-parameter distribution, including the location, μ, the 
scale, σ > 0, and the shape, ξ ≠ 0, parameters. The special case with ξ = 0 corresponds to 
the Gumbel distribution function. The parameters of the GEV distribution function can be 
assessed using different estimation methods. Among them, the Maximum Likelihood Esti-
mation (MLE) procedure is very commonly used and is quite easy to apply. However, the 
method of L-moments (LM) introduced by Hosking (1990) has been identified in the lit-
erature as more reliable and robust, even for relatively small sample sizes. The L-moments 
are analogous to ordinary moments and can be computed from linear combinations of 
probability weighted moments. In fact, they provide measures of the basic aspects of the 
shape of distributions or data samples, such as location, dispersion, skewness and kurtosis. 
Exact formulas for the Cumulative Distribution Function (CDF) of the GEV, the probabil-
ity weighted moments and their applications are provided by van Gelder (1999) and Galiat-
satou and Prinos (2016).

Most marine variables, especially at their extreme levels, exhibit phenomena of nonsta-
tionarity. Natural climatic variability and climate change are some of the prominent causes 
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of such nonstationarities. Natural climatic variability is mainly associated with internal 
interactions between components of the climate system. Such components are, among oth-
ers, the El Niño Southern Oscillation (ENSO), the Pacific Decadal Oscillation (PDO) and 
the North Atlantic Oscillation (NAO), acting on different time scales. The aforementioned 
oscillations can have a significant impact on the magnitude of extreme marine events and 
on the occurrence of flood events. Climate change, with strong evidence existing nowadays 
on its existence and impacts, is associated in the literature with extreme events of higher 
intensity and frequency. Therefore, climate change can also be considered as a major cause 
of nonstationarity of marine extremes. The aforementioned causes contribute significantly 
to the nonstationary behaviour of extreme marine events and necessitate to incorporate 
time -varying components in the EV models, for the process of extrapolation to be more 
reliable and unbiased. To incorporate nonstationarity in modelling the univariate extremes 
of a marine variable, the three parameters of the GEV are assumed to vary as functions of 
time. Therefore, the nonstationary version of the GEV becomes (Coles 2001):

Return levels xp corresponding to return periods of T (years) = 1/p are assessed as a func-
tion of time representing the quantile of the distribution function of the studied variable in 
a given year (Galiatsatou and Prinos 2016). To estimate the parameters of the fitted theo-
retical distribution functions of all the studied marine variables, the methodology presented 
in Bender et al. (2014) was implemented in the present work. A moving time window of 
40 years length was shifted by 1 year each time, and the parameters μ, σ and ξ were esti-
mated using the LM method for each time period. The parameter estimates extracted, using 
the above-mentioned procedure, correspond to the last year of each 40-year period (mov-
ing window). The time window length has been selected to meet two basic requirements 
(Bender et al. 2014): (1) its length should be selected short enough for the assumption of 
stationarity to be quite sound and adequate for the fitting of EV models, and (2) the data set 
of each time window should be large enough to provide a good fit of the marginal distribu-
tions of the marine variables as well as of their possible dependence structure. Stationarity 
of all moving windows was checked using different nonparametric trend tests, such as the 
Mann–Kendall trend test (Hipel and McLeod 2005), the Cox–Stuart trend test (Rutkowska 
2015) and the Wald–Wolfowitz test (Rai et al. 2013) for independence and stationarity. The 
three aforementioned nonparametric trend tests were performed for the selected extremes 
of each marine variable in all 40-year moving windows and for all the three coastal areas 
considered (North, Central and South Aegean Seas). Very few datasets (selected Hs, Tp, ηw 
and SLH events) did not pass the three tests at a 5% significance level, and still all calcu-
lated failures were marginal; therefore, it was assumed that the condition of stationarity is 
satisfied for all moving windows.

3.2  Modelling dependence using copulas

In a multivariate framework, nonstationarity can emerge in the statistical attributes of the uni-
variate variables, in the dependence structure of these variables, or both. Coastal flooding or 
failure of a coastal defence system depends critically upon crucial combinations of incident 
wave heights with directions towards the coastal area, incident wave (peak spectral) periods 
and SLH due to storm surge, viz. factors being interdependent, especially at their extreme 
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levels. Therefore, extraction of nonstationary marginal distribution functions for all marine 
variables (Sect.  3) has to be followed by a nonstationary joint probability analysis of the 
dependent variables using bivariate copulas. The main advantage of copulas over other mul-
tivariate distributions hinges on the fact that the dependence structure of the variables can 
be modelled independently from their marginal distributions. Copulas are multivariate distri-
bution functions with uniform margins over (0, 1). If X1 and X2 are random variables with 
continuous marginal distributions u1 = P(X1 ≤ x1) and u2 = P(X2 ≤ x2) defined on the unit cube 
[ 
(
u1, u2

)
∈ (0, 1)2 ], a copula can be defined as (Nelsen 2006):

In the present work, three one-parameter Archimedean copulas based on a generator φ 
(Bender et al. 2014) have been utilised, namely the Clayton, the Frank and the Gumbel. 
The former is characterised by strong lower tail dependence, the middle one by weak tail 
dependence and the latter by strong upper tail and weak lower tail dependence. For the 
above-mentioned Archimedean copulas, the copula function C(u1, u2) can be, respectively, 
given by (Bender et al. 2014):

The dependence parameter a ranges in the intervals (0, ∞) for the Clayton, − ln(− ∞, ∞)/
{0} for the Frank and [1, ∞) for the Gumbel copulas. The Gumbel and the Clayton copulas 
represent only the case of independent and positive dependent variables, while the Frank 
represents the maximum range of dependence allowing both positive and negative depend-
ence in the data. In the present work, the dependence parameter of the copulas has been 
assumed to vary with time, a(t).

Apart from the one-parameter Archimedean copulas, two Elliptical copulas were also 
implemented in the present work, namely the bivariate Student’s t-copula and the bivariate 
Gaussian copula. The bivariate Student’s t-copula function C(u1, u2) can be given by (De Kort 
2007):

where tν,a, with a ∈ [0, 1] and v the degrees of freedom, is the bivariate distribution cor-
responding to the univariate t-Student distribution, tν (De Kort 2007). The generator for 
the Student’s t-copula is regularly varying, and the copula has tail dependence for all v > 0. 
The degrees of freedom of the Student’s t-copula were considered fixed in the present work 
(df = 4). The Student’s t-copula converges to the Gaussian copula, when the degrees of 
freedom tend to infinity. The bivariate Gaussian copula function C(u1, u2) is given by De 
Kort (2007) and presented in Galiatsatou et al. (2016). The dependence parameters of the 
two Elliptical copulas were also considered to vary with time, a(t).

To estimate the dependence parameter of the copula functions, Joe and Xu (1996) pro-
posed a two-stage procedure known as inference functions for margins (IFM). The marginal 
parameters, θ, are first estimated:
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where i = 1,…n the number of independent realisations from a multivariate distribution and 
j = 1,…, p the number of margins with probability density fj. Then, the dependence param-
eter of a multivariate copula is estimated given the marginal parameters (Yan 2007):

When each marginal CDF has its own parameters θj, the first step of the IFM procedure 
consists of a ML estimation for each j = 1, …, p (Yan 2007):

When a consistent estimation of the dependence parameter a is of importance, the Canoni-
cal Maximum Likelihood (CML) method can be utilised, without first specifying the mar-
ginal distributions. In case of a bivariate copula, the marginals are first transformed to 
pseudo-observations with uniform margins (Ui1, Ui2)T using the empirical CDF of each 
marginal distribution:

where Ri1 and Ri2 represent the ranks of Xi1 and Xi2, respectively, n is the number of bivari-
ate pairs and then the dependence parameter, a, is estimated as (Yan 2007):

To select an appropriate copula function among the five presented above (Clayton, Frank, 
Gumbel, Student’s t and Gaussian copula), the parametric bootstrap procedure proposed 
by Genest et al. (2009) has been utilised. The test computes the Cramér–von Mises func-
tional Sn, comparing the empirical copula of the observations with a parametric estimate 
of the copula derived under the null hypothesis. Approximate p values for the test have 
been computed using the parametric bootstrap procedure. Large values of Sn usually result 
in the rejection of the null hypothesis that the bivariate data result from the tested copula 
function.

To estimate the dependence structure of the data within the introduced nonstationar-
ity framework, the 40-year moving windows, utilised to estimate the marginal param-
eters of the studied marine variables, have been also applied to the bivariate data. 
Pseudo-observations of the dependent variables were first extracted. The dependence 
parameters for all selected copula functions were then calculated for each moving win-
dow using the CML procedure of Eq. 17. After estimating the copula parameters, the 
statistic Sn and its associated p values were assessed for all moving windows and all 
candidate copula functions. For each bivariate pair, the copula that resulted in p values 
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exceeding the 5% significance level for the entire study period was selected as the best-
fitted model and applied for joint exceedance probability estimation. In case more than 
one of the fitted copulas satisfied the above condition, the selected bivariate model was 
the one providing the lowest Akaike Information Criterion (AIC) values during the larg-
est part of the studied time interval (Akaike 1974).

In the framework of multivariate statistics, the joint return period can be estimated from 
the joint exceedance probability of a pair of events as in Galiatsatou and Prinos (2016).

The implementation of multivariate EV models results in an infinite number of combi-
nations of the variables involved corresponding to each joint return period. Therefore, for 
a given joint exceedance probability, an infinite number of combinations of the dependent 
variables can be equally selected to be used in the design process. To overcome the selec-
tion problem, Salvadori et al. (2011) presented the most likely design event method. This 
method identifies the multivariate event with the highest joint probability density, among 
events belonging to the same joint exceedance probability isoline (Gräler et al. 2013):

The resulting design values (x1, x2) can then be estimated using the inverse of the CDFs of 
the marginals (Galiatsatou and Prinos 2016).

The wave-induced run-up has been estimated by means of Eq. 1 as a function of the 
most likely design events of offshore Hs and Tp, while estimates of the most likely design 
events of nearshore SLH and wave-induced sea level on the shoreline, ηw, were also con-
sidered as different components of the ηt process. It should be noted that since the wave set-
up is already included in R2%, only the surf beat component was added to the other water 
level components, estimated as a certain proportion of the most likely design event of ηw at 
each area under study.

4  Nonstationary analysis of the offshore and nearshore marine 
variables

4.1  Estimation of the marginal distributions

Annual maxima Hs of incident onshore waves (see Sect.  2.2.3) and the corresponding 
Tp values in deep water as well as simultaneous estimates of ηw and maximum SLH at 
selected nearshore areas have been processed using a moving time window of 40  years 
length for fitting EV models and identifying dependence structure of bivariate data (Hs–Tp 
and ηw–SLH). The GEV distribution was fitted to all time windows of all four studied 
marine variables. The goodness of fit of the GEV distribution function has been checked 
by means of the Kolmogorov–Smirnov test, and the model was identified to be suitable (p 
values were estimated higher than the 5% significance level for all moving windows). It 
should be noted that the GEV has been selected among other candidate theoretical models 
(i.e. the Normal, the Log-Normal and the Gamma) as the best-fitted one for all studied 
variables in both offshore and nearshore areas of the Aegean Sea, by means of goodness of 
fit tests and minimisation of root mean square error (RMSE) between data and respective 
quantiles estimated by the theoretical models.

The extracted time-dependent GEV parameters (μ, σ, ξ) from all the 40-year moving 
windows for annual maxima of Hs and corresponding Tp in Area 1 (North Aegean) are 

(18)
(
u1, u2

)
= argmax

TX1,X2

fX1X2

(
F−1
1

(
u1
)
,F−1

2

(
u2
))
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presented in Fig. 2; similar plots were also produced for Areas 2 and 3 (Central and South 
Aegean, respectively; not presented here for the sake of brevity). The ordinary least squares 
method has been utilised to fit linear and polynomial trends to all GEV parameter esti-
mates. The significance of linear trends has been assessed using the Mann–Kendall test 
(Hipel and McLeod 2005), while the statistical significance of polynomial terms has been 
judged using the t test (Chambers 1992). An analysis of variance (ANOVA) was then uti-
lised to compare between trend models with statistically significant polynomial terms (5% 
significance level), to identify the simplest one that can provide an adequate description of 
the inherent trend in the GEV parameters.

For all areas considered, statistically significant linear trends have been detected in all 
GEV parameters for both Hs and Tp. More specifically, for Areas 1 and 2 (North and Cen-
tral Aegean), the statistically significant linear trends detected in the two offshore variables 
reveal similarities in their evolution over time. Extreme offshore wave characteristics at 
Area 1 are fitted to distribution functions with progressively lower means (in the future 
than in the past), higher variances and lighter tails, which can be attributed to the decreased 
relative contribution of severe zonal wind components to the generation of extreme wave 
heights in the second half of the twenty-first century, as shown by Galiatsatou et al. (2016) 
in their GEV-CDN (Conditional Density Network) model results with Principal Compo-
nent Analysis (PCA) covariates of wind drivers. In Area 2, the GEV distribution functions 
present lower mean values and variances (in the future than in the past), but heavier tails 
arise in the future, possibly attributed to the rise of Etesians (i.e. local strong meridional 
winds called “Meltemia”; Maheras 1980) and their tendency to sidetrack towards the cen-
tral part of the Aegean. For Area 3 (South Aegean), linear trends identified in Hs are of 
opposite sign to those in Tp, revealing discordance in the evolution of the two variables 
with time. The existence of a dense island cluster (Cyclades) may be responsible for this 
effect, due to diffraction of long waves having prominent impacts on Hs extremes. This 
is partly corroborated by Galiatsatou et  al. (2016) that showed insignificant changes in 
extreme Hs magnitudes, notwithstanding the directional shift of driving wind fields from 
the first to the second half of the twenty-first century (Anagnostopoulou et al. 2014).

The former rationale also applies on the results of the ANOVA revealing the existence 
of statistically significant polynomial trends in all GEV parameters of the two offshore 
variables. In almost all GEV parameters, such polynomial trends are of order higher than 
three, identifying quite high variability in their estimates with time. Most best-fitted poly-
nomial trends in the location parameter, μ, of Hs and Tp are of fourth order, revealing quite 
a homogeneous behaviour in the variation in mean values of extreme wave parameters in 
the Aegean Sea. However, larger differences are observed in the variations in the scale 
and the shape GEV parameters of Hs and Tp. The scale, σ, which shrinks or stretches the 
distribution of offshore wave parameters, and the shape, ξ, which distinguishes the distri-
bution type and dictates the limiting behaviour of the GEV, are best-fitted by fifth-order 
polynomial trends at Area 2, revealing considerable variability in the respective estimates 
of Hs and Tp return levels. Statistically significant fifth-order polynomial trends are also 
detected in the scale and in the shape parameter of Hs at Areas 1 and 3, respectively. In 
general, larger variability, represented by higher-order polynomial trends in the GEV scale 
and shape parameters, is detected in Hs extremes, while lower -order polynomial trends 
are detected in the GEV parameters of Tp, especially at Area 3 in the south Aegean Sea 
(second-order and third-order polynomial trends are detected for the scale and shape 
parameters, respectively). Therefore, the variability in extreme Tp seems to be less pro-
nounced compared to Hs, possibly attributed to the combination of multiple changes in 
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wind patterns throughout the twenty-first century (Anagnostopoulou et al. 2014) and the 
semi-confined water basin of the Aegean with many fetch-limited areas in it.

Figure 3 presents the respective time-dependent GEV parameter estimates for the two 
nearshore variables at Area 1, the wave-induced sea level on the shoreline (ηw) and the 
respective maximum storm surge (SLH). In all studied nearshore areas (results for Areas 
2 and 3 are not shown here for the sake of brevity), statistically significant linear and best-
fitted polynomial trends in the GEV parameters of ηw are similar to those extracted for 
the offshore Hs, as expected. Statistically significant linear trends exist in almost all GEV 
parameters for SLH. Linear trends in SLH, offshore Hs and ηw at each selected location are 
in accordance with each other, revealing similarities in the evolution of their extremes with 
time, possibly caused by the evolution of the extreme wind regime. The ANOVA reveals 
high (i.e. fourth and fifth)-order polynomials in all GEV parameters for SLH, presenting 
high variability in the mean, the variance and the tail behaviour of the extreme SLH dis-
tributions. This can be possibly attributed to the variations in the synoptic scale patterns, 
viz. storm-related sea level pressure (SLP) fields driving SLH extremes (inverse barometer 
effect). In general, there is apparent intense variability in every statistical parameter of the 
GEV for all marine variables.

4.2  Estimation of the dependence structure of the marine variables

After estimating the marginal distributions of offshore and nearshore variables, copula 
functions have been fitted to the pseudo-observations of the bivariate pairs of Hs–Tp and 
ηw–SLH, of the 40-year moving windows. The fitted copulas were the one-parameter 
Archimedean (Clayton, Frank, Gumbel), the Student’s t with four degrees of freedom 
(df = 4) and the Gaussian. The goodness of fit test of Genest et al. (2009) has been applied 
to select the best-fitted copula (Sect. 3.2) among the different candidate bivariate models. 
Based on the aforementioned goodness of fit test, only the dependence functions giving p 
values higher than the 5% significance level during the entire interval of study (1990–2100) 
were considered. In cases where more than one of the studied copulas satisfied this con-
straint, the one that gave the lowest values of the AIC for the largest part of the study 
period was selected. Figure 4 presents results of the parametric bootstrap goodness of fit 
test for the pair of offshore (Hs–Tp) and nearshore (ηw–SLH) variables at Area 1.

The Gumbel copula, characterised by strong upper and weak lower tail dependence, has 
been selected to model the dependence structure of both bivariate pairs of offshore and 
nearshore variables in Area 1. The above-mentioned conditions (low Sn values with p val-
ues > 5%) are satisfied for the entire interval of study. The Gumbel copula has also been 
selected as the best-fitted model for the dependence function of offshore Hs and Tp in Area 
2, identifying strong upper tail dependence of the two wave parameters. Conditions are 
also met for all time steps, while having the lowest AIC values for the largest part of the 
interval 1990–2100, compared to all other candidate copulas. Strong upper tail dependence 
of Hs and Tp, observed in the North and Central Aegean Sea areas, is not apparent for Area 
3 (South Aegean), where the Frank copula prevailed, identifying weak tail dependence of 
Hs–Tp extremes, though detecting quite strong dependence for the remaining part of the 
extremal distributions. Fetch-limited conditions of wind wave generation in the southern 
parts of the Aegean are possibly responsible for limiting upper tail dependence of Hs–Tp. 
Considering the pair of nearshore variables, the Gaussian copula has been selected as the 
best-fitted bivariate model for Areas 2 and 3. The Gaussian copula, characterised by the 
absence of tail dependency, was the only bivariate model with p values higher than 5% 
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significance level for all time steps, while showing the lowest AIC values during the entire 
period 1990–2100.

After selecting an appropriate copula function, the dependence structure of all offshore 
and nearshore variables has been fitted to the bivariate pseudo-observations of each mov-
ing 40-year window and the dependence parameter of each copula has been calculated. Fig-
ure 5 presents the time-dependent parameters of all selected copula functions in each study 
area. Statistically significant linear trends can be detected in almost all dependence param-
eters, except from the one characterising the dependence function of the nearshore pair of 
ηw and SLH in the South Aegean Sea (Area 3). Detected linear trends are all negative for 
the dependence function of the offshore wave parameters, showing a decrease in monotonic 
dependence of the two variables with time, while linear trends appear in Area 1 for ηw and 
SLH. Considering the selected best-fitted polynomial trends, a statistically significant con-
cave trend has been detected in the dependence parameter of the Gumbel and Frank copula 
for the offshore Hs and Tp in Areas 1 and 3, respectively, showing a minimum value at the 
beginning of the second half of the twenty-first century. This simple form of nonlinear 
trend detected can be partly attributed to the significant increase in extreme Etesians in 
2001–2050 (Anagnostopoulou et al. 2014), causing a consequent increase in extreme wave 
heights in this period (Galiatsatou and Prinos 2014; Makris et al. 2016; Galiatsatou et al. 
2016). However, in the semi-confined Aegean Sea basin, characterised by short fetches, the 
wave period is more bounded compared to the wave height, thus reacting more slowly to 
extreme wind forcing and leading to a subsequent decrease in the dependence structure of 
extreme offshore Hs and Tp until 2050. Dependence of the two offshore variables in Areas 
1 and 3 progressively increases in the second half of the twenty-first century, during which 
extreme Etesian winds enfeeble (especially towards 2100). The dependence parameter of 
extreme Hs and Tp in Area 2 presents higher-order variability (sixth-order polynomial with 
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prominent peak around 2020 and secondary lower peak around 2070), possibly due to the 
oblique (southwestern) orientation of the study area compared to the other two, and thus 
affected by different winds. The dependence structure of the nearshore variables, ηw and 
SLH in all study areas, is weaker compared to the respective estimates for the pair of off-
shore wave parameters. This is mainly attributed to the increased contribution of SLP in 
generating extreme SLH in the Aegean Sea, which varies with location and time period 
considered (Androulidakis et al. 2015). In Areas 1 and 2, the dependence parameter of ηw 
and SLH is best-fitted by a third-order polynomial trend, showing quite an opposite varia-
tion in the two areas. Finally, a fifth-order polynomial trend has been selected to model the 
dependence parameter of the Gaussian copula in Area 3, characterised by a bimodal vari-
ation peaking around 2000 and 2070, periods when northerly winds probably invigorate, 
based on the Two-Step Cluster Analysis (TSCA) of Anagnostopoulou et al. (2014).

Considering events with a low probability of exceedance, the temporal variation in the 
joint exceedance probability of Hs and Tp, and ηw and SLH can be extracted by construct-
ing joint exceedance probability isolines, considering the temporal variations detected in 
the marginal distributions of the studied variables as well as in their dependence struc-
ture. In the present work, the polynomial functions selected for the marginal distributions 
of offshore and nearshore variables, and for the dependence structure of the data were 
used to assess the joint estimates of the studied marine variables corresponding to a joint 
return period of 100  years (joint exceedance probability PE = 0.01). Figures  6, 7 and 8 
present time-dependent joint exceedance probability isolines for each year in the interval 
1990–2100 for Areas 1, 2 and 3, respectively.

For Area 1 in the North Aegean Sea, distinct time periods of variability have been 
detected for both offshore and nearshore bivariate data. During 1990–2060, Hs marginal 
return level estimates increased up to almost 25%, while the respective Tp marginal values 
slightly decreased. The tail dependence of the offshore variables also decreased during this 
interval. During the period 2061–2100, Hs and Tp marginal values decreased from past 
values up to 23% and 10%, respectively, while upper tail dependence of the two variables 
increased with time until the end of the twenty-first century. The bivariate nearshore data 
of ηw and SLH presented four main periods of variability. In the first 10 years, SLH mar-
ginal return level estimates gradually decreased up to 16%, while ηw presented an increase 
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Fig. 6  Time-dependent joint exceedance probability isolines for an exceedance probability PE = 0.01 for the 
bivariate data of Hs and Tp (left panel) and ηw and SLH (right panel) at Area 1 in the North Aegean Sea. 
The colour bar refers to the last year of each 40-year window related to the period 1990–2100. The left and 
right panels correspond to the offshore pair of Hs and Tp, and the nearshore pair of ηw and SLH, respec-
tively. The points correspond to the bivariate observations of the entire sample



 Natural Hazards

1 3

of almost 9%. During 2001–2040, both ηw and SLH marginal return level estimates and 
the dependence structure of the two variables progressively increased compared to past 
values (stronger upper tail dependence), revealing quite an increasing contribution of the 
wind field in generating extreme storm surges over time. In the next 20 years (2041–2060), 
marginal estimates of SLH presented a slight decrease compared to magnitudes until 2040, 
while the respective estimates of ηw and the tail dependence of the nearshore data contin-
ued to rise. Finally, in the last four decades of the twenty-first century, marginal estimates 
of ηw and SLH as well as their tail dependence structure presented a decreasing trend over 
time.

For Area 2 in the Central Aegean Sea, the bivariate analysis revealed significant tem-
poral variability in the marginal estimates and in the dependence structure of the off-
shore and nearshore variables. During 1990–2020, Hs and Tp marginal return level esti-
mates increased up to 22% and 13%, respectively, while the dependence structure of the 
two variables presented a significant increase (stronger upper tail dependence) obtaining 
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Fig. 7  Time-dependent joint exceedance probability isolines for an exceedance probability PE = 0.01 for the 
bivariate data of Hs and Tp (left panel) and ηw and SLH (right panel) at Area 2 in the Central Aegean Sea. 
The colour bar refers to the last year of each 40-year window related to the period 1990–2100. The left and 
right panels correspond to the offshore pair of Hs and Tp, and the nearshore pair of ηw and SLH, respec-
tively. The points correspond to the bivariate observations of the entire sample
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Fig. 8  Time-dependent joint exceedance probability isolines for an exceedance probability PE = 0.01 for the 
bivariate data of Hs and Tp (left panel) and ηw and SLH (right panel) at Area 3 in the South Aegean Sea. 
The colour bar refers to the last year of each 40-year window related to the period 1990–2100. The left and 
right panels correspond to the offshore pair of Hs and Tp, and the nearshore pair of ηw and SLH, respec-
tively. The points correspond to the bivariate observations of the entire sample
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its maximum values at the end of this period. During the period 2021–2060, Hs and Tp 
marginal values decreased more than 10% from values of the previous period, followed 
by a quite sharp increase in both offshore variables in the last 40 years of the twenty-first 
century (apart from a light decrease in Hs in the last 10 years). The bivariate nearshore 
data of ηw and SLH presented quite similar periods of variability as the offshore variables. 
During 1990–2020, both ηw and SLH marginal estimates and the dependence structure of 
the two variables progressively increased, revealing quite an increasing contribution of the 
wind field in generating extreme storm surges in this period. In the period 2021–2060, 
marginal estimates of SLH and ηw decreased up to 20% and 11%, respectively, from the 
peak values of the 1990–2020 period, while the dependence structure of the two variables 
became weaker. In the last 40 years of the twenty-first century, marginal estimates of both 
nearshore variables presented very light changes.

For Area 3 in the South Aegean Sea, the interval 1990–2100 can be separated in three 
periods of variability for both the offshore and nearshore bivariate data. During the first 
40  years of this interval (1990–2030), Hs marginal return level estimates decrease more 
than 30%, while a slight decrease has also been observed in Tp marginal estimates. The 
dependence parameter of the offshore variables also decreased during this interval. During 
the subsequent 40 years (2031–2070), Hs marginal return level estimates increased more 
than 32% compared to past values, and Tp slightly increased (< 5%), while the depend-
ence structure of the two variables has been estimated weaker compared to the other stud-
ied periods. During the last 30  years (2071–2100), both Hs and Tp marginal estimates 
decreased up to almost 10% from their initial magnitudes, while the dependence structure 
of the variables has shown an increasing trend. The nearshore variables analysed in this 
area revealed quite similar periods of variability to those detected for the offshore vari-
ables. In the period 1990–2030, the marginal estimates of ηw decreased up to 25%, while 
light decreases have been detected for the SLH. During the next 40  years (2031–2070), 
ηw marginal estimates increased up to 30% from their initial values, SLH marginal values 
presented quite a weak increasing trend, while the dependence structure of the two vari-
ables became stronger, possibly attributed to the increasing contribution of the wind field 
in generating SLH events. During the last 30 years of the century, dependence of the two 
nearshore variables ηw and SLH marginal estimates progressively decreased compared to 
the past (with the exception of the last 10 years where an increasing trend appeared in ηw 
marginal estimates).

4.3  Estimation of design events for flood sources and extreme total water level

The most likely design events, corresponding to extremes with highest likelihood to 
occur, were then defined for each joint exceedance probability isoline for both offshore 
and nearshore pairs of variables. Figure  9 presents the time-dependent most likely 
design estimates of offshore Hs and Tp and nearshore SLH for all areas. It includes most 
likely events extracted using nonlinear parametric trends in the marginals and in the 
dependence parameter of the bivariate data, as well as events extracted by mere applica-
tion of moving windows for the estimation of marginals and dependence functions of 
the available data. Results in Fig. 9 emphasise the necessity of using nonlinear trends 
in the analysis to reproduce the variability of extreme offshore and nearshore marine 
conditions within the study period. Considering instead linear trends in the marginals 
and the dependence function of marine variables would result in losing important infor-
mation on temporal variability of extremes, location of highest peaks in time, as well as 
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on underestimation of important most likely design events. It should be noted that most 
likely design events of ηw are not presented in Fig. 9 to avoid confusion of the reader, 
since the variable has been only partially included as a separate component in assessing 
TWL (see below the inclusion of the surf beat component in TWL). In the following, 
the variability of most likely design events is based on the Percentage Difference of 
their distributions; thus, the term “variations” refers to a ratio of max–min subtraction 
to the average of marginal values of extremes.

