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Abstract Regional frequency analysis (RFA) can reduce uncertainties in the estimations of return levels,
provided that homogeneous regions can be delineated. In the framework of extreme marine events, a
physically based method to form homogeneous regions by identifying typical storms footprints is proposed.
First, a spatiotemporal declustering procedure is employed to detect storms generating marine extremes.
Second, the identification of the most typical storms footprints relies on a clustering algorithm based on a
criterion of storm propagation. The resulting regions are readily explicable: 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. This procedure is fairly simple to implement, as the only information required is the time of
occurrence of the observed extremes. An application to the estimation of extreme significant wave heights
from the numerical sea-state database ANEMOC-2 is given. Six regions, both physically and statistically
homogeneous, are delineated in the North-East part of the Atlantic Ocean. It is shown that the identification
of storms footprints allows the increase of the overall statistical homogeneity. Combined with RFA, the pro-
posed method highlights regional differences in the spatial extent and intensity of storms.

1. Introduction

Coastal engineering inevitably deals with extreme marine hazards. For instance, the design of effective
coastal protections needs accurate estimations of extreme quantiles of sea levels or wave heights. These
quantities are traditionally obtained by a local statistical analysis, from a time series observed at a given site.
However, local durations of observations may be too low to accurately estimate return levels.

If data from several sites of observations are available, some methods exist to reduce these uncertainties.
For example, the parameters of the distribution of extremes can be assumed to smoothly vary in space,
through a latent spatial process [Casson and Coles, 1999; Davison et al., 2012]. Another possible way is to
perform a regional frequency analysis (RFA) based on the index flood method popularized by Dalrymple
[1960]. The main idea is to exploit the information from similar sites in a region, by assuming a common
extremal behavior in the region. In particular, RFA assumes that observations from sites coming from a
homogeneous region follow the same regional probability distribution, up to a local index representing the
local specificities of a site.

In particular, the step of grouping sites into regions is essential, as it defines how the regional information is
exploited and thus can deeply influence the final results. Several hydrological studies considered this ques-
tion, which remains open. Sites can be grouped according to their geographical proximity. For instance,
Beable and McKerchar [1982] divided New Zealand into nine administrative regions to estimate floods. A
proper understanding of the mechanisms generating the variable of interest can also lead to physically
homogeneous regions. