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Abstract. With recently updated safety norms, assessment of flood safety in the Netherlands requires return values for coastal
sea level and surface stress for a wide range of return periods up to 107 years. Estimates from measurements are highly
uncertain. To reduce the uncertainty, a possible solution could be to replace measurements by simulated weather datasets much
larger than a typical measurement record. However, systematic errors in simulations can easily outweigh any gains in precision.
Combining insights from physics and extreme value theory with evidence from data, we argue that even as stress from present-
day weather prediction models may be too high or too low, these data are suitable for estimating the shape of the upper tail of
the distribution function of stress, and that this extends to simulated data of water level along the Dutch coast. As scale and
location parameters can be estimated with sufficient precision from relatively short measurement records, we estimate return
values from a combination of measurements (for scale/location of water level) and simulated data (for shape), assess their
uncertainty, and discuss strengths and limitations of the approach and prospects for further exploiting simulated weather data

to assess flood risk.

1 Glossary

High water, abbrev. HW: the maximum height reached during a rising tide (including the meteorologically forced contribution)
relative to a fixed datum (Hicks, 1989) (also hoogwaterstand (Dutch), Hochwasserstand (German)). Skew surge: the difference
between the high water and the astronomical high water predicted for the same cycle. Return value: the value exceeded with a

frequency of 1/T, with T the return period in years.

2 Introduction

Flooding due to high river discharge and/or storm surge is an existential threat to many low-lying river deltas (e.g. Tessler et
al, 2015; Ward et al, 2018). Most of The Netherlands is formed as a delta of Rhine, Meuse and Scheldt on the shallow North
Sea, which renders the country particularly vulnerable to floods due to storm surge (Gerritsen, 2005). The coast is protected
by dunes, sea dikes and storm surge barriers. By law, these are required to meet local safety norms which specify the maximal

allowed frequency p = 1/T of failure, with T the return period (MinBZK, 2023). These norms are based on the consequences
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of a local failure of the flood protection (Kok et al., 2018). The norm for the return period of failure may be as high as 10°
years (in the case of a stretch of dike near a nuclear power plant).

To check if the flood protection satisfies the local safety norm, a range of models is available (see https://iplo.nl/thema/water/
applicaties-modellen/software-beoordelings-ontwerpinstrumentarium/). One of these is HYDRA-NL, a probabilistic model of
the hydraulic loads (including their uncertainties) for the assessment of dikes. It provides for example return values of water
level and surface wave height and period in front of the dike, and return values of wave overtopping discharge. For the coast,
these are computed from wind direction-dependent return values of water level and wind speed and the dependence between
wind and water level, interpolating from a database of input and output of nearshore wave computations using the SWAN model
(Booij et al, 1999). In these computations, the wind is taken as spatially uniform and either constant or evolving according to
a fixed pattern determined from data of historical storms, and offshore wave boundary conditions are determined from wind
speed and direction using relationships derived from offshore wave and wind measurements (Groeneweg et al, 2010). For
some areas, simulated currents with different tidal phases relative to the wind speed peak are included in the nearshore wave

simulations as well.
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Figure 1. Estimates of return values of sea level at Hoek van Holland from trend-corrected measurement data (black curve) with 95%
confidence intervals (thick black lines). Left: data and estimates from measurements made up to (blue) and after (red) 1955. Right: data and

estimates from even (red) and odd (blue) years. Tail: Generalized Pareto (see Section 4).

Return values of coastal high water and wind speed are usually estimated from measurement or reanalysis data, generally
covering less than 150 years (e.g. Woodworth et al, 2016; Ramon et al, 2018). For long return periods, such estimates are
highly uncertain (e.g. Dillingh et al, 1993; Caires, 2009). As an illustration, Fig. 1 shows estimates of return values of water
level at Hoek van Holland (tidal station 2 in Fig. 2) derived from the 1% highest trend-corrected high water values measured
since 1887 (black curve) with their 95% confidence intervals (vertical bars); see Section S1 in the Supplementary Materials

for further details and discussion. For the longest return periods, the confidence intervals are very wide: about 2 m for a return
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period of 10,000 years, and 6 m for a return period of 107 years. The estimates in the landmark study Dillingh et al (1993) have
even wider confidence intervals. Also shown in Fig. 1 (left) are the estimates from the measurements up to 1955 (blue) and
after 1955 (red) along with the corresponding data points. These estimates are very different, spanning almost the entire widths
of the confidence intervals of the estimates from the complete dataset. Further, splitting the data of odd and even years (Jul
to Jun), similarly large differences are found; see Fig. 1 (right). This underscores that the large uncertainty implied by these
confidence intervals is realistic (see Supplement S1.2 in the Supplementary Materials for further discussion).

In fact, high uncertainty of return value estimates also prevents to properly account for this uncertainty (e.g. Ditlevsen
and Madsen, 1996, Section 3.4) in flood risk estimation: this requires that the uncertainty can be reliably quantified, but that
need not be the case. For example, in Figure 1 (left), the estimates from the complete dataset (presumably the most accurate)
lie far outside the confidence intervals derived from the data after 1955, so if only the latter were available, the uncertainty
would be seriously underestimated. A further consequence of high uncertainty is that flood-protecting structures need to be
over-designed, which is costly.

Hence, there is ample reason to look for ways to reduce the uncertainty in return values of coastal high water and wind
stress. Several approaches to reduce uncertainty have been proposed. One is refinement of the extreme value analysis, briefly
addressed in Section 4. Other approaches focus on increasing the amount of data available, e.g. by extracting useful information
from sparse/non-systematic records of historical floods, by combining data from different sites, or by making use of simulated
weather data.

The potential of using non-systematic historical records of floods (e.g. Reis Jr and Stedinger, 2021; Parkes and Demeritt,
2016; Hamdi et al, 2015; Van Gelder, 1996; Baart, 2015) is determined by the availability and quality of such data. For coastal
floods in the Netherlands, it can at best increase the effective size of the dataset by a factor < 4 (Van Gelder, 1996; Baart,
2015), hence reduce the sampling error (the error due to the limited size of the dataset) by a factor < 2, but this is not likely
to be achieved with data of only a few events. Further limitations are the large uncertainty in reconstructed values of historical
HW or skew surge (Baart, 2015) and strong assumptions which seem hard to justify and to check; for example, the annual
mean high-tide level is largely unknown before measurements were systematically recorded, hence any proposed correction
for its change over time is highly uncertain (see e.g. Fig. S3 in the Supplementary Materials).

Pooling of data from different sites, either by traditional regional frequency analysis (e.g. Bardet, 2011) or by estimation
of a spatially varying distribution of the annual maxima, assuming that it has a uniform shape and smoothly varying location
and scale parameters (Calafat and Marcos, 2020). Spatial dependence of storm surge is considerable (Calafat and Marcos,
2020), which reduces the potential gains from pooling. Calafat and Marcos (2020) report a reduction of the sampling error in
estimated 50-year return values by a factor 2.

In contrast, the use of simulated data for the statistical analysis of extremes (e.g. van den Brink et al, 2004, 2005; van den
Brink and Konnen, 2008, 2011; van den Brink and de Goederen, 2017; Kelder et al., 2020, 2022a, b) could be a game changer:
in principle, the amount of data is unlimited, and very large datasets of simulated weather representative of the climate of recent
decades arse already available. An example is the SEASS ensemble seasonal (re)forecast archive from ECMWF (ECMWF,

2018a, b). For a single site, SEASS offers about 8000 years of simulated near-surface wind and shear stress and mean sea level
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pressure (mslp) which can be used to simulate nearshore wave conditions and coastal water levels; see Section 3. Use of these
data as replacement of measurement records covering up to 150 years can reduce the sampling error in return values by a factor
\/m > 7. Furthermore, model-simulated stress can be used directly for forcing of hydrodynamic models, avoiding the
precarious step of deriving stress from wind (e.g. Van Nieuwkoop et al, 2015).

However, are simulated data good enough for estimation of the return values of coastal sea level and wind stress for nearshore
wave modelling? This is the question addressed in the present paper, focusing on the Dutch coast.

Unlike (re)analyses of the weather of the past (e.g. Bauer et al, 2015; Hersbach et al., 2020), simulated weather data are not
tightly constrained by weather observations. Models simulating weather do nothing more than solving the physical equations
that govern the behaviour of the atmosphere. Starting from an atmosphere at rest, switching on the sun and rotating the earth
at its known speed will soon result in realistic chaotic behaviour (Lorenz, 1969; Zhang et al, 2019): differential heating of the
poles with respect to the equator results in a temperature gradient driving the motion of air masses which (due to rotation)
forms jet streams, on which (due to barotropic and baroclinic instability) extratropical cyclones will develop. However, the
devil is in the details: is the temperature gradient between the equator and the poles large enough? Is the vertical structure of
the temperature difference realistic, and consequently: is the jet stream not too strong or too weak, and climatologically at the
right latitude? And is the number of cyclones correct, as well as their inter-arrival times?

For the present application, there are reasons to expect that model-generated weather data may be useful. Models have
gradually improved over the last decades, due to the increase in resolution and the improvement of parameterizations of subgrid
processes (Bauer et al, 2015). The large spatial and temporal scales of extratropical storms and storm surges on the North Sea
make simulations fairly insensitive to model resolution. Only for shallow estuaries, stress variations on smaller scales may be
relevant. Land surface roughness is not really an issue, as severe loads on coastal structures tend to coincide with wind from
sea. Even the parameterisation of the drag by the sea surface is of secondary importance, as it is not the wind that drives surges
and waves, but the stress in the boundary layer (Zweers et al, 2012). The same holds for the mean inter-arrival time of storms,
as we are mainly interested in very extreme surges (rarer than 1:100 years), which can safely be regarded as independent.

In the present study, we perform a more targeted assessment of the value of simulated data for the estimation of return
values of high water and stress. Starting point is that most of the uncertainty in return values for long return return periods is
associated with uncertainty in the shape of the tail of the distribution function; scale and location parameters can be estimated
with sufficient precision from relatively short measurement records (Section 4). We argue in Section 5 that even as wind stress
from present-day weather prediction models may be too high or too low, the SEASS data are suitable for estimating the shape
of the tail of stress over the North Sea, and we argue in Section 6 that this extends to coastal water levels simulated from the
SEASS stress and mean sea level pressure (mslp) fields. Based on these findings, return values of stress and water level are
estimated using SEASS stress and coastal water level data simulated from SEASS data for the estimation of tail shapes, and
the uncertainties are assessed (Section 7). In addition, we examine the value of SEASS data and simulated water level data
for estimating dependencies between variables in the extreme range. Strengths and weaknesses of the proposed approach are
evaluated, and the prospects for future improvements and extensions are indicated (Section 8).

Labels of sections, figures, tables and equations containing "S" refer to the Supplementary Materials.
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Figure 2. Locations of tidal stations (0), SEASS output grid points (A), and weather stations ((J). Numbering refers to main text.

3 Data

SEASS stress and mslp. The primary source of simulated weather data for the present study is the archive of 6-hourly SEASS
ensemble seasonal (re)forecasts from the IFS cycle 43r1 model of ECMWF (ECMWEF, 2018a, b) with nominally 35 km
resolution. An ensemble of 25-50 seasonal forecasts over 7 months was started by ECMWEF at the beginning of each month
from 1981 onwards. We selected data of near-surface shear stress (vector), near-surface wind wu1¢ (vector) and mslp, discarding
the first month of each run to ensure that the extremes of stress from different ensemble members are independent: this is
verified in Section S2. Stress and mslp were used to force tide-surge predictions (see below) and stress at the 6 points shown
by triangles in Fig. 2) was selected for statistical analysis. These points were chosen at roughly 50 km from the shore to avoid
any influence of land on surface roughness.

Stress and mslp from climate models and reanalyses. Data from climate model simulations used for checking of assump-
tions include a 16-member ensemble of EC-Earth3 runs for the present-day climate, and dynamic downscaling of these data
using the RACMOV2.3 regional climate model (van Dorland et al, 2023). Furthermore, we used data from two reanalyses:
ERAS, the most recent global reanalysis by ECMWF covering the years 1979-2019 (Hersbach et al., 2020), and KNW, a re-
gional downscaling of ERA-Interim (Dee et al, 2011) (the predecessor of ERAS) for the North Sea over 1979-2019, produced
by KNMI using the mesoscale model HARMONIE (Bengtsson et al., 2017). Validation of reanalysis wind against measure-
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ments is presented in Belmonte Rivas and Stoffelen (2019); Kalverla et al. (2019); Tetzner et al (2019); Wijnant et al (2019) for
ERAS and in Stepek et al (2015); Wijnant et al (2015, 2019) for KNW; see also further references in this articles. In particular,
the empirical tail distributions of KNW wind speeds and of mast measurements are found to agree well (Stepek et al, 2015).
These studies support the use of these two reanalyses for validation of statistics of stress from SEASS.

Wind measurements. Measurements of hourly mean wind from seven KNMI weather stations were used to check the
statistics of stress from SEASS data: along the coast from SW to NE, these are Cadzand (1), LEG (Lichteiland Goeree) (2),
Jmuiden (3), Texelhors (4), Vlieland (5), West Terschelling (7) and Huibertgat (6), indicated by squares in Fig. 2.

Coastal tide gauge measurements. Time-series of HW relative to the national NAP-datum derived from measurements were
provided by Rijkswaterstaat. Here, we consider (from SW to NE) data from Vlissingen (1), Hoek van Holland (2), IJmuiden
(3), Den Helder (4), Harlingen (5) and Delfzijl (6), indicated by disks in Fig. 2. Records begin around 1880-1890 (1, 2, 3, 6)
and around 1932 (4, 5). They were corrected for a long-term trend using a smooth curve fitted to the record of annual mean
HW; see Section S3. The corrected values are representative for the year 2019.

Coastal water levels simulated from SEAS5 data. We simulated still water levels on the North Sea using the WAQUA
DCSMVvS5 shelf sea tide and surge prediction model with 8 km resolution (Ridder et al, 2018), forced by SEASS stress and
mslp, further referred to as SEASS/DCSMyvS data (van den Brink, 2020). This resulted in 10-min time series for over 300
locations along the Dutch coast, including the 6 tidal stations listed above, from which HW was derived using astronomical
tide computed using DCSMvS5 without variation in meteorological forcing. Also, a simulation was performed with the stress

forcing increased by 10%.

4 Tail approximation and estimation

For approximation of a tail beyond the range of observations, its local shape needs to become stable in some sense as the
probability of exceedance tends to zero. We call this a regular tail. Non-regularity may occur for example in mixtures of
distributions of subpopulations with different tails (e.g. frontal vs. convective subdaily rainfall intensity) or due to a change in
the physics of a process near some threshold (e.g. the limitation of sea surface wave growth by breaking on shallow water).
Different types of regularity assumptions may be made, of which we discuss two here in the context of smooth tails. For a

distribution function F' with a smooth nonzero density, let g be the function satisfying
1-F(q(y) =, y=0, (1)

so0 g (the "quantile function") expresses a quantile of I in terms of the quantile of the exponential distribution for the same prob-
ability. The classical regularity assumption employed in extreme value theory can be formulated in terms of the dimensionless
function 7 defined by (y) := ¢"(y)/q¢’(y) = (log¢'(y))’ (with ’ indicating the derivative) as

lim 5(y) = lim (logq'(y))' =7 €R ©)

Y—00
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(e.g. de Haan and Ferreira, 2006, Corollary 1.1.10). By integration, this implies

— Yy _
i (D —aly) el g 3)

y—oo q(y) v

(to be read as x if v = 0). Eq. (3) provides a recipe for approximating a higher quantile ¢(y + x) exceeded with probability
e~ ) from a lower quantile q(y) exceeded with probability e~¥. It is one of the formulations of the Generalized Pareto
(GP) tail limit employed in classical peaks-over-threshold analysis (Leadbetter, 1991). The GP tail limit (3) is equivalent to the
classical assumption that the distribution of the scaled and shifted maximum of a random sample X1, ..., X, of size n tends
to a nonconstant limit (de Haan and Ferreira, 2006), the GEV (generalized extreme value) distribution. In particular for large
datasets, estimation of v based on GEV fits to annual maxima is convenient.

There is ample evidence that v = 0 is appropriate for (powers of) wind speed (Cook, 1982; Harris, 2005; van den Brink and
Konnen, 2008), and therefore also for stress, surge and HW (in the absence of large-scale flooding of land); note that a power
of a positive random variable with y = O still has v = 0. Another regularity assumption, particularly useful as refinement of (2)

if v = 0, replaces the derivatives to y in (2) by derivatives to logy:

Jm y(log(yd'(v))) = Jim yy(y) +1=p R )
This leads to the Generalized Weibull (GW) limit (de Valk, 2016a)

i 4@V —aly) _ N -1
= yd(y) 5

, A>0. &)

In case 5> 0 (de Valk, 2016a; Gardes and Girard, 2015), tail approximations based on (5) take the form of a 3-parameter
(translated) Weibull distribution, i.e. log P(X > x) = —((x — b)/a)/? for some b € R and a > 0. This helps in interpreting
the GW tail shape parameter (3: e.g. 1 gives an exponential tail, 0.5 a Rayleigh tail, etc. Unlike (3), (5) approximates g over a
probability range which increases rapidly with y, which is potentially useful for estimating return values for very long return
periods.

Many estimators of « from the & highest values in a sample of size n can be regarded as estimators of a smoothed 7 (y) at y
not far from log(n/k) (e.g. Beirlant et al, 1996). Similarly, estimators for 5 such as de Valk and Cai (2018) can be regarded as
estimators of a smoothed y¥(y) + 1 at y = log(n/k). In the next sections, we sometimes analyse tail shape differences using
estimates of  from annual maxima (to compare values of ¥(y) from different data sources at a fixed y), and in other instances
show estimates of GW shape parameter 3 from the upper k values as a function of sample fraction k/n, to highlight the
dependence of y¥(y) + 1 on y = log(n/k). It is important to keep in mind that these show different, but essentially equivalent
representations of the local tail shape. In these comparisons, they are used only as diagnostics, whose meaning does not depend
on the validity of a regularity assumption like (2) or (4).

Because we want to focus on the choice of the data source, we refer to Appendices F and G for the technical aspects of
tail estimation. In brief, the selection of methods and settings was informed by the results of a preparatory study (de Valk and
van den Brink, 2023a), employing Monte Carlo simulation based on distribution functions for wind speed, skew surge and

HW estimated from the long archive of SEAS5/DCSMyvS5 data using a refined method, which display plausible deviations from
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limiting GP and GW tail shapes. In these simulations, the uncertainty of return values for long return periods is dominated by
the uncertainty in the shape estimates, in accordance with theory (e.g. de Haan and Ferreira, 2006; de Valk and Cai, 2018).
In particular, they show that scale and location (e.g. y¢'(y) and ¢(y) in (5)) can be estimated with sufficient accuracy from
relatively short records similar in size to typical measurement records, if the shape is estimated from a record of the size of the
local SEAS5 data. Estimates of return values for 107 year for skew surge and HW appear te be of similar accuracy, so there
is nothing to be gained from estimating return values of HW by convolution of estimated distributions of skew surge and tide.
Furthermore, if the tail shape of HW is estimated from a record similar in size to a measurement record, the GW tail produces
considerably more accurate estimates than the GP tail, but this difference largely disappears if a record of the size of the local
SEASS data is used for shape estimation. However, for wind speed and for pseudo-wind speed derived from SEASS stress
using a Charnock relation, the GW tail performs considerably better than the GP tail, also when very long records are used for
shape estimation (de Valk and van den Brink, 2023a, Appendix C). Based on these findings, the GW tail was selected for the

estimation of return values in Section 7.

5 Can we trust the tail shape of stress over the North Sea derived from simulated data?

In this section, we argue that (1) large-scale metrics of storm intensity such as mslp have regular tails, (2) climate models of
sufficient resolution show high skill at simulating extratropical cyclones, and agree about the tail shapes of mslp distributions,
(3) stress in the boundary layer is closely linked with overall storm intensity, and (4) the tail of the stress distribution is also
regular, and its shape can be estimated reliably from climate model simulations. We will use the term climate model for any
model run for a considerable time without data-assimilation, which includes the selected SEAS data used in this study (Section

3).
5.1 Large-scale metrics of storm intensity are expected to have regular tails

Coastal flood risk in the Netherlands is determined by extra-tropical cyclones in the winter storm season. Extratropical cy-
clones are a well-defined phenomenon; variations in their development constitute a continuum (Graf et al, 2017; Seiler, 2019).
Therefore, tail anomalies due to mixing subpopulations with distinctly different tails are not an issue. Furthermore, the growth
of extra-tropical cyclones does not appear to involve sharp transitions or limits at a certain intensity level which could give rise
to a tail anomaly.

Common metrics of overall storm intensity are for example the spatial-temporal minimum of mslp or maximum of relative
vorticity at 850 hPa. Because the density of storm tracks varies smoothly, we may expect that the values at a fixed location
also have smooth tails. For illustrations, see for example Fig. 2 in Sterl (2009), or Fig. 3, showing the empirical return values
of daily-averaged mslp from 147 years of measurements at Thyboron (8.2E, 56.7N) on the West coast of Denmark, from the
RACMOV2.3 and EC-Earth3bis climate model simulations (see Section 3), and from SEAS5. A low mslp at this site indicates

the presence of a pressure low nearby, hence NW wind over the North Sea and positive surge at the Dutch coast. The modelled
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tails are indeed smooth (very long series); the measurement record is much shorter, hence the empirical distribution of the

annual minima is more noisy, but agrees reasonably well with the modelled tails.
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Figure 3. Empirical return values from annual maxima of daily mean mslp near 8.2E, 56.7N from SEASS5 (black), RACMOV2.3 (blue) and
EC-Earth3bis (red) and from measurements at Thyboron (DK) over 1874-2020 (magenta).

5.2 Climate models of sufficient resolution show high skill at simulating extratropical cyclones and agree about the

tail shapes of mslp distributions

More than a decade ago, climate models already produced skilful simulations of extra-tropical cyclones when comparing the
intensity, tracks and storm structure to reanalysis data (Catto et al, 2010; Bengtsson et al, 2009; Jung et al, 2012). Then and
now, a sufficiently high resolution (25-50 km) is a requirement (Priestley and Catto, 2022), but further increase in resolution
offers limited benefit (Jung et al, 2012). Remaining limitations appear to concern mainly the flow in the upper atmosphere
(250 hPa). The resolution of SEASS5 of about of 0.25° should thus be sufficient for the simulation of coastal surges and waves
requiring a long fetch and duration to develop. Indeed, van den Brink (2020) shows that the limited resolution of SEASS only
gives a 1.5% reduction in surge and a further 3.5% due to 6-hourly sampling of the SEASS5 output, in comparison with hourly
sampled 2.5 km resolution HARMONIE model output (Section 3).

The high skill is particularly evident in the tail shapes of storm intensity metrics. In Fig. 3, the shapes and scales of dis-
tributions of annual minima of daily mean mslp from RACMOv2.3, EC-Earth3bis and SEASS5 show remarkable agreement:
the main differences are small (but significant) shifts in pressure, and even smaller differences in scale. All agree closely with
the empirical tail from the observations and are capable of generating deeper depressions than observed at this location. Fig. 4
displays estimates of the GEV parameters from the annual maxima of daily-averaged mslp over the North Sea from effectively
1040 years of EC-Earth3bis and its downscaling with the regional RACMOV2.3, and their difference. It shows excellent spatial
agreement between these models. The standard error of the estimates of the shape parameter -y is about 0.02, implying that the

cluttered difference in shape is insignificant at all grid points. This confirms that the considerable differences in resolution and
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boundary layer parameterisation of these models leave the shape of the mslp tail virtually unaffected. This is remarkable, as

these simulated storms and their climatologies are generated completely by the models, unlike numerical weather forecasts.
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Figure 4. Spatial patterns of estimates of resp. location, scale and shape y (see Section 4) of the GEV distribution fitted to the annual minimum
mslp. Left: from RACMOV2.3 (colours) and from EC-Earth3bis (contours). Right: differences (RACMOV2.3 minus EC-Earth3bis) The green
dot indicates Thyboron.

5.3 Stress in the boundary layer is closely linked with overall storm intensity

Stress in the boundary layer over sea depends on the wind aloft, stability, and the interaction with the sea surface, which are
all different in different sectors of the storm. In turn, the stress affects the evolution of the storm by barotropic (e.g. Ekman
pumping) and baroclinic potential vorticity generation in the boundary layer. In a modelling study of dry extratropical cyclone
formation, Beare (2007) found that the spatial maximum of surface stress at every instant scales in a simple way with the initial
strength of the jet stream. Furthermore, if the boundary layer parameterization is changed, changes in the minimum pressure
correspond closely to changes in the surface stress averaged over the cyclone. Beare (2007) concludes that this demonstrates
the important role of the synoptic-scale flow in organising the boundary layer structure. In Boutle et al (2015), this picture

is completed by detailing how barotropic and baroclinic potential vorticity generation act together to reduce cyclone growth;
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Boutle et al (2010) add moisture transport and convection to the picture, and show that the spin-down caused by surface friction

in a moist cyclone is of similar magnitude to that in a dry cyclone.

5.4 The tail of the stress distribution is also regular and its shape can be estimated reliably from climate model

simulations

Sections 5.1 and 5.3 imply that the tail of the distribution function of stress is also highly regular; possible saturation of the drag
coefficient over sea at high wind speeds (Curcic, 2020; Richter et al, 2021) is not likely to change this; see Section S4. Climate
model simulations indicate that this is indeed so: Fig. 5 shows the distributions of annual maxima of stress from 3-hourly
RACMOV2.3 and 6-hourly SEASS data. Although these two tails clearly differ in scale, they agree in shape, as both are nearly

exponential.

source
— SEAS5
— RACMO23

type
— empirical
==+ GEV

stress [Pa]

== Gumbel

1 100 10000
return period [year]

Figure 5. Empirical return values of stress from annual maxima at 3.5E, 54N from 3-hourly RACMOV2.3 (blue) and 6-hourly SEASS5 (black)
data, with return values from GEV fits (dotted) and from Gumbel fits (dashed).

Both models have different resolutions and output frequencies and the boundary layer parameterisations are quite different,
but this appears to have little impact on the shape of the stress tail. This is also evident from Fig. 6, showing estimates of the
GEV shape v from annual stress maxima over the North Sea. On average, the estimates from SEASS5 are slightly lower than
the estimates from RACMOv?2.3, differing on average over the central and southern North Sea by 0.026, which is not much.
The close agreement in the tail shape of stress from these models indicates that the shape is determined by other factors than
resolution, output frequency or boundary layer parameterisation, such as jet stream climatology (Section 5.3).

Another relevant check is to compare estimates of the shape of the tail of stress from SEAS5 with those from the reanalyses
ERAS5 and KNW for the same position 3°E, 55°N in the central North Sea, far from the influence of land; see Section 3.