For Area 1 (North Aegean), the most likely design events of Hs, Tp and SLH pre-
sented 25%, 10% and almost 20% variations, respectively. The maximum Hs most likely 
estimate appeared in the second half of the twenty-first century, around 2060, when 
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Fig. 9  Time-dependent estimates of the most likely event of offshore Hs (top panel) and Tp (middle panel) 
and nearshore SLH (lower panel) at Areas 1 (blue plots) in the North Aegean Sea, 2 (green plots) in the 
central Aegean Sea and 3 (red plots) in the South Aegean Sea. Solid lines represent the most likely events 
extracted without any parametric trends in the marginals and in the dependence parameter of the bivariate 
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including the parametric trends in the marginal parameters and the dependence structure 
of the offshore variables. Otherwise, the most likely Hs estimates presented a bimodal 
behaviour with pronounced peaks for a short period before and after the middle of the 
century. Tp most likely estimates for Area 1 did not present any distinct trend in the first 
half of the twenty-first century, while they seemed to decrease rapidly form their incipi-
ent values and almost linearly during the period 2070–2100. SLH most likely events 
presented more than 16% variations during the studied time period, when parametric 
trends were included in the marginal distributions and the dependence structure of the 
nearshore variables, while the maximum SLH estimates were observed just before the 
middle of the twenty-first century.

For Area 2 (Central Aegean), offshore Hs most likely estimates presented two dis-
tinct peaks, a pronounced one around 2020 and a lower one before the end of the century 
(around 2085). Variations in Hs estimates approximated 20% (almost 18.5% when includ-
ing parametric trends in the marginal distributions and the dependence parameter of the 
offshore variables), while variations in Tp estimates reached 12%. The most likely Tp esti-
mates also peaked around 2020, while they progressively increased in the last 30 years of 
the century compared to their values of previous periods. SLH variations during the stud-
ied time period approximated 30% in the case of ignoring parametric trends for nearshore 
variables and almost 22% when such trends were included in the analysis.

For Area 3 (South Aegean), the most likely design events of Hs, Tp and SLH presented 
almost 22%, 10% and 37% variations, respectively. Hs most likely estimates decreased in 
the second half of the twenty-first century, while Tp estimates increased quite sharply in 
2031–2070 compared to previous periods and decreased rapidly during 2071–2100. There-
fore, peaks in the most likely estimates of the two offshore variables did not coincide nei-
ther did their trending behaviour for almost the entire twenty-first century. The variation 
in the most likely nearshore SLH estimates during the studied time period appeared quite 
similar to the one of the offshore Tp, revealing a resembling behaviour of extreme long 
waves and intense storm surges. When including parametric trends, SLH variations during 
the studied period reached 14%, showing two distinct peaks at the beginning of the twenty-
first century and around 2060.

The TWL at the shoreline, ηt, is estimated via Eq. 2 in the present work as a sum of the 
wave-induced run-up calculated by means of the most likely Hs and Tp, the most likely 
SLH in the nearshore area, a certain proportion of the most likely ηw corresponding to 
the surf beat, ηsb, an estimate of MSLR considered equal to almost 2.5 mm/year and an 
approximation of the highest HAT in three specific areas of the Aegean Sea basin. The 
surf beat component, ηsb, is calculated as a certain proportion of the most likely design ηw 
event. This proportion varies between 1990 and 2100, based on the estimated contribution 
of ηsb to ηw for each year in the initial dataset used for analysing marginal distribution func-
tions and dependence structure of the nearshore variables (ηsb ranging from 14 to 26% of 
ηw). The wave-induced run-up (including the wave set-up) has been estimated for selected 
beach profiles at all coastal areas under study, the coastal zone of Alexandroupolis city in 
Area 1, the coastal zone of Eresos in Area 2 and the coastal zone of the city of Heraklion 
in Area 3.

Figure  10 presents ηt in the interval 1990–2100 for three selected coastal profiles in 
Areas 1, 2 and 3. For the selected profile in the coastal area of Alexandroupolis (Area 1), ηt 
varied more than 17% in the interval 1990–2100 with the highest estimates observed in the 
second half of the twenty-first century. When parametric trends in the marginal distribu-
tions of the marine variables and in their dependence structure were included in the joint 
probability analysis, the highest ηt estimates appeared around 2060, while when such trends 
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were not considered the highest estimates of the hazard appeared in 2070–2075. The water 
level raised from the beginning of the study period until after the middle of the twenty-first 
century and then decreased quite rapidly compared to the previous period, approaching the 
levels of the 1990–2000 period at the end of the twenty-first century. The variations in ηt 
presented similar trends to those of the offshore most likely design Hs, probably indicating 
a mostly wave-driven flood risk in the North Aegean coastal zone.

For the selected profile in the coastal area of Eresos in Lesvos (Area 2), ηt variations 
exceeded 20% in 1990–2100. Maximum values of the TWL at the shoreline appeared just 

2.9

3

3.1

3.2

3.3

3.4

3.5

1990 2010 2030 2050 2070 2090

η t
(m

)

Time (year)

2.9

3

3.1

3.2

3.3

3.4

3.5

1990 2010 2030 2050 2070 2090

η t
(m

)

Time (year)

2.9

3

3.1

3.2

3.3

3.4

3.5

1990 2010 2030 2050 2070 2090

η t
(m

)

Time (year)

Fig. 10  Time-dependent estimates of the TWL at the shoreline, ηt, at selected profiles in coastal Areas 1 
(Alexandroupolis; top panel), 2 (Eresos bay in Lesvos; central panel) and 3 (Heraklion in Crete; bottom 
panel). Solid lines represent estimates of ηt with time (1990–2100) without any parametric trends in the 
marginals and in the dependence parameter of the bivariate offshore and nearshore data, while the dashed 
lines consider all best-fitted parametric trends



Natural Hazards 

1 3

after 2020 (when parametric trends were not included in the marginals and the dependence 
structure of the marine variables two other peaks in ηt appeared in 2030 and 2040). The 
ηt profile showed quite a steep increase in the period 1990–2020, followed by a decrease 
until the mid-twenty-first century and a subsequent increase until the end of it. Variations 
in ηt presented a similar trending behaviour to all Hs, Tp and SLH in the area; however, the 
wave parameters, and especially Tp, seemed to have a stronger influence on them. Even if 
peak ηt estimates were quite close, variations in ηt in Area 2 seemed to differ significantly 
from those in Area 1. The most pronounced changes focused on the time of appearance 
of the maximum ηt (first and second half of the twenty-first century in Area 2 and Area 1, 
respectively), as well as trends appearing during the last 30 years of the twenty-first cen-
tury (decreasing and increasing in Area 1 and Area 2, respectively). Therefore, the coastal 
flood risk in the Central Aegean seems probably dependent in an intermixed way on all sea 
state and storm-driven parameters, i.e. susceptible to both waves and surges.

