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40  Abstract

41 The duration of observation at a site of interest is generally too low to reliably estimate
42  marine extremes. Regional frequency analysis (RFA), by exploiting the similarity between

43  sites, can help to reduce uncertainties inherent to local analyses. Extreme observations in a

44 homogeneous region are especially assumed to follow a common regional distribution, up to a
45  local index. The regional pooling method, by gathering observations from different sites into
46  aregional sample, can be employed to estimate the regional distribution. However, such a

47  procedure may be highly affected by intersite dependence in the regional sample. This paper
48  derives a theoretical model of intersite dependence, dedicated to the regional pooling method
49  ina “peaks over threshold” framework. This model expresses the tendency of sites to display
50 asimilar behavior during a storm generating extreme observations, by describing both the

51  storm propagation in the region and the storm intensity. The proposed model allows the

52  assessment of i) the regional effective duration of the regional sample and ii) different

53  regional hazards, e.g., return periods of storms. An application to the estimation of extreme
54  significant wave heights from the numerical sea-state database ANEMOC-2 is provided,

55  where different patterns of regional dependence are highlighted.

56  Keywords: regional frequency analysis, pooling, intersite dependence, extremes, significant

57  wave heights
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1  Introduction

The design of off-shore structures, or coastal protections preventing shoreline areas
from marine flooding, particularly requires an accurate estimation of the probability of
occurrence of extreme marine events (e.g., extreme storm surges or wave heights). High
return levels can be inferred through a local statistical analysis of extremes, from a time series
observed at a given site. However, a potential issue is the local duration of observation,
generally too low to accurately estimate return levels of interest. For example, wave records
from buoys are usually shorter than 20-30 years.

Regional frequency analysis (RFA) can help to reduce these uncertainties, by
exploiting the information shared by similar sites in a region. When based on the index-flood
method [Dalrymple, 1960], RFA assumes that extreme observations in a homogeneous region
follow a common regional probability distribution, up to a local index representing the local
specificities of each site.

A possible approach to estimate the parameters of the regional distribution is the
regional pooling method [Bernardara et al., 2011]. The principle is to pool the data
normalized by the local index in a single regional sample, the latter being used to fit the
regional distribution. This method is also referred to as the station-year method [Buishand,
1991] and illustrates the principle of “trading space for time”. However, it assumes intersite
independence [Cunnane, 1988; Madsen and Rosbjerg, 1997; Stewart et al., 1999], which
cannot be deemed realistic: indeed, for example, a storm is likely to generate dependent
extremes at different sites. Thus, Dales and Reed [1989] and Stewart et al. [1999] questioned
the relevance of regional pooling when intersite dependence is ignored, and showed its
approximate nature. Intersite dependence in regional pooling is actually closely related to the

concept of regional effective duration [Bernardara et al., 2011].
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The regional effective duration, denoted by Des, can be defined as the effective
duration of observation of the regional sample filtered of any intersite dependence. For
example, if the times series recorded in different sites from a given region are considered
independent, pooling data from 10 sites, each having 30 years of observation, is equivalent to
sample 300 years of “effective duration”. This is not the case in the presence of intersite
dependence. At the same time, the highest independent normalized observation in the region
is viewed as the largest in Dt years of record. It can be used to both reflect the relevance of
RFA to a local analysis and to estimate empirical regional return periods. However,
Kergadallan [2013] pointed out that one limitation of RFA is the difficulty to evaluate Deg.
As an illustration, most of regional pooling studies are based on a simplifying hypothesis. For
example, Hjalimarsom and Thomas [1992], Bernardara et al. [2011] and Bardet et al. [2011]
assumed Des as the sum of all the local durations, hence assuming intersite independency.
Dalrymple [1958] expressed that records cannot be expanded to yield an effective duration
equal to the sum of local durations. In this work, it is conversely assumed that D¢ can be
formulated as the typical local duration, implicitly considering perfect intersite dependence.
The actual value is likely to lie between these two extreme cases. A realistic estimation of Deg
requires a proper characterization of intersite dependence.

A consequence of intersite dependence is a loss of information [Reed, 1994]. For
example, when a storm impacts several sites, there is redundancy of information because
observed extremes stem from the same meteorological event. Several studies assessed the
effects of intersite dependence in the framework of RFA. For example, the effective size of
samples is reduced [Bayazit and On6z, 2004; Buishand, 1991; Kjeldsen and Rosbjerg, 2002;
Madsen and Rosbjerg, 1997; Rosbjerg and Madsen, 1996]. Castellarin et al. [2008] also
observed a decrease of the power of the homogeneity test proposed by Hosking and Wallis

[1993]. Stedinger [1983], Hosking and Wallis [1988] and Rosbjerg and Madsen [1996]
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showed that ignoring intersite dependence in RFA leads to an underestimation of the variance
of return levels estimates. When at-site distributions are the main interest, Smith [1990]
suggests to initially ignore intersite dependence and then correcting a posteriori the regional
variance.

A simple way to take into account intersite dependence is to remove it. Some authors
proposed its filtering through a spatial declustering procedure, where events impacting several
sites are counted only once. To estimate extreme surges with RFA, Bernardara et al. [2011]
and Bardet et al. [2011] formed the regional sample with the highest observations among
extremes occurring within 72 hours in the study area. However, the major disadvantage of
such an approach is a significant loss of information on the spatial dynamics of extremes
generated by a single storm. Moreover, this approach does not introduce any technique to
estimate Des .

Intersite dependence can also be modeled. Cooley et al. [2012] and Bernard et al.
[2013] deplored the lack of an explicit modeling of intersite dependence for RFA.
Nevertheless, Renard and Lang [2007] and Renard [2011] represented the dependence of
extreme rainfalls at different sites with elliptical copulas. Extremes at two different sites were
also regionally modeled by Buishand [1984], through bivariate extreme value theory. An
alternative approach, dedicated to annual maxima, was proposed by Dales and Reed [1989]; it
links distributions of the regional maximum and the typical regional data through an effective
number of independent sites.

Most of the papers cited above analyzed series of annual maxima. Yet, an alternative
way is to consider exceedances over a high threshold with the “peaks over threshold” (POT)
method [Davison and Smith, 1990]. Its superiority over methods based on annual maxima, for
both local and regional estimation of extremes, was demonstrated by Madsen et al. [1997a],

Madsen et al. [1997b] and Arns et al. [2013]. Besides, the POT framework is more physically
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appealing to handle intersite dependence. For annual maxima, this one is characterized on a
yearly basis, and may thus be difficult to interpret: for example, series of annual maxima
observed at two distinct sites can be highly statistically correlated, without necessarily being
caused by the same meteorological phenomena. Conversely, the POT framework allows
reasoning at the scale of the physical event, provided that the concurrence of observations at
different sites can be carefully defined [Mikkelsen et al., 1996; Stewart et al., 1999]. In
particular, storms generating extreme observations offer an intuitive framework to deal with
intersite dependence in a POT approach. Weiss et al. [2014] characterized storms through the
gathering of extremes neighbors in space and time, and described a procedure to detect them
in the context of marine extremes. These storms allow to naturally define the concurrence of
observations at the scale of the physical event.

Thus, very few studies addressed the issue of intersite dependence for RFA ina POT
framework. Roth et al. [2012] used the model of Dales and Reed [1989] by grouping POT
data into seasonal blocks. It can be argued, that defining the concurrence of observations
through a wide temporal block (the season) may result in a loss of information on both the
spatial coverage and the intensity of the physical events generating extremes. Mikkelsen et al.
[1996], Rosbjerg and Madsen [1996], Madsen and Rosbjerg [1998] and Madsen et al. [2002]
proposed regional regression models, which are not based on the index-flood procedure used
in this paper. Similar to geostatistics, their models explicitly account for intersite correlation,
where the concurrence of observations is defined through the overlap of POT data in a short
time window. Madsen and Rosbjerg [1997] corrected the variance of the regional distribution
parameters with an effective number of independent sites, based on a regional average
correlation coefficient. However, in the latter references, although the concurrence of
observations is defined in a physically appealing way, only the pairwise dependence is

modeled. Moving towards a more global model of intersite dependence indicating, for
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example, the tendency of sites in a region to behave similarly during a storm, would help to
characterize different regional hazards.

The estimation of extreme events by RFA allows to tackle the open question of the
difference between regional and local return period. In particular, note that to estimate the
return period of a storm affecting a given area, synoptic variables are usually defined first.
Della-Marta and Pinto [2009] characterized a storm by the minimum central pressure and the
maximum vorticity reached during its track; Pinto et al. [2012] used the wind speed
maximum; a more general spatial index, reflecting both the magnitude and the spatial extent,
was defined by Della-Marta et al. [2009], who then estimated the return period from these
synoptic variables. By construction, such an estimate corresponds to a “regional” return
period, namely the return period of a storm which can occur anywhere in the study area.
However, for practical applications (e.g., protection design), a local return period must be
estimated. For example, it is clear that a storm whose regional return period is 50 years will
not generate everywhere in the area wave heights (or storm surges) corresponding to a 50-
year return period. In particular, the link between the regional return period of a storm and the
return period of a given observed variable generated by the storm at a particular location
remains unknown. Note that Della-Marta et al. [2009] showed that regional return periods
share up to about half of the variability of the local return periods. In this study, we will show
how a proper treatment of intersite dependence can help to describe the relation between the
regional and the local return period of a storm.

The objective of this paper is to develop a global model of intersite dependence for
RFA, specifically dedicated to the regional pooling method and POT data, by reasoning at the
storm scale. Distributions of the regional storm maximum and the typical regional storm data

are linked through a function of regional dependence, describing both the propagation of



186  storms and their regional intensity. The proposed model allows the derivation of different

187  regional hazards and the regional effective duration.

188 The model of regional dependence is developed in section 2, including its implications
189  on the regional pooling method (section 2.4). An application to the estimation of extreme

190  significant wave heights from the numerical database ANEMOC-2 is shown in section 3.

191 2 Methodology

192 2.1 Extraction of storms

193 To characterize the intersite dependence, it is first necessary to define the simultaneity
194  of observations in space. If data are sampled every hour, the reference for simultaneity can be,
195  for example, the hourly scale. However, as extreme oceano-meteorological conditions can last
196  from several hours to several days, the temporal dimension should be added to describe the
197  spatial dependence. In this paper, the scale of the physical events generating marine extremes
198  (storms) is taken as the reference to define the simultaneity of observations in space.

199 A storm is thus directly characterized through the variable of interest (e.g., wave

200  height or storm surge), being defined as a physical event generating marine extremes in at
201 least one site in the study area. In the literature, the tracking of storms often relies on a nearest-

202  neighbor search in space and time [e.g., Leckebusch et al., 2008; Renggli et al., 2010]. A spatio-

203  temporal declustering procedure is thus employed to detect storms and to reflect their

204  propagation in space and time. In particular, extremes neighbors in space and time are

205  supposed to stem from the same storm. The storm extraction algorithm in the context of

206  marine extremes is described in Weiss et al. [2014], trying to reproduce at best the physical
207  dynamics of the storms, while taking into account the spatio-temporal resolution of

208  observations. Moreover, a “double-threshold” approach is employed to separate physical

209  considerations from statistical ones [Bernardara et al., 2014].
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At a given site, the impact of a storm is characterized by observations exceeding the

“physical threshold” gy, defined as the p-quantile of the initial time series, with p close to 1. In
order to get independent data at site scale, only the peak value W/ is retained to summarize

the storm s at site i (which implies that all other extremes occurring during that storm are
discarded).

Only the most intense storm events are now considered for statistical aspects. New
thresholds, denoted u and higher than the quantiles qp, are selected corresponding to the

occurrence of 1 storms per year on average at each site. In particular, if d; years of data are
available at site i, the n; = Ad; highest W, are retained to form the ni-sample X !. The
“statistical threshold” u;, exceeded on average A times per year, is then defined as the smallest
observation from X! (minus an infinitesimal quantity). Storms are then statistically redefined:

if site i was impacted by storm s, it is from now on impacted by s if and only if u; is exceeded.

2.2 Regional frequency analysis

Extreme events are estimated in this paper from exceedances over a high threshold.
According to Pickands [1975], the Generalized Pareto Distribution (GPD) represents the
natural distribution for such exceedances. For ease of notation, the index s denoting the storm
is omitted in this section. For site i, let u; be the storm threshold which is exceeded on average
2 times per year. The ni-sample X', denoting the exceedances of u;, is assumed to be drawn
from a GPD: X' ~ GPD(uj, o, ki), where o; > 0 and k; are, respectively, a scale and a shape

parameter. In particular, the p-quantile of X' is:

U=k 1-@Q=p) ), Kk, # 0
X —
{ui —a;log(1-p), k,= 0 (1)
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The right tail of the GPD is bounded when ki < 0, and unbounded when k;> 0. The T-year

return level, i.e., the value exceeded on average once every T years, is given by Xli—:l//lT

[Rosbjerg, 1985].

A homogeneity hypothesis is required for RFA based on the index-flood method.
Observations from sites coming from a homogeneous region are supposed to follow the same
regional probability distribution, up to a local index representing the local specificities of a
site. In this paper, homogeneous regions are formed following Weiss et al. [2014], where
typical storm footprints are identified with a clustering algorithm based on a criterion of storm
propagation. In particular, sites from a given region are likely to be impacted by the same
storms, and any storm impacting a region is likely to remain enclosed in this region.

For a homogenous region of N sites, let x; be the local index of the sitei=1,...,N. The
normalized variable Y = X'/ 14; is supposed to be independent of i, with cumulative distribution
function (c.d.f.) F,. Roth et al. [2012] showed that dealing with exceedances over a high
threshold necessarily implies that the local index has to be a multiple of this threshold. Here,
as in Roth et al. [2012] and Weiss et al. [2014], x; is therefore chosen as the threshold u;. This
implies that Y ~ GPD(1, y, k), where: i) the regional scale parameter satisfies y = «; / uj and ii)
the shape parameter k; =k is constant over the region. From these relationships, X' ~ GPD(u;,

yui, K). For site i, the T-year return level is obtained by multiplying the regional T-year return
level by the local index: X; ;1 =U;Yy 4,7 -

The two regional parameters (y, k) can be estimated with the regional pooling method.
However, as sites in a region are likely to be impacted by the same storms, a strong intersite
dependence is expected. If ignored, this may affect the estimation process. Thus, this
dependence is firstly modeled as outlined in section 2.3, before the regional pooling method is

described in section 2.4.
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2.3 Modeling of regional dependence

2.3.1 Notations

Let A, be the mean annual number of storms in the region and z; the Bernoulli variable
which is 1 if storm s impacts site i and 0 otherwise. When storm s impacts site i, the observed

normalized extreme with c.d.f. F, is denoted by Y. = X! /u;,. Note that Ysiz 1. The storm s can
be summarized in the region by the multivariate random variable #, = (4%.....5 ) , where

ni =Ydz!. The storm regional maximum is then defined as M = max .. As at least one site
i=1,..,N

is impacted by the storms, M s> 1.

2.3.2 Distribution of the storm regional maximum

First, note that due to the statistical redefinition of storms at the end of section 2.1, Z!
takes the value 1 with probability 4/ 4;, independently of i. Moreover, by the regional

homogeneity hypothesis from section 2.2, the distribution of #! does not depend on i:

Wx =1, P(n, >x)=P(Zy =1)P(y, >x|Z; =1) = %(1— F. (X)) @)

For x > 1, the distribution of M s can be obtained through the following decomposition:
N-1
_ i _ i i N
P(M, > =P(max ns > )= ZP(ps>x. mex 1l <0 +P('>x) (g
Now, as the distribution of 7! is independent of i:
P(M, >x)=P(y} > )[L+ 2P( max ) <x|z} > )] @
i=1 j=i+l,., N

From (2), this leads to:

A
P(M, >x) = P(r; > x)p() = (L - F (9) - 0(x) (5)

where
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N-1

p(x) =1+ ZP( max ! <x|s >x), x =1 (6)

i=1 j=itl,.,

The distribution of M can be thus written in terms of the regional distribution F, and ¢.

2.3.3 Characterization of the regional dependence

The function ¢ reflects the regional dependence. Situations of independence and
perfect dependence, illustrating extreme cases of dependence, can be reinterpreted through
equation (6) with x = 1. In particular, the region is regional-independent (r —1.) if and only if
@ = N; in that case, a storm impacts only one site in the region, whatever its intensity.
Conversely, the region is perfectly regional-dependent (p—rd) if and only if ¢ = 1; a storm
impacts every site in the region and, whatever its intensity, the generated (normalized)
extremes vary the same way. Between these two extremal situations, ¢ takes values between 1
and N.

By construction, ¢ relates both the storm propagation in the region and the storm
intensity. It expresses the tendency of sites to display a similar behavior during a storm. The
regional dependence is stronger when ¢ is small, hence indicating that most of the sites are
impacted by a storm, and are likely to react the same way in terms of normalized extremes.

¢ is influenced by the number N of sites in the region. In order to compare ¢ between
different regions, the effect of N can be removed through the following adimensional

function:

N —¢(x)

d(x) = N_1

X =1 (7)

where @, lying between 0 and 1, is near to 1 when regional dependence is strong.
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2.3.4 Assessment of regional hazards

A regional hazard is an event occurring at the regional scale, whose probabilistic
description is related to collective risk assessment. The following examples of regional
hazards are expressed in terms of the function of regional dependence ¢.

A first example is the mean number f(x) of impacted sites with normalized intensity

larger than x > 1 when the storm regional maximum is larger than x:

N
ﬁxm:ﬂgaﬁmﬂl (8)
From equation (5):

P(r;>x) _ N
P(Ms>%)  o(X) ©)

Bs(x) = NP(y¢ > x|M >x) =N

In particular, the mean number of impacted sites during any storm is given by £s(1) = N / ¢(1).
Note that this is coherent with the definitions of regional-independence and perfect regional-
dependence.

Another example is the evaluation of the regional return period of a particular storm,
and how it is related to its local return period. Let s be a given storm, and denote by x> 1 its
corresponding normalized intensity. The regional return period of s, T,, is defined as the
average time between storms impacting at least one site in the region with a normalized

intensity greater than x, i.e.:

1

T =

"7 P(M, >X) (10)
The local return period of s, T, is defined as the average time between storms

impacting a given site in the region with a normalized intensity greater than x:

1

T=70-F. ) (11)

From (5), Trand T are related through:



306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

=m0 (12)

2.4 Regional pooling method

2.4.1 Construction of the regional sample

The regional pooling method is used to estimate the regional distribution F.. However,
due to the presence of intersite dependence, events impacting several sites must be counted
only once. Storms presented in section 2.1 are a convenient way to filter intersite dependence,
as each storm describes the regional footprint of a particular event generating extremes.

In particular, the distribution of the storm regional maximum Ms is now assumed to be
the same as the regional distribution F. This assumption was implicitly made in Bernardara
et al. [2011] and Bardet et al. [2011], where the regional distribution was estimated from the
highest normalized surges occurred within 72 hours in the region. In other words, the
distribution of the maximum of a regional cluster is identical to the distribution of a generic
element of this cluster. The same assumption is often made in a POT time series framework,
as explained by Anderson in the discussion of the paper by Davison and Smith [1990]: “this
apparent paradox is a consequence of length-biased sampling: a randomly chosen
exceedance has a disproportionate chance of coming from a large cluster, and in large
clusters there tend to be large excesses.” However, in practice, the validity of this assumption
must be verified. For example, the two-sample Anderson-Darling test [Scholz and Stephens,
1987] can be performed at each site i to evaluate the null hypothesis that Y and Ms have the
same distribution.

If n, independent storms are observed in the region, the regional sample is thus formed
by the n-sample of storm regional maxima M, and corresponds to Des years of regional

effective duration.
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The assumption that the storm regional maximum Ms is the same as the regional
distribution F, depends on the data at hand. When this hypothesis is not verified, the
following alternative strategies nevertheless allow to perform a RFA:

i) Remove sites of which Anderson-Darling p-values are too low (for example, lower
than 0.01) to accept this hypothesis. The application of the model of regional
dependence and the estimation of F, can then be performed on the remaining sites.

i) Form the regional sample with random (normalized) observations from each storm,
instead of using the storm regional maxima Ms. F, can still be estimated by pooling,
directly from this new regional sample. However, the simplified model of
dependence (section 2.4.3) is not valid anymore, as ¢ is not a constant function. It
would be possible to update equation (14) by letting the regional effective duration
depend on regional quantiles.

iii) Use another method to perform the RFA, e.g., the regional L-moments method of
Hosking and Wallis [1997]. The model of regional dependence developed in this

paper, dedicated to the pooling method, does not apply anymore in this case.

2.4.2 Estimation of the regional distribution F;.

The two regional parameters (y, k), see section 2.2, are estimated from the regional
sample. Penalized maximum likelihood estimation (PMLE) [Coles and Dixon, 1999] is used
in this study. The principle is to combine the efficiency of maximum likelihood estimators for
large sample sizes and the reliability of the probability weighted moment estimators for small
sample sizes. In particular, high estimates of the shape parameter k are penalized. PMLE is
implemented in the function fitgpd of the POT package [Ribatet, 2007], in the statistical
computing environment R (R Development Core Team, 2013). Uncertainties on estimates of
(y, k) are here assessed with a bootstrap procedure: 10,000 replications of the (y, k) values are

obtained with PMLE from resamples of the regional sample.
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2.4.3 Simplification of the model of regional dependence

The regional pooling method presented in this paper assumes that the distribution of
the storm regional maximum Mg is the same as the regional distribution F,. The model of
regional dependence in section 2.3 can thus be simplified. Indeed, from (5), this assumption

implies that ¢ becomes a constant function:

Vx =1, P(Mg > x) =1-F,(x) < o(x) =%r (13)

As ¢ is constant, the way sites react during a storm does not depend on the intensity of the
storm. Similarly, Dales and Reed [1989] applied their model to rainfall annual maxima and
observed that the effective number of sites, summarizing the spatial dependence, did not seem

to depend on a particular regional intensity.

2.4.4 The regional effective duration Des

The pooling procedure yields Des; years of regional effective duration. De is closely
related to the degree of regional dependence; in particular, D is expected to be low when
regional dependence is strong.

First, the two simplistic situations of regional dependence (section 2.3.3) are
considered. Let d = Yd; / N be the mean local duration, where d; is the local duration of
observation at site i and N is the number of sites in the region. If the region is r — 1., a storm
impacts only one site in the region. In that case, each observation from any site brings new
information, and Deg can be written as the sum of all the local durations: Dy = Nd .
Conversely, if the region is p—rd, a storm impacts every site in the region. Here, the typical
local duration of one site constitutes Deg, as the information from other sites is purely
redundant. This can be reflected by taking, for example, D¢ as the mean local duration: Deg =

d . It is now assumed that, between these two extremal cases, Des can be more realistically

expressed by:



376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

Dert =g d (14)

where ¢, lying between 1 and N, is the degree of regional dependence. Note that the situations
of p—rd and r — 1L are respectively obtained for ¢ = 1 and ¢ = N. From equation (13), stating
that ¢ = A,/ J, its theoretical value is Degt = A d / /.

The mean annual number of storms in the region /. can be naturally estimated by n; /

d , where n,is the number of observed storms. An estimate of D¢ is then:

Dot =~ (15)
Let n,¢be the number of observed storms during year t = ty,...,t, in the region, where t; and t,
indicate the first and the last year of observation in the region, respectively. The overall
number of observed storms n, is obtained by summing the n for t = ty,...,t,. By assuming that
the n,; are independent and identically distributed with common mean A, and standard
deviation oy, the central limit theorem followed by the Slutsky’s lemma allow to derive new

confidence intervals for Des :

6,4t . 6T

[Dett — 2102 o Dett T2rap —r,l ] (16)

where z, ,, is the quantile of order 1—a/2 of the standard normal distribution, &, is the
empirical standard deviation of the n,; and z is the number of years of observation in the
region.