Plotted as functions of sample fraction p = k/n, estimates of the GW shape parameter 3 (see (4), (5)) can be regarded as
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GEV shape parameter stress SEASS

Figure 6. Estimates of the tail shape ~ (see Section 4) from annual stress maxima from SEASS (top left) and from RACMOV2.3-downscaling
of EC-Earth3bis runs (top right), and their differences (bottom).

estimates of the dimensionless shape function y (log(yq’ (y)))/ with y = —log p. Fig. 7 shows for SEASS5 only a slight increase

270 in these estimates with decreasing p from about 1.2 to 1.35, which indicates a regular tail which is slightly heavier than the
exponential tail. Furthermore, the estimates match the much less precise estimates from the two reanalyses which, unlike the
SEASS reforecasts (with lead times exceeding 1 month), are constrained by weather observations and employ significantly
different resolutions and different approaches to boundary layer momentum exchange. This provides further confirmation that
current climate models are capable of simulating the shape of the stress tail.

275 As a consequence, systematic errors in extreme stress from these models should take the form of scale/location errors. This
agrees broadly with the analysis in Larsén (2012) of the effect of limited resolution on extreme wind speeds over Danish and
German coastal waters from mesoscale models; for a Gaussian process as approximation of wind fluctuations, they argue that
the correction should have the form of a scale adjustment. Although Larsén (2012) do not consider the effects of differences
in boundary layer parameterization of the mesoscale models used for downscaling of global low-resolution analyses, their

280 corrected estimates of mean annual maximum wind speed from these models are mutually compatible and in line with wind
measurements. In climate model simulations and in SEASS (for forecast ranges exceeding 1 month), storms are generated by
the model without assimilation of measurements, which offers much additional freedom to deviate from observed climatology.
Our findings indicate that even in this case, the shape of the stress tail generated by such models is reliable over a wide range

of return periods.

285 6 How reliable are the shapes of the tails of HW along the Dutch coast derived from simulated data?

Since stress provides the main forcing of a storm surge, it can be expected that the tails of the surge and HW along the Dutch
coast are also regular. They should in fact be similar to the tail of stress, as storm surge is roughly proportional to the stress if

we ignore the effects of wind directionality, fetch and duration limitations and along-shore flow. Indeed, empirical tails (e.g.
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Figure 7. Estimates of the GW shape parameter 3 (see Section 4) of stress from SEAS5 with 95% confidence intervals (black) and from the
KNW reanalysis (blue) and the ERAS reanalysis (red), along with their confidence intervals at 3°E, 55°N (central North Sea). The horizontal

axis indicates the sample fraction k/n used for the estimation (see text).

Fig. 1) do not suggest anomalies. Whether their shapes can be reliably estimated from hydrodynamic model simulations forced
by model-generated stress depends on the nature of bias in these models. Validation of a similar, higher resolution version of
DCSM in Zijl et al (2022); Zijl and Laan (2021) shows that predicted skew surge at tidal stations on the Waddenzee (bounded
by the labels 4-7 in Fig. 2) has a negative bias for surge above a threshold close to the 99% quantile; the magnitude of the bias
increases approximately linearly in the excess of surge above this threshold; see also Section S8. Model resolution does not
appear to have much systematic impact on the bias for most the coastline (van den Brink, 2020); in fact, a similar bias pattern
was already reported in Ridder et al (2018). This suggests either an issue with the representation of hydrodynamic processes
in the shallow Waddenzee estuary under severe storm conditions (e.g. wave-current interaction, changes of the seabed and
its roughness) or insufficient resolution of mesoscale variations of stress, which would affect the Waddenzee more than the
adjacent North Sea. Modelling experiments with varying forcing and resolution point to the former explanation (van den
Brink, 2020), but the issue has not been resolved yet.

However, the apparently linear change of the bias in skew surge above a threshold suggests that the shapes of surge and
HW tails estimated from the model simulations may still be accurate above the threshold. To check this, GW tail shape
estimates from tide gauge data and simulations are compared in Fig. 8. Indeed, the estimates from the SEAS5/DCSMvS5 data
are compatible with the estimates from tide gauge data for 5 of the 6 tide gauge stations. The exception is Delfzijl (6) on the
small Eems-Dollard estuary (Fig. 2). The shape estimates from the measurements from this station and from Harlingen (3)
are highly irregular at sample fractions below 0.01, which is not plausible in view of the regularity of the estimates at other
stations nearby and the considerable spatial coherence in storm surge on the North Sea. The wide confidence intervals of these
estimates indicate that they are not reliable. This suggests that the use of SEAS5/DCSMvS5 data for shape estimation may help

to ensure that spatial variations in tail shape are plausible. The poor match at high sample fractions above say 0.01 for Delfzijl
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Figure 8. Estimates of the GW shape parameter 3 (see Section 4) of HW vs. sample fraction with 95% confidence interval from measurements

(blue) and from SEASS5/DCSMVvS5 simulations (black) for 6 tide gauge stations (see Fig. 2).

may be related to the change in bias in model predictions of skew surge from negligible to negative at roughly the 99% quantile

found in Zijl et al (2022); Zijl and Laan (2021) (Section S8), which will distort shape estimates at mentioned sample fractions.

7 Application to the extreme value analysis of stress and coastal water level
7.1 Stress

Based on the findings of section 5, return values of stress at the locations marked by triangles in Fig. 2 were estimated from
SEASS stress. First, the tail of the distribution function of stress was estimated from all data available for the location by fitting
a GW tail (5) (see Section 4). Based on simulations in de Valk and van den Brink (2023a), the estimates from a sample fraction
of 0.012 were selected; see also Section S7.1. Subsequently, probabilities (fractions of time) of exceedance p were converted
to frequencies p and return periods T'=1/p by u = pa/A with A =1/(24 x 365.25) the sampling interval of hourly wind
measurements in years and « their extremal index, to be interpreted as the reciprocal of the mean size of a cluster of high values;
see Leadbetter et al (1983). We chose o = 1/2. The motivation for this computation of y is the following: (a) the fraction of
time p has the same meaning regardless of sampling interval (this is true regardless of systematic differences between estimates
from data from different sources, which should be dealt with separately); (b) estimates suggest that hourly wind measurements
have an extremal index « of 1/2 to 1 (see Section S6); (c) for stress, the extremal index should be the same as for wind speed;

(d) taking into account that nearshore wave conditions vary on longer time-scales than the stress, we adopted the lower value
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1/2. There is reason to believe that wind is not very different from a Gaussian process (Larsén, 2012). Just as for a Gaussian
process, there is therefore reason to question whether the concept of a fixed extremal index is appropriate for wind speed and
stress (Leadbetter et al, 1983). However, (d) above still makes practical sense.

Return values were also estimated for stress magnitude restricted to wind direction bins of 22.5° (see Section S7.2). Finally,
all return values for stress were increased by the same factor of 1.1, based on an earlier analysis of the effects of atmospheric

model resolution on skew surge in van den Brink (2020).
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Figure 9. Empirical return values of wind speed w10 restricted to wind directions in W to N from measurements at seven stations (dots; see
headers), and corresponding provisional estimates derived from the corrected SEASS stress by the Charnock (0.025) relation, with sampling
error (95% confidence intervals; dark grey) and assessment of total uncertainty (idem, light grey). Numbers and letters in the headers refer

to the sites marked by squares and triangles in Fig. 2.

The estimates of the tails of stress (see Section S5) cannot be validated directly. As a sanity check, we compared the
tail distributions of wind speed 1o obtained from stress using an approximation formula to empirical distributions from
measurement data. For the approximation, we used a logarithmic wind profile with roughness length z; determined from the
Charnock relationship with a constant of 0.025. The return values of wind speed associated with wind directions in the sector
from W to N (which are not disturbed much by land) were compared with the empirical return values determined from hourly
wind observations at nearby measurement stations; see Fig. 9. Here, the return period of the k-th highest observation (circle)
is determined as L/(ka) with L the record length in years and o = 1/2 as above (this makes the comparison independent of

the choice of the extremal index).
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With the chosen Charnock constant, the overall agreement is surprisingly good. Had we chosen a lower Charnock constant
of 0.0185 as in Wu (1982), which is the default of the SWAN wave model used to derive nearshore wave conditions (see
Section 2) if forced by wind, we would have arrived at return values that markedly exceed the empirical values. That we need
a Charnock constant higher than the Wu (1982) value to approximate the empirical tails of wind speed well (including those
of the offshore station LEG) indicates that the correction factor of 1.1 applied to the stress is not too low for our purpose. The
return values for long return periods in Fig. 9 are of course not reliable, as they depend sensitively on the assumed Charnock
relation; these are mainly shown to indicate the uncertainties in terms of wind speed (see Section 7.3).

Since these wind speed tails vary little along the coast (Fig. 9) while consistent with measurement data, it seems likely that
the large spatial variation in return values found in earlier analyses of measurements (Caires, 2009; Wieringa and Rijkoord,
1983) is largely due to sampling variability.

To make validation easier, we could have opted to derive statistics of extreme wind speed instead of stress from the SEASS
wind data, and force the SWAN nearshore wave model (Section 2) with wind. However, the near-surface wind speed ;o from
numerical models is only a diagnostic variable derived using one particular drag formulation; if this wind would be used in the
SWAN wave model, SWAN would convert it back to stress by a different (and much simpler) drag formulation than used in
SEASS. Our choice of estimating return values of stress instead of wind speed avoids these ambiguities and inconsistencies.
Furthermore, tails of u;o from models certainly do not show the universality of shape exhibited by tails of stress (see Section

5.4).
7.2 High water

For HW at the six tide gauge stations (see Fig. 2), almost the same method was used as for stress, with one important difference:
based on the conclusion of Section 6, the shape parameter of the tail of HW was estimated from SEAS5/DCSMvS5 data, with
the WAQUA DCSMvS5 model driven by the original, uncorrected shear stress from SEASS (see Fig. 8). With this shape fixed,
the GW tail (i.e., the scale and location parameters) was subsequently estimated from the tide gauge data. Just as for stress, a
relatively large sample fraction of 0.012 was used, which for HW gives relatively high values of the shape parameter (see Fig.
8). The extremal index of the HW observations was estimated to be 1, so clustering of consecutive HWs effectively vanishes
for increasingly rare events; see Section S6.

The estimated return values of HW are shown in Fig. 10 together with the empirical (trend-corrected) return values. The
high values reached in Vlissingen (1), Hoek van Holland (2) and IJmuiden (3) reached during the severe 1953 flood stand out.
For Hoek van Holland, this value has an estimated frequency of exceedance p of 0.0011 /yr, so the probability that an annual
maximum exceeds it in 132 year (the record length) is 1 —exp(—132u) = 0.14. Therefore, the 1953 water level is definitely no
outlier. Earlier estimates of the frequencies of exceedance from only measurements as in Dillingh et al (1993) were higher, as
the shape estimates were influenced by the high HW observed during the 1953 storm. By estimating the shape from simulated
data, the present analysis avoids an outsized influence of single events.

As a further check, we computed for every station the ratio of the scale parameter estimated from tide gauge measurements
and the scale parameter estimated from SEAS5/DCSMyvS5 data; see Tab. 1. If bias in the tail of HW from SEAS5/DCSMVS is
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Figure 10. Estimated return values of water level at six tide gauge stations (see Fig. 2) with with sampling error (95% confidence intervals;

dark grey) and assessment of total uncertainty (idem, light grey), with empirical return values from tide gauge data (dots).

only due to bias in the SEASS stress, then this ratio indicates the factor by which the SEASS stress should be corrected. The
outlying value for Vlissingen can be explained by spatial mismatch: the DCSMv5 model has only a few output points in the
small Westerschelde estuary. The scale ratios for Hoek van Holland and IJmuiden along the West coast are close to the stress
correction factor of 1.1 arrived at earlier based on other arguments, indicating that the ratios for these sites are to a large extent
explained by bias in the uncorrected SEAS5/DCSMvS stress. In fact, running the DCSMvS model with SEASS stress fields
inflated by a factor of 1.1 and repeating the analysis gives scale ratios which are 0.09 lower, which shows that the increase of
the scale parameter of the tail of HW from DCSMvS5 is almost proportional to the stress increase. Possibly, a stress correction
by a factor of 1.15 would have been slightly better than the applied factor of 1.1.

For Den Helder (4), Harlingen (5) and Delfzijl (6) on the Waddenzee estuary (Fig. 2), larger ratios are found. This could be
due to errors in the stress forcing of the DCSMv5 model in this area (e.g. due to the limited resolution of SEASS5), or to bias
in DCSMv5 when applied to this shallow estuary with complex bathymetry. A study of the effects of dynamic downscaling
of the atmospheric forcing and of hydrodynamic model resolution (van den Brink, 2020) finds no large systematic impact

of resolution (see also Section 6). The current working hypothesis is therefore that under severe storm conditions, certain
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process(es) in the shallow Waddenzee are not adequately represented in current shallow-water flow models; investigating this

further is beyond the present scope.

tidal station

SEASS stress

inflated stress

Vlissingen (1)
Hoek van Holland (2)
IJmuiden (3)
Den Helder (4)
Harlingen (5)
Delfzijl (6)

0.91
1.14
1.15
1.24
1.22
1.28

0.85
1.05
1.06
1.15
1.14
1.19

Table 1. Scale ratios (rations of scale parameters of the tails of HW estimated with and without using measurement data for location and

EGUsphere\

scale), for HW data simulated from SEASS stress, and simulated from SEASS stress inflated by a factor of 1.1.

For the dependence of the tail of HW on wind direction, we made estimates from SEAS5/DCSMvS5 data only, and from
a combination of SEAS5/DCSMvS5 data (for shape) and HW and wind direction measurements (for scale/location). Both are
shown in Fig. 11 for two stations. The differences are small. For wind from land, the estimates from only SEAS5/DCSMv5

data are lower, indicating a systematic overestimation of stress from these directions. This is most likely an effect the limited

resolution of SEASS.

Hoek van Holland

Delfzijl

0 100 200 300 0

wind direction [deg]

Figure 11. Estimates of return values for HW coincident with wind direction in a 22.5° bin for return periods of 1, 100, 10,000, and 107

years for Hoek van Holland (left) and Delfzijl (right) with the directional dependence estimated from SEASS/DCSMvS5 only (dashed), using

200 300

scale/location estimates from measurement data (dots) and the latter after additional smoothing (full).
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7.3 Uncertainty of the estimates

The sampling error of the estimated return values for return periods of 10,...,107 years has been assessed using a bootstrap
method (Litvinova and Silvapulle, 2018, 2020; de Haan and Zhou, 2022). More specifically, we use the block bootstrap (Kiin-
sch, 1989) to estimate variances, which is applicable in the case of serially dependent time series; see Section S7.3 for further
details. Confidence intervals are based on the normal approximation.

Simultaneous values of stress from different SEASS ensemble members which contain a high value(s) are effectively inde-
pendent (see Section S2), so ensemble members were treated as independent in the bootstrapping (see Section S7.3). Since all
25-50 ensemble members initiated in the same month of the same year are based on the same analysis, there is some residual
dependence between forecasts for the same year/month in the form of a common modulation of storminess, which is not ac-
counted for in the bootstrap procedure. This was found to have a minor effect on the precision of the tail estimates (de Valk and
van den Brink, 2023b). The confidence intervals representing the sampling errors in return values are shown in Fig. S6 (Section
S5) for stress, in Fig. 9 for the speed of W to N wind u1¢ provisionally derived from stress, and in Fig. 10 for HW (dark grey).
For stress and derived wind, the confidence intervals are very narrow, but not for HW, as its scale/location are estimated from
tide gauge measurements.

In addition, the error analysis addresses model-related uncertainty: unknown systematic errors in the estimated tail distri-
butions of wind shear stress and HW from simulated data resulting from limitations of the models such as resolution and
parameterisations of processes. The model-related uncertainty in the GW tail distribution is represented as a normally dis-
tributed error in the shape parameter. The reason for this choice is that errors in estimates of return values for long return
periods are primarily determined by errors in the shape parameter (Section 4). Furthermore, for HW, model-related errors in
scale/location are corrected using measurement data.

For shear stress from SEASS, we assume that the shape parameter of the omnidirectional GW tail is normally distributed
with mean 0 and standard deviation 0.1 (likely within 0.1, very likely within 40.2). This value is a crude estimate based
on a comparison of estimates of the shape parameter v (see Section 4) from annual maxima of SEASS stress and of the
RACMOV2.3-downscaling of EC-Earth3 runs for the same area around the Netherlands (see Section 3), which differ consid-
erably in resolution and drag relation; see Fig. 6. The mean difference over the southern and central North Sea is 0.026, from
which we estimate the standard deviation as v/0.0132 x 2 = 0.018. Using equation (4), this results in 0.12 (rounded to 0.1) for
the standard deviation of the GW shape parameter. For HW, we employ the simplification that HW is roughly an affine function
of stress (for small sample fractions, both in the hydrodynamic model and in reality; see Section 6), so the errors in the GW
shape parameter of stress and HW are roughly equal. The model-related uncertainty is included as a random disturbance to the
shape parameter estimates in the bootstrap procedure.