Finally, for the selected profile in the coastal area of Heraklion in Crete (Area 3) ηt var-
ied more than 12% in the period 1990–2100. The highest values of ηt appeared around 
2060 when parametric trends were included in the marginal distributions and the depend-
ence parameters of the marine variables. When such trends were not included in the joint 
probability analysis, the highest ηt estimates appeared in the period 2050–2060 and just 
after 2080. The values of ηt increased after 2030 and were kept quite high in the second 
half of the twenty-first century. Variations in Tp and in SLH seemed to have a pronounced 
influence on ηt, while Hs seemed less correlated with ηt, especially compared to the other 
two study areas of the Aegean Sea. Hence, by combining the latter with the northerly ori-
entation of the coastal zone in Area 3, possible flood hazards in the future are estimated to 
be caused by approximately meridional storm tracks inducing high surges and energetic 
sea states of rather extreme low-frequency spectral wave bands. The highest estimates of 
ηt did not differ significantly from those in the other two areas; however, trends detected in 
its variability were unique. It should be noted that variations in ηt in this area were not as 
pronounced as in the other two areas.

5  Conclusions

In the present study, a recent novel approach has been further developed and applied 
to selected Greek coastal areas of the Aegean Sea in order to investigate the changes in 
the joint probabilities of extreme marine variables with time and to assess design TWL 
at the shoreline under the effect of a possible realisation of climate change. The depend-
ence structure of the studied offshore and nearshore variables has been modelled using 
copulas. The nonstationary GEV distribution has been utilised to model the marginal dis-
tribution functions of all variables, fitted to 40-year moving windows. All parameters of 
the GEV were tested for statistically significant trends. Different copula functions were fit-
ted to model the dependence structure of the data. The nonstationarity of the dependence 
structure of the studied variables was also investigated. Design events of offshore wave 
parameters and nearshore storm surges and wave-induced sea levels on the shoreline were 
extracted, and finally, TWL estimates at the shoreline were produced for selected beach 
profiles in three characteristic study areas of the Aegean Sea.

The multivariate sea state conditions used in the present nonstationary copula-based 
approach were selected based on the principal sources of coastal flooding and not 
on the associated response function (the TWL), recognising the domination of wave 
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contribution on the flooding hazard in the coastal areas of the Aegean Sea. Therefore, 
defining our multivariate sea storm events based on maximum wave events, considering 
strict directional and durational constraints, we achieved to include the highest possi-
ble simultaneous realisations of the individual variables contributing to TWL and the 
flooding hazard. This was verified by the results of the present analysis, where wave-
induced water levels account for more than 70%, 76% and 74% of the extreme TWL 
signal in Areas 1 (North Aegean Sea), 2 (Central Aegean Sea) and 3 (South Aegean 
Sea), respectively. However, it should be noted that in environments where the tide, the 
storm surge, and large wave events significantly enhance the elevation of TWL at the 
shoreline, a more reliable procedure to select compound events is oriented to maximis-
ing the response function used for coastal flooding, defined as the extreme TWL at the 
shoreline. This definition seems to be in better agreement with the IPCC SREX report 
(Seneviratne et al. 2012), where a compound event is an extreme impact that depends on 
multiple statistically dependent variables or events (Leonard et al. 2014).

The processes that cause extreme waves and storm surges are nonstationary. In the 
present work, nonstationarity on time scales longer than the seasonal or interannual is 
examined, possibly attributed to climate change. The nonstationary analysis of the mar-
ginal distributions of all marine variables revealed statistically significant trends in all 
parameters of the GEV at the selected areas of the Aegean Sea. Negative or positive 
linear trends were detected in almost all parameters, while the best-fitted polynomial 
trends were of third to fifth order. Similar polynomial trends resulted for the offshore 
Hs and associated nearshore ηw in all three studied areas of the Aegean Sea. Statistically 
significant polynomial trends were also detected in the dependence structure of both 
offshore and nearshore bivariate data. Second-order polynomial trends were selected to 
fit the dependence structure of Hs and Tp in the studied areas of the North and South 
Aegean Seas (Areas 1 and 3), while the dependence structure of the offshore variables 
in the Central Aegean Sea (Area 2) presented a higher-order polynomial trend. The 
dependence structure of nearshore ηw and SLH was best-fitted by third- or fifth-order 
polynomials. The aforementioned trends in the North Aegean coastal zone can be prob-
ably attributed to the decreased relative contribution of severe zonal wind components 
to the generation of extreme wave heights in the second half of the twenty-first cen-
tury (Galiatsatou et al. 2016). Lower means and variance of extremes, but stronger tails 
in the Central Aegean during the middle of the twenty-first century might be possibly 
attributed to the rise of Etesians (i.e. local strong meridional winds; Maheras 1980) and 
their tendency to deviate off their main course in the central parts of the Aegean. In 
the South Aegean, Cretan coastal zones, the influence of a dense island cluster (i.e. the 
Cyclades) was considered responsible for any effects on trends of the GEV parameters, 
mainly due to diffraction of spectral waves of lower-frequency bands having prominent 
impacts on wave height extremes (Galiatsatou et  al. 2016). Differences in variability 
of extreme wave periods and heights can be possibly attributed to the combination of 
multiple changes in wind patterns throughout the twenty-first century (Anagnostopou-
lou et al. 2014) and the fetch-limited character of wind wave generation in most parts of 
the Aegean.

For the studied area in the North Aegean Sea (Area 1), the joint exceedance probability 
analysis of offshore wave parameters revealed two main periods of variability, 1990–2060 
and 2061–2100. The bivariate nearshore data of ηw and SLH presented four main periods 
of variability, while a possible increase in the contribution of the wind field in generating 
extreme storm surges over time has been detected in 2001–2060, due to the progressive 
increase in the dependence structure of the two variables (stronger upper tail dependence). 
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The highest TWL at the shoreline has been estimated in the second half of the twenty-first 
century, presenting a rapid decrease in the last 30 years of it. Variations in ηt in this area 
exceeded 17% during the studied period and presented similar trends to variations in off-
shore Hs.

In the Central Aegean Sea (Area 2), significant temporal variability in the marginal esti-
mates and in the dependence structure of the offshore and nearshore variables has been 
detected. Three main periods of variability in the marginal distributions and the depend-
ence structure of both the offshore and nearshore marine variables have been detected 
(1990–2020, 2021–2060 and 2061–2100). A possible increase in the contribution of the 
wind field in generating high storm surges has been detected in the first 30 years of the 
study period. The highest TWL at the shoreline has been estimated in the first half of the 
twenty-first century (around 2020), followed by a decrease until the mid-twenty-first cen-
tury and a subsequent increase until the end of it. Variations in ηt presented a similar trend-
ing behaviour to all Hs, Tp and SLH in the area; however, the wave parameters, and espe-
cially Tp, seemed as expected to be highly correlated with the final estimates of the TWL 
and the conclusive flooding hazard, since the run-up (major contributor to TWL) param-
eterisation of Stockdon et al. (2006) is highly dependent on wave periods in comparison 
with wave heights.

For the studied area in the South Aegean Sea (Area 3), three main periods of variability 
in the marginal distributions and the dependence structure of the offshore and nearshore 
marine variables were detected (1990–2030, 2031–2070 and 2071–2100). During the 
period 2031–2070, the dependence structure of the nearshore (ηw and SLH) variables 
became stronger, possibly resulting from the increased contribution of the wind field in 
generating high storm surges. The TWL at the shoreline was estimated to increase after 
2030 and was assessed quite high in the second half of the twenty-first century. The high-
est values of ηt were calculated around the middle of the century, while estimated trends, 
especially in Tp, seemed to have a significant influence on extreme ηt estimates. In opposi-
tion to the high correlations of ηt and Hs assessed in the North Aegean Sea, in the studied 
area of the South Aegean Sea wave lengths and SLH were highly correlated with TWL at 
the shoreline.

The spatial differentiations of the patterns of extreme marine variables reveal the fol-
lowing conclusions, based on the intense topographical variety of the Aegean archipelago. 
In the North Aegean (with sparse large islands), the peaks of extreme wave characteris-
tics are estimated to occur around 2060 while storm surges tend to be intensified during 
2040–2050. These findings hinge on a more sophisticated (detailed and physically based) 
approach compared to former studies in the area (Galiatsatou and Prinos 2014, 2015; 
Makris et al. 2016), which assessed climate change effects on extreme wave heights and 
storm surges (univariate EVA for monthly maxima of Hs and SLH) in the area, considering 
nonstationarity only on the seasonal scale of the different processes (each GEV parameter 
represented as harmonic function of time; Menéndez et al. 2009) for three a priori defined 
50-year periods (1951–2000, 2001–2050, 2051–2100). These new results imply the rise of 
extreme southerly winds in the Aegean Sea towards the middle of the twenty-first century 
and beyond (Vagenas et al. 2017). In the South Aegean, the Aeolian patterns show a mild 
rise of northerly extreme winds after the first half of the twenty-first century, which might 
lead to an increase in extreme peak periods and respective storm surges that are slightly 
intensified. Nevertheless, due to the complex dense insular formation of the Cyclades, the 
random wave fields are prone to diffraction, and this seems to cause a slight drop in the 
significant wave height extremes. These findings are in line with a projected significant 
increase in extreme Etesians in 2001–2050, probably causing a consequent increase in 
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extreme wave heights in this period. The coastal zones in the south and north Aegean Sea 
(Areas 1 and 3) are mostly influenced by the latter. Rather clear patterns of storminess 
attenuation in the second half of the twenty-first century are found and thus corroborate the 
climate change signals of earlier studies (Galiatsatou and Prinos 2014, 2015; Makris et al. 
2016). Further analysis on dependencies of extreme marine variables on synoptic scale 
wind and SLP patterns (driving mechanisms of coastal flood sources) could be achieved 
only through a more sophisticated approach, such as PCA, Empirical Orthogonal Func-
tions (EOFs) or Self-Organising Maps (SOMs) for weather patterns, which is out of the 
scope of the present paper. The proposed approach of EV calculation, including nonsta-
tionarity in marginal distributions and dependence structure, bivariate analysis of extremes 
and associated parameters, and incorporation of coastal sea states, establishes estimations 
of return levels for nearshore marine variables.

As coastal flooding or coastal defence failure are hazards produced by a combination 
of wave parameters and components of the nearshore sea level, an understanding of the 
dependencies between the variables could permit to more accurately predict their joint 
probability of occurrence and to assess any related risks more efficiently and with greater 
confidence. Since the studied offshore and nearshore marine variables are neither inde-
pendent nor fully dependent, a joint probability approach, considering the dependence 
of the input variables, as well as the distributions and extremes of the individual varia-
bles, can significantly contribute to unequivocal estimates of design quantities for coastal 
defences and of the flooding hazard and associated flood risk. The benefits of a joint prob-
ability approach conducted for marine processes of similar nature, magnitude and spatial 
scales both in offshore and in nearshore areas of selected coastal locations, combined with 
the developed nonstationary copula-based framework to assess the possible impacts of cli-
mate change on a coastal process, allow for an alternative estimation of extreme sources 
of flooding and their statistical dependencies. Thus, a more comprehensive representation 
of variability and long-term trends in the TWL process is feasible for a given atmospheric 
forcing which represents a possible realisation of the future climate.

The work presented in the paper summarises a first approach to the nonstationary 
modelling of offshore and nearshore marine variables to assess design water levels at the 
shoreline in a changing climate. The methodology presented could be further evolved by 
selecting design events using more advanced approaches, more physically based and bet-
ter oriented to flooding hazards. Also, the accuracy of the cumulative results of the study 
could be enhanced by incorporating ensembles of marine data, produced under several dif-
ferent climate change scenarios, in the EVA.
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