Note that (15) can be used even if periods of observations are different, and in the

presence of missing data. This formula also guarantees that D, = max d;, coherently with
i=1,...N

what might be expected from the regional effective duration. Besides, it reflects the
importance to extract storms such that their mean annual occurrence A at the local scale is

common to all sites.
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As F; is estimated from Des years of pooled data, the underlying principle is that any
site in the region can be indifferently impacted by a given storm. Parenthetically, with no
preferential storm track in the region, the regional pooling method is coherent with the
identification of storms footprints to form homogeneous regions. In particular, the regional
sample illustrates that, for a generic site, 1 storms per year, on average, were observed during
Dest years. Dei; thus helps to reflect the relevance of RFA to a local analysis. Indeed, pooling
enables to estimate extreme events at site i from D¢ years of data, compared to d; years for a

local analysis.

2.4.5 Evaluation of storm return periods

The regional pooling method allows to distinguish between local and regional return
periods of normalized storm events (see section 2.3.4 for the corresponding definitions), both
at the empirical and theoretical levels. Let s be a given storm from the regional sample, and

denote by x its corresponding normalized intensity.

Using the Weibull plotting position, its empirical local return period fs,mc is:

- Doy +1

T, =
sloe ™ n+1—rank(s) (17)

where rank(s) denotes the rank of s in the regional sample. For example, if s is the most

intense storm observed in the regional sample, then fs is about D years. Besides, the

Jloc
theoretical local return period T, Of s is given by equation (11). We recall that T ..

corresponds to the theoretical return period of storm s at site scale (i.e., at any site of the

region). Using (12) and (13), the theoretical regional return period fs,mg is given by:

— A=
Ts,reg = ZTSJOC (18)
The empirical regional return period fs,reg is linked with T:,,loc through a similar relation.
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3 Application
3.1 Data used

ANEMOC-2 (Atlas Numérique d’Etats de Mer Océaniques et Cotiers - Numerical
Atlas of Oceanic and Coastal Sea states) is a numerical sea-state hindcast database covering
the Atlantic Ocean over the period 1979-2009 (31 years). It has been developed at Saint-
Venant Laboratory for Hydraulics and EDF R&D LNHE [Laugel, 2013]. The simulations of
wave conditions have been carried out with the third-generation spectral wave model
TOMAWAC [Benoit et al., 1996] forced by wind fields from the CFSR reanalysis database
[Saha et al., 2010].

The spatial resolution of the so-called “oceanic mesh” of ANEMOC-2 ranges from
about 120 km over the Northern part of the Atlantic Ocean down to about 20 km along the
European coast and 10 km along the French coast. Note this grid is supplemented by a
“coastal mesh” whose resolution is finer on the continental shelf, in the Channel and along the
French coast. For the present study, however, only data from the oceanic mesh is used, and
only a subset of 1847 nodes amongst the 13426 nodes of the full oceanic mesh is selected, at
locations plotted in Figure 1.

Among the wave parameters available with an hourly resolution in ANEMOC-2, we
consider here the significant wave height, denoted Hs, which is usually the preferred
parameter to summarize sea state intensity. TOMAWAC computes this wave height from the
zero-order moment of the wave spectrum. Hourly series of significant wave heights Hs over
the period 1979-2009 are thus extracted for the 1847 selected sites. The objective here is to
apply the proposed methodology i) to characterize the regional dependence over this area and

i) to estimate extreme Hs by the regional pooling method.
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3.2 Preparation of data for RFA

More details for this section may be found in Weiss et al. [2014], where the same
dataset was used.

The physical extraction of storms generating extreme Hs, described in the beginning of
section 2.1 with p = 0.995, leads to 5939 storms. Weiss et al. [2014] performed a sensitivity
analysis and found that storms are properly detected when p = 0.995. A quick analysis reveals
that, on average: i) there are 192 storms per year in the study area, ii) a storm impacts 38 sites
and iii) a storm lasts 12.5 hours at site scale. These storms serve to form physically
homogeneous regions, by detecting the most typical storms footprints in the study area. The
footprints of the storms of 15-18 February 1986, 11-13 December 1990 and 23-24 January
2009 (Klaus) are shown in Figure 2.

Storms are then statistically redefined, following the methodology presented in section
2.1. In particular, 2 = 1 storm per year are now observed, on average, at each site; 1340 storms
are thus retained among the 5939 initial ones. Site i is therefore characterized by the sample
of Hs over the threshold u;j exceeded on average once per year; the sample size is 31, as 31
years of data are available. These thresholds, represented in Figure 3, are also the local indices
used for RFA (section 2.2). These storms serve to i) check the statistical homogeneity of the
physically homogeneous regions, ii) deal with regional dependence and iii) estimate extreme
events with the regional pooling method.

RFA can thus be performed on each of the six homogeneous regions delineated in

Weiss et al. [2014], see Figure 4.

3.3 Regional pooling method

For each of the six regions, the regional sample is constructed by pooling the observed
normalized storm regional maxima, following section 2.4.1. To check whether the storm

regional maxima are sampled from the regional distribution F, the two-sample Anderson-
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Darling test is performed. The p-values for the null hypothesis that Y. and Ms have the same

distribution, for each site i from a given region, are higher than 0.01 for 95% of all sites.
Therefore, it may be reasonably assumed that i) the model of regional dependence can be

simplified and ii) F; can be estimated from the regional sample.