Confidence intervals of the resulting total error are shown in Fig. S6 (Section S5) for stress, in Fig. 9 for the speed of W
to N wind wu;¢ provisionally derived from stress, and in Fig. 10 for HW (light grey). In particular for stress and derived wind,
the model-related error broadens the intervals considerably. However, the confidence intervals for HW at Hoek van Holland

are much narrower (by a factor of about 4) than for estimates from measurements alone; e.g. compare with those in Fig. S1
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in Section S1 and in Fig. 1 for estimates based on measurements only. Comparing the latter two, we see that fitting a GW tail
instead of a GP tail (Section 4) on the measurement data already reduces the uncertainty considerably, but a much larger further
reduction is achieved by using shape estimates from SEAS5 data, even when accounting for the model-related error. This is

qualitatively in line with earlier simulation results in de Valk and van den Brink (2023a).
7.4 Local dependence between simultaneous stress and coastal water level extremes

The SEASS/DCSMvVS5 data can also be used for estimating the strength of the dependence between HW and (nearly simulta-
neous) stress or wind speed. Different models have been proposed for this dependence. Here, we discuss a particularly simple
class of models within the framework of Ledford and Tawn (1996, 1997, 1998); Wadsworth and Tawn (2013); de Valk (2016b),
which can distinguish weaker forms of dependence than classical extremal dependence (e.g. Rootzén and Tajvidi , 2006). For
two random variables X7 and X5 with distribution functions F; and F5, respectively, it implies that the tail of the distribution
function of —logmax(1— F;(X1),1— F3(X32)) approximates an exponential distribution with scale parameter n < 1 (de Valk,
2016b, eq. (4.4)). To help the interpretation, we discuss p := 21 — 1, which for a bivariate normal distribution happens to agree
with the ordinary Pearson correlation coefficient (but is estimated in a completely different manner).

Fig. 12 (right) compares values of p derived from estimates of 7 for HW and wind speed or stress restricted to bins of
wind direction from measurement data of wind u;¢ and from SEAS5/DCSMVvS5 data of stress. The estimates are nearly equal,
so the SEASS data appear to be suitable for estimation of the extremal dependence. In fact (not shown) it makes very little
difference whether data of wind speed or stress from SEAS5/DCSMvS are used for this purpose. The estimated variation of p
with wind direction makes sense: strongly positive for wind from sea, and negative for wind from land. Furthermore (left), the
estimates from SEAS5/DCSMVv5 data are insensitive to the sample fraction used for the estimation of p. This indicates that the
dependence model class considered here provides a good representation of the extremal dependence between wind speed and
high HW. Using measurement data, this type of check would be much less effective, as measurement records are too short for

this purpose.

8 Conclusions and outlook

Even a measurement record of about 140 years (considered long in meteorology) is not enough to reasonably constrain return
values for long return periods of 10,000 years or higher (Section 2). This case study demonstrates that the uncertainty in the
statistical modelling of extreme midlatitude shear stress and coastal water level can be reduced considerably (for water level at
Hoek van Holland, by about a factor of 4) by the cautious use of large archives of weather data simulated by state-of-the-art
models (Sections 5-7).

This error assessment includes model-related error in return value estimates (Section 7.3), which is inherently difficult to
quantify; hence our assessment is crude. However, had we used only measurements for the estimation of return values, then

the uncertainty would be much larger and also difficult to assess reliably, as demonstrated by the example in Section 2.
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Figure 12. Estimates of the strength of extremal dependence p (see text) between simultaneous wind speed or stress and HW restricted to
wind direction in 22.5° bins. Left: estimates from SEAS5/DCSMvS5 data of stress and HW from point a in Fig. 2. Right: same estimates from
SEASS/DCSMvS5 data, and estimates from measurements of wind and HW from Hoek van Holland/LEG (2 in Fig. 2).

The uncertainty reduction is achieved by estimating the tail shapes from about 8000 years of SEASS weather re-forecast data
and water levels simulated from these data. We substantiate that these tail shape estimates are reliable (Sections 5-6); for stress,
they show very little dependence on model resolution and drag formulation, and shape estimates are generally compatible with
estimates from measurements or reanalysis data (Sections 5-6).

Scale and location of the tails of HW at the tide gauge stations can be accurately determined from measurement data. For
other sites along the coast, corrections of the location and scale estimates need to be derived from the corrections for the tide
gauge stations by interpolation.

For stress, scale and/or location bias is a bigger issue, because there are no stress measurements for correction and valida-
tion. Currently, stress is corrected by a factor of 1.1, in reasonable agreement with the HW scale parameter corrections for
tidal stations on the West coast in Tab. 1. For the purpose of transforming return value estimates of stress to nearshore wave
conditions using the SWAN model (Section 2), this factor appears to be sufficient (see Section 7).

Substantial local bias in the scale parameter of HW for stations along the Waddenzee estimated from only SEAS5/DCSMv5
simulations indicates limitations in modelling of storm surge on this shallow estuary which are presently not well understood
(see Section 7); more research is needed to identify and correct the source(s) of error. At present, the estimation of scale and
location from measurement data provides a solution.

The use of very large simulated datasets in this study produces spatially consistent return value estimates which are insensi-

tive to individual events such as the 1953 storm, without having imposed spatial smoothness.
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Dependencies between variables in the extreme ranges of stress and/or HW (dependence on wind direction and between
stress and HW) can be reliably estimated from simulated data (Section 7).

The present method, developed for the Dutch coast, may be applicable to other coastlines along the North Sea and possibly
to other regions with similar climates. However, careful review and checking of the assumptions and their consequences for
the application is essential. A potential advantage of very large archives of simulated weather is good coverage of the phase
space, but this will only materialise if all relevant phenomena (e.g. storm types) are faithfully represented in the data.

In the future, further model improvements may lessen the need for scale/location adjustments relying on measurement data
and make it easier to produce reliable return level estimates at all points along the complex coastlines with high resolution.

For the protection of the Netherlands against flooding, extreme hydraulic loads on dikes along the rivers and lakes are also
an important issue. It is a major challenge to obtain reliable estimates of stress over these smaller water bodies (Sterl, 2019b).
Furthermore, dynamic downscaling of 8000 years of SEASS data to resolve the effects of land-water boundaries on the stress
would require excessive computing resources. Possibly, machine learning might help to reduce the effort (Wang et al, 2021;
Doury et al, 2023). An additional benefit could be that high-resolution stress and wind are also produced over land, extending
the options for checking and correction of bias in the severity of simulated storms by making use of inland wind measurements.
Furthermore, it may be possible to extend the current approach to precipitation within the large Rhine and Meuse catchments,
in order to improve the estimation of return values of discharge of these rivers as well as possible associations between extreme

discharge and other variables like stress and coastal HW.

Code availability. The R code for estimation of GW and GP tails is available at https://github.com/ceesfdevalk/EVTools; GW tail estimates
are computed with FitGW_iHilli.R.

Author contributions. Conceptualization, investigation, writing: CdV and HvdB; methodology: CdV.
Competing interests. The authors declare that they have no conflict of interest.

Acknowledgements. We like to thank Marcel Bottema and Robert Slomp (Rijkswaterstaat), Pieter van Gelder (TU Delft) and Andreas Sterl

(KNMI) for their helpful comments and suggestions in the course of this study.

22



500

505

510

515

520

525

530

https://doi.org/10.5194/egusphere-2024-912
Preprint. Discussion started: 27 May 2024 EG U
sphere

(© Author(s) 2024. CC BY 4.0 License.

References

Albert, C., Dutfoy, A., Gardes, L., Girard, S. (2020). An extreme quantile estimator for the log-generalized Weibull-tail model. Econometrics
and Statistics 13, 137-174.

Baart, F., Bakker, M. A. J., Van Dongeren, A., Den Heijer, C., Van Heteren, S., Smit, M. W. J., ... (2011). Using 18th century storm-surge
data from the Dutch Coast to improve the confidence in flood-risk estimates. Nat. Hazards Earth Syst. Sci 11(10), 2791-2801.

Bardet, L., Duluc, C. M., Rebour, V., L’her, J. (2011). Regional frequency analysis of extreme storm surges along the French coast. Natural
Hazards and Earth System Sciences, 11(6), 1627-1639.

Bauer, P, Thorpe, A., Brunet, G. (2015). The quiet revolution of numerical weather prediction. Nature, 525(7567), 47-55.

Beare, R. J. (2007). Boundary layer mechanisms in extratropical cyclones. Quarterly Journal of the Royal Meteorological Society 133(623),
503-515.

Beirlant, J., Vynckier, P., Teugels, J. L. (1996). Excess functions and estimation of the extreme-value index. Bernoulli 2(4), 293-318.

Belmonte Rivas, M., Stoffelen, A. (2019). Characterizing ERA-interim and ERAS surface wind biases using ASCAT. Ocean Sci. 15, 1-31.

Bengtsson, L., Hodges, K.I. and Keenlyside, N. (2009). Will extratropical storms intensify in a warmer climate?. Journal of Climate,22(9),
pp-2276-2-301.

Bengtsson, L., Andrae, U., Aspelien, T., Batrak, Y., Calvo, J., de Rooy, W., Odegard Koltzow, M. (2017). The HARMONIE-AROME model
configuration in the ALADIN-HIRLAM NWP system. Mon. Weather Rev. 145, 1919-1935.

Blackadar, A. K. and Tennekes, H. (1968). Asymptotic similarity in neutral barotropic planetary boundary layers. Journal of the Atmospheric
Sciences 25(6), 1015-1020.

Boutle, .A., Beare, R.J., Belcher, S.E., Brown, A.R. and Plant, R.S. (2010). The moist boundary layer under a mid-latitude weather system.
Boundary-layer meteorology 134, 367-386.

Boutle, I.A., Belcher, S.E. and Plant, R.S. (2015). Friction in mid-latitude cyclones: an Ekman-PV mechanism. Atmospheric Science Letters
16(2), 103-109.