3.3.1 Measures of regional dependence

For each region, Table 1 provides some measures of regional dependence defined in
sections 2.3.3, 2.3.4 and 2.4.4. Note that there are no missing values in ANEMOC-2 data, and
periods of observations are the same for all sites (with a common local duration of d = 31
years).

Storms are, respectively, most and least most frequent in regions 2 and 6, with 25.2
and 2.7 storms per year on average. This is explained here by their size: regions 2 and 6 are,
respectively, the largest and the smallest in terms of the number of sites. To compare the
degree of regional dependence between regions, this size effect can be removed through the
adimensional function @ defined in equation (7). The regional dependence is thus the
strongest in region 5, meaning that sites in this region tend to behave highly similarly during a
storm: a large proportion of them are impacted, and the normalized extremes are likely to vary
the same way. Conversely, the regional dependence is the weakest in region 2. This can be
precised by considering the mean number f5(1) of impacted sites during a storm, see equation
(9). Indeed, on average, a storm in region 2 only impacts 18.9 sites (4% of the region),
whereas a storm in region 5 impacts 56.6 sites (24% of the region).

The regional effective duration Des and its corresponding 95% confidence interval are
estimated following equations (15) and (16). For example, pooling data from the 234 sites of
region 5 enables to get a regional sample with D¢ = 128 years of independent observations.
Note that taking into account the regional dependence considerably reduces what would be

obtained under the assumption of intersite independence (in that case, Det = Nd = 7254 years).



488 Figure 5 shows the evolution of the regional return period T, against the local return
489  period T for each region, see equation (12). Note that curves for regions 3 and 4 are very close
490 to each other, giving the impression of being superimposed. The simplified model of regional
491  dependence implies that T, and T are linearly related. For fixed T, T, is, respectively, the

492  lowest and the highest in regions 2 and 6. For example, Table 1 gives 100, i.e., T,

493  corresponding to T = 100 years. 100, = 3.964 years in region 2: about every four years on
494  average, a storm in this region causes at least one local 100-year event. Besides, although
495  region 1 is much larger that region 3, note that their 100, estimates are similar (about 10

496  years). If intersite dependence was assumed, then this quantity would have been, in

497  proportion, much higher in region 3 than in region 1. However, the compensation is due to a
498  stronger regional dependence in region 1. Thus, modeling the regional dependence allows a

499  more realistic assessment of regional hazards.

500 3.3.2 Estimation of extreme Hs

501 For each of the six homogeneous regions, the regional GPD parameters (y, k) are

502  estimated following the procedure outlined in section 2.4.2. These quantities are given in
503  Table 2, as well as the 100-year regional return level yog9. The shape parameter Kk is positive
504  (corresponding to an unbounded GPD) in regions 1, 4 and 6, suggesting a higher intensity of
505  extreme Hs. The return level plots for each of the six regional distributions, together with the
506  95% confidence intervals obtained by bootstrap, are given in Figure 6. Note that the plotting
507  position depending on the regional effective duration (equation (17)) is used to represent
508  observations from the regional sample, hence allowing the estimation of empirical return
509  periods (see section 3.3.3 for an application to the most intense storms observed).

510 At-site return levels are obtained by multiplying regional return levels by the local
511 indices. Figure 7 shows the map of the estimated at-site 100-year Hs. Estimates for coastal

512  areas are not shown because, as mentioned in section 3.1, the present analysis uses data from
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the oceanic model of ANEMOC-2, whose resolution is not sufficient for these coastal areas
and which includes only parts of the shallow-water effects. In a follow-up of this study, data
from the coastal model may improve the simulated sea states in coastal areas. One can note on
Figure 7 that 100-year Hs estimates display a coherent spatial pattern, with lower values near
the West European coasts. The highest return levels are obtained for sites located in the north-
central part of the study area (up to 29.65 m). Note that these estimates are comparable to
those from Caires and Sterl [2005] and Weiss et al. [2014].

Compared to a local statistical analysis, the regional pooling method can help to
reduce uncertainties in the estimation of extreme events, at a given site. Indeed, extrapolations
from a local analysis would be based here on d = 31 years of observations; the regional

pooling makes available D¢ > d years of data for any site.

3.3.3 Return periods of the most intense storms observed

From the numeric database ANEMOC-2, storms with the highest normalized intensity
were observed on February 1986, February 1979, December 1990, February 1988, December
1989 and January 2009, respectively in region 1, 2, 3, 4, 5 and 6. Figure 2 displays these
storms which occurred in regions 1, 3 and 6.

As an application of section 2.4.5, return periods of these storms are provided in Table

3, both at the local and regional scales (empirical and theoretical). For example, in region 3,

the empirical local return period -i:s,loc of the storm of 11-13 December 1990 is estimated at

280 years. Its theoretical counterpart is quite close (T .= 367 years), as indicated by the
return level plot for this region (Figure 6). As such a storm was observed only once in 31
years of observations in this region, its empirical regional return period fs’reg is logically

estimated at 31 years. From equation (18), the model of regional dependence predicts a

theoretical regional return period 'ITS’reg of 41 years.
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4  Conclusions

By exploiting the information shared by statistically similar sites, regional frequency
analysis (RFA) can reduce uncertainties in the estimations of high return levels, when at-site
durations of observations are short. It is assumed that, in a homogeneous region, extreme
observations follow a common regional probability distribution, up to a local index
representing the local specificities of a site.

The method of regional pooling is employed in this paper, where normalized
observations from different sites are gathered into a regional sample to estimate the regional
distribution. In particular, this pooling procedure allows to define Dt years of regional
effective duration. De is actually closely related to the degree of intersite dependence: for
example, D¢ is expected to be low when the dependence is strong. Intersite independence is a
usual assumption in the literature and practice, although unrealistic: a storm is likely to
generate dependent extremes at different sites. We have therefore proposed a theoretical
frame to model intersite dependence for the regional pooling method.

Storms are here identified by detecting physical events generating extremes in at least
one site in the study area; their spatio-temporal propagation is taken into account through the
gathering of extremes neighbors in space and time. Storms allow to naturally define the
concurrence of observations at the scale of the physical event, hence enabling to perform a
RFA within a “peaks over threshold” framework. These storms represent a convenient way to
describe regional dependence. In particular, they are the basis to i) construct the regional
sample, by filtering the redundancy of information and ii) model the regional dependence.

The distribution of the storm regional maximum is linked to the regional distribution
through a function of regional dependence. This function, describing both the storm
propagation in the region and the storm intensity, expresses the tendency of sites to display a

similar behavior during a storm. The proposed model allows i) a proper evaluation of D¢ and
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ii) the assessment of different regional hazards: for example, the mean number of impacted
sites during a storm, or return periods of storms both at the local and regional scales can be
theoretically derived.

An application to significant wave heights from the numerical sea-state database
ANEMOC-2 has been provided to demonstrate the capabilities of the model. Six
homogeneous regions, corresponding to the most typical storms footprints were delineated in
the North-East part of the Atlantic Ocean. Different patterns of regional dependence have
been characterized in this area, before applying the regional pooling method to estimate
extreme significant wave heights.

Although the proposed example considers significant wave heights, the method can
easily be applied to other marine variables. Indeed, it is variable-oriented, in the sense that
storms are specifically defined through to the variable of interest only. Moreover, Dt can also
be estimated when periods of observations are not the same for all sites, and/or in the
presence of missing values. Future works could, for example, apply the proposed model to
other marine hazards (e.g., storm surges) to compare how regional dependence manifests

compared to significant wave heights.
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7 Table captions

Table 1. Measures of regional dependence for each region (with the number of sites N
indicated between parentheses): A; is the mean annual number of storms in the region, @ is

the adimensional function of regional dependence, fs(1) is the mean number of impacted
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sites during a storm, 100, is the regional return period (in years) of the storm causing at
least one local 100-year event (equation (12) with T = 100) and Des is the regional
effective duration (in years, along with the 95% confidence interval).

Table 2. Parameters of the regional distribution: y (GPD scale parameter), k (GPD
shape parameter), yo.g9 (100-year regional return level).

Table 3. Return periods (in years) of the storms with the highest normalized intensity

T. 100, Toreq and T, ., are respectively the empirical local

observed in each region: T slocs Tsireg s reg

Joc
return period, the theoretical local return period, the empirical regional return period and

the theoretical regional return period.

Figure captions

Figure 1. Location of the 1847 sites extracted from the oceanic mesh of the ANEMOC-2
sea-state database.

Figure 2. Footprints of the storms of a) 15-18 February 1986, b) 11-13 December 1990
and c¢) 23-24 January 2009 (Klaus), where red dots indicate the impacted sites.

Figure 3. Map of threshold values of Hs exceeded on average once per year (m).

Figure 4. Division into six homogeneous regions.

Figure 5. Regional return period T, against the local return period T for each region, as
defined in equation (12). Curves for regions 3 and 4 are superimposed.

Figure 6. Return level plots of the regional distributions (crosses represent observations
from each regional sample), together with the 95% confidence intervals obtained by
bootstrap.

Figure 7. Map of estimated 100-year Hs (m).
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Figure 1. Location of the 1847 sites extracted from the oceanic mesh of the ANEMOC-2 sea-state

database.

Figure 2. Footprints of the storms of a) 15-18 February 1986, b) 11-13 December 1990 and c) 23-24

January 2009 (Klaus), where red dots indicate the impacted sites.
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Figure 3. Map of threshold values of Hs exceeded on average once per year (m).
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Figure 4. Division into six homogeneous regions.
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Figure 5. Regional return period T, against the local return period T for each region, as

defined in equation (12). Curves for regions 3 and 4 are superimposed.
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Figure 6. Return level plots of the regional distributions (crosses represent observations
from each regional sample), together with the 95% confidence intervals obtained by

bootstrap.
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Map of estimated 100-year Hs (m).
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