Booij, N. R. R. C,, Ris, R. C., Holthuijsen, L. H. (1999). A third-generation wave model for coastal regions: 1. Model description and
validation. Journal of geophysical research: Oceans 104(C4), 7649-7666.

van den Brink, H. W., Kénnen,, G. P., Opsteegh, J. D., van Oldenborgh, G. J., Burgers, G. (2004). Improving 10~ -year surge level estimates
using data of the ECMWF seasonal prediction system. Geophys. Res. Lett. 31, L17210.

van den Brink, H.W., Konnen,, G. P., Opsteegh, J. D., van Oldenborgh, G. J., Burgers, G. (2005). Estimating return periods of extreme events
from ECMWF seasonal forecast ensembles. emphlnt. J. Climatol. 25, 1345-1354.

van den Brink, H. W. and Konnen, G. P. (2008). The statistical distribution of meteorological outliers. GRL 35, 1.23702, doi:
10.1029/2008GL035967.

van den Brink, H. W. and Ko6nnen, G. P. (2011). Estimating 10000-year return values from short time series. Int. J. Climatol. 31(1), 115-126.

van den Brink, H. W. and de Goederen (2017). Recurrence intervals for the closure of the Dutch Maeslant surge barrier. Ocean Sci. 13,
691-701.

van den Brink, H.-W. (2020), Het gebruik van de ECMWF seizoensverwachtingen voor het berekenen van de klimatologie van extreme
waterstanden langs de Nederlandse kust. Report TR-385, KNMI, de Bilt.

Caires, S. (2009). Extreme wind statistics for the Hydraulic Boundary Conditions for the Dutch primary water defences. Report 1200264-005,

Deltares.

23



535

540

545

550

555

560

565

570

https://doi.org/10.5194/egusphere-2024-912
Preprint. Discussion started: 27 May 2024 EG U
sphere

(© Author(s) 2024. CC BY 4.0 License.

Calafat, F. M., Marcos, M. (2020). Probabilistic reanalysis of storm surge extremes in Europe. Proceedings of the National Academy of
Sciences, 117(4), 1877-1883.

Catto, J.L., Shaffrey, L.C. and Hodges, K.I., 2010. Can climate models capture the structure of extratropical cyclones?. Journal of Climate
23(7), 1621-1635.

Priestley, M.D. and Catto, J.L., 2022. Improved representation of extratropical cyclone structure in HighResMIP models. Geophysical Re-
search Letters 49(5), p.e2021GL096708.

Cook, N.J. (1982). Towards better estimation of extreme wind. J. Wind Eng. Ind. Aerodyn. 9, 295-323.

Curcic, M. and Haus, B.K. (2020). Revised estimates of ocean surface drag in strong winds. Geophysical research letters 47(10),
p.2020GL087647.

Dee, D. P, Uppala, S. M., Simmons, A. J. et al. (2011). The ERA-interim reanalysis: configuration and performance of the data assimilation
system. Q. J. R. Meteorol. Soc. 137, 553-597.

Dillingh, D., De Haan, L., Helmers, R., Kénnen, G.P., Van Malde, J. (1993), De basispeilen langs de Nederlandse kust, Statistisch onderzoek,
Rapport DGW-93.023, Rijkswaterstaat Dienst Getijdewateren.

Dillingh, D. (2013), Veranderingen in gemiddelde zeeniveaus in de Nederlandse kustwateren. Rapport 1206182-000, Deltares.

Ditlevsen, O., Madsen, H. O. (1996). Structural reliability methods (Vol. 178). Wiley NY.

Dombry, C. (2015), Existence and consistency of the maximum likelihood estimators for the extreme value index within the block maxima
framework. Bernoulli 21(1), 420 - 436.

van Dorland, R. et al (2023), KNMI National Climate Scenarios 2023 for the Netherlands. Report WR23-02, KNMI/Royal Netherlands
Meteorological Institute.

Doury, A., Somot, S., Gadat, S., Ribes, A., Corre, L. (2023). Regional climate model emulator based on deep learning: Concept and first
evaluation of a novel hybrid downscaling approach. Climate Dynamics 60(5-6), 1751-1779.

ECMWF (2018a), Implementation of Seasonal Forecast SEASS. https://confluence.ecmwf.int/display/FCST/Implementation+of+
Seasonal+ Forecast+SEASS5, ECMWE, Reading.

ECMWF (2018b), SEASS User Guide. https://www.ecmwf.int/sites/default/files/medialibrary/2017-10/System5_guide.pdf, ECMWEF,
Reading.

Eilander, D. (2014). Herberekening basispeilen in het kader van WTI-2017. Memo 1209431-003-ZWS-0002, Deltares, Delft.

Ferro, C. A., Segers, J. (2003). Inference for clusters of extreme values. Journal of the Royal Statistical Society: Series B (Statistical Method-
ology) 6(2), 545-556.

Gardes, L., Girard, S. (2015). Estimation de quantiles extrémes pour les lois a queue de type Weibull: une synthese bibliographique, Journal
de la Société Frangaise de Statistique 154(2), 98—118.

Van Gelder, P. H. A. J. M. (1996). A new statistical model for extreme water levels along the Dutch coast. Stochastic hydraulics 96, 243-249.

Graf, M.A., Wernli, H. and Sprenger, M., 2017. Objective classification of extratropical cyclogenesis. Quarterly Journal of the Royal Mete-
orological Society 143(703), 1047-1061.

Groeneweg, J., Beckers, J., Gautier, C. (2010). A probabilistic model for the determination of hydraulic boundary conditions in a dynamic
coastal system. International Conference on Coastal Engineering (ICCE2010), https://doi.org/10.9753/icce.v32.waves.38.

De Haan, L. (1990). Fighting the arch-enemy with mathematics. Statistica neerlandica 44(2), 45-68.

Haan, L. D., Zhou, C. (2022). Bootstrapping Extreme Value Estimators. Journal of the American Statistical Association (accepted), 1-28.

de Haan, L., Ferreira, A. (2006), Extreme value theory - An introduction. Springer.

24



575

580

585

590

595

600

605

https://doi.org/10.5194/egusphere-2024-912
Preprint. Discussion started: 27 May 2024 G
© Author(s) 2024. CC BY 4.0 License. E U Sp here

Hamdi, Y., Bardet, L., Duluc, C. M., Rebour, V. (2015). Use of historical information in extreme-surge frequency estimation: the case of
marine flooding on the La Rochelle site in France. Natural hazards and earth system sciences 15(7), 1515-1531.

Harris, R.I. (2005) Generalised Pareto methods for wind extremes - useful tool or mathematical mirage? J. Wind Eng. Ind. Aerodyn. 93,
341-360.

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Hordnyi, A., Mufioz-Sabater, J., ... Thépaut, J. N. (2020). The ERAS global reanalysis.
Quarterly Journal of the Royal Meteorological Society 146(730), 1999-2049.

Hicks, S. D. (1989). Tide and current glossary. US Department of Commerce, National Oceanic and Atmospheric Administration, National
Ocean Service.

Jung, T., Miller, M.J., Palmer, T.N., Towers, P., Wedi, N., Achuthavarier, D., Adams, J.M., Altshuler, E.L.., Cash, B.A., Kinter Iii, J.L.. and
Marx, L. (2012). High-resolution global climate simulations with the ECMWF model in Project Athena: Experimental design, model
climate, and seasonal forecast skill. Journal of Climate 25(9), pp. 3155-3172.

Kalverla, P., Steeneveld, G.J., Ronda, R., Holtslag, A. A.M. (2019). Evaluation of three mainstream numerical weather prediction models
with observations from meteorological mast IJmuiden at the North Sea. Wind Energy 22, 34-48.

Kelder, T., Miiller, M., Slater, L. J., Marjoribanks, T. L., Wilby, R. L., Prudhomme, C., ... (2020). Using UNSEEN trends to detect decadal
changes in 100-year precipitation extremes. npj Climate and Atmospheric Science 3(1), 47.

Kelder, T., Wanders, N., van der Wiel, K., Marjoribanks, T. L., Slater, L. J., 1 Wilby, R., Prudhomme, C. (2022). Interpreting extreme climate
impacts from large ensemble simulations—are they unseen or unrealistic? Environmental Research Letters 17(4), 044052.

Kelder, T., Marjoribanks, T. L., Slater, L. J., Prudhomme, C., Wilby, R. L., Wagemann, J., Dunstone, N. (2022). An open workflow to gain
insights about low-likelihood high-impact weather events from initialized predictions. Meteorological Applications 29(3), €2065.

Kok, M., Kolen, B., Steenbergen, J., Tanczos, 1., Slomp, R., Jongejan, R. B. (2018). Risk-informed flood protection in the Netherlands. In:
Twenty-Sixth International Congress on Large Dams/Vingt-Sixieme Congres International des Grands Barrages, Q103, 642—655.

Kiinsch, H.R. (1989), The jackknife and the bootstrap for general stationary observations. Annals of Statistics 17, 1217-1241.

Larsén, X.G., Ott, S., Badger, J., Hahmann, A.N. and Mann, J., 2012. Recipes for correcting the impact of effective mesoscale resolution on
the estimation of extreme winds. Journal of Applied Meteorology and Climatology 51(3), 521-533.

Leadbetter, M.R., Lindgren, G., Rootzén, H. (1983), Extremes and Related Properties of Random Sequences and Processes. Springer.

Leadbetter, M. R. (1991). On a basis for Peaks over Threshold modeling. Statistics and Probability Letters 12(4), 357-362.

Ledford, A. W., Tawn, J. A. (1996). Statistics for near independence in multivariate extreme values. Biometrika 83(1), 169-187.

Ledford, A. W., Tawn, J. A. (1997). Modelling dependence within joint tail regions. Journal of the Royal Statistical Society: Series B
(Statistical Methodology) 59(2), 475-499.

Ledford, A. W., Tawn, J. A. (1998). Concomitant tail behaviour for extremes. Advances in applied Probability 30(1), 197-215.

Litvinova, S., Silvapulle, M. J. (2018). Bootstrapping tail statistics: tail quantile process, Hill estimator, and confidence intervals for high-
quantiles of heavy tailed distributions (No. 12/18). Monash University, Department of Econometrics and Business Statistics.

Litvinova, S., Silvapulle, M.J. (2020), Consistency of full-sample bootstrap for estimating high quantile, tail probability and tail index.
Preprint, ArXiv:2004.12639v1

Lorenz, E. N. (1969). The predictability of a flow which possesses many scales of motion. Tellus 21(3), 289-307.

Gerritsen, H. (2005). What happened in 19537 The Big Flood in the Netherlands in retrospect. Philosophical Transactions of the Royal
Society A: Mathematical, Physical and Engineering Sciences, 363(1831), 1271-1291.

25



610

615

620

625

630

635

640

645

https://doi.org/10.5194/egusphere-2024-912
Preprint. Discussion started: 27 May 2024 EG U
sphere

(© Author(s) 2024. CC BY 4.0 License.

Waterwet Bijlage II Normen voor dijktrajecten als bedoeld in artikel 2.2, eerste lid (signaleringswaarden). https://wetten.overheid.nl/
BWBR0025458/2023-07-01/#Bijlagell, Ministerie van Binnenlandse Zaken en Koninkrijksrelaties, Den Haag.

van Nieuwkoop, J., Baas, P., Caires, S., Groeneweg, J. (2015). On the consistency of the drag between air and water in meteorological,
hydrodynamic and wave models. Ocean Dynamics, 65, 989-1000.

Parkes, B., Demeritt, D. (2016). Defining the hundred year flood: A Bayesian approach for using historic data to reduce uncertainty in flood
frequency estimates. Journal of Hydrology 540, 1189-1208.

Pineau-Guillou, L., Ardhuin, F., Bouin, M. N., Redelsperger, J. L., Chapron, B., Bidlot, J. R., Quilfen, Y. (2018), Strong winds in a coupled
wave—atmosphere model during a North Atlantic storm event: Evaluation against observations. Quarterly Journal of the Royal Meteoro-
logical Society 144(711), 317-332.

Ramon, J., Lledd, L., Torralba, V., Soret, A., Doblas-Reyes, F. J. (2019). What global reanalysis best represents near-surface winds?. Quar-
terly Journal of the Royal Meteorological Society, 145(724), 3236-3251.

Reis Jr, D. S., Stedinger, J. R. (2005). Bayesian MCMC flood frequency analysis with historical information. Journal of Hydrology 313(1-2),
97-116.

Richter, D.H., Wainwright, C., Stern, D.P., Bryan, G.H. and Chavas, D. (2021). Potential low bias in high-wind drag coefficient inferred from
dropsonde data in hurricanes. Journal of the Atmospheric Sciences 78(7), 2339-2352.

Ridder, N., de Vries, H., Drijfhout, S., van den Brink, H., van Meijgaard, E., de Vries, H. (2018). Extreme storm surge modelling in the North
Sea: The role of the sea state, forcing frequency and spatial forcing resolution. Ocean Dynamics 68, 255-272.

Rootzén, H., Tajvidi, N. (2006). Multivariate generalized Pareto distributions. Bernoulli, 12(5), 917-930.

Roscoe, K.L. (2009). Assessment of the still water level 1/10,000 years return values. Report 1200103-041-HYE-0002, Deltares.

Seiler, C. (2019). A climatological assessment of intense extratropical cyclones from the potential vorticity perspective." Journal of Climate
328, 2369-2380.

Stepek, A., Savenije, M., van den Brink, H., Wijnant, I.L. (2015) Validation of KNW atlas with publicly available mast observations.
Technical Report TR-352, KNMI.

Sterl et al (2009). Sterl, A., van den Brink, H., de Vries, H., Haarsma, R. and van Meijgaard, E., 2009. An ensemble study of extreme storm
surge related water levels in the North Sea in a changing climate. Ocean Science 5(3), 369-378.

Sterl, A. (2019), Wind across land-water transitions: Application of an analytical model to numerical model output. Report TR-381, KNMI,
De Bilt.

Tessler, Z. D., Vorosmarty, C. J., Grossberg, M., Gladkova, 1., Aizenman, H., Syvitski, J. P., Foufoula-Georgiou, E. (2015). Profiling risk and
sustainability in coastal deltas of the world. Science, 349(6248), 638-643.

Tetzner, D., Thomas, E., Allen, C. (2019) A validation of ERAS reanalysis data in the Southern Antarctic Peninsula — Ellsworth Land region,
and its implications for ice core studies. Geosciences 9, 289.

de Valk, C. (2016), Approximation of high quantiles from intermediate quantiles. Extremes 19, 661-686.

de Valk, C. (2016). Approximation and estimation of very small probabilities of multivariate extreme events. Extremes 19, 687-717.

de Valk, C., Cai, J.J. (2018), A high quantile estimator based on the log-Generalised Weibull tail limit. Econometrics and Statistics 6,
107-128.

de Valk, C.F., van den Brink, H.W. (2023), Comparison of tail models and data for extreme value analysis of high tide water levels along the
Dutch coast. Report WR-23-01, KNMI, De Bilt.

26



650

655

660

665

https://doi.org/10.5194/egusphere-2024-912
Preprint. Discussion started: 27 May 2024 EG U
sphere

(© Author(s) 2024. CC BY 4.0 License.

de Valk, C.F,, van den Brink, H.W. (2023), Update van de statistiek van extreme zeewaterstand en wind op basis van meetgegevens en
modelsimulaties. Report TR-406, KNMI, De Bilt (in Dutch).

Wadsworth, J.L.., Tawn, J.A. 2013) A new representation for multivariate tail probabilities. Bernoulli 19(5B), 2689-2714.

Wang, J., Liu, Z., Foster, 1., Chang, W., Kettimuthu, R., Kotamarthi, V. R. (2021). Fast and accurate learned multiresolution dynamical
downscaling for precipitation. Geoscientific Model Development 14(10), 6355-6372.

Ward, P. J., Couasnon, A., Eilander, D., Haigh, I. D., Hendry, A., Muis, S., ... Wahl, T. (2018). Dependence between high sea-level and high
river discharge increases flood hazard in global deltas and estuaries. Environmental Research Letters, 13(8), 084012.

Wieringa, J., Rijkoort, P. J. (1983). Windklimaat van Nederland. Staatsuitgeverij, Den Haag.

Wijnant, LL., Marseille, G.J., Stoffelen, A., van den Brink, H.W., Stepek, A. (2015) Validation of KNW atlas with scatterometer winds.
Technical Report TR-353, KNMI.

Wijnant, LL., van Ulft, B., van Stratum, B. et al. (2019) The Dutch Offshore Wind Atlas (DOWA): description of the dataset. Technical
Report TR-380, KNMI.

Woodworth, P. L., Hunter, J. R., Marcos, M., Caldwell, P., Menéndez, M., Haigh, 1. (2016). Towards a global higher-frequency sea level
dataset. Geoscience Data Journal, 3(2), 50-59.

Wu, J. (1982), Wind-stress coefficients over sea surface from breeze to hurricane. JGR 87 C12, 9704-9706.

Zhang, E., Sun, Y. Q., Magnusson, L., Buizza, R., Lin, S.-J., Chen, J.-H., Emanuel, K. (2019) What is the predictability limit of midlatitude
weather? J. Atmos. Sci. 76, 1077-1091.

Zijl, F,, Laan, S. (2021) Impact golfkoppeling DCSM-FM. Memo 11206814-004-ZKS-0008, Deltares, Delft.

Zijl, F., Zijlker, T., Laan, S., Groenenboom, J. (2022) DCSM-FM 100m: a sixth-generation model for the NW European Shelf. Report
11208054-004-ZKS-0002, Deltares, Delft (https://publications.deltares.nl/11208054_004_0002.pdf).

Zweers, N. C., Makin, V. K., De Vries, J. W., Burgers, G. (2012). On the influence of changes in the drag relation on surface wind speeds

and storm surge forecasts. Natural hazards, 62, 207-219.

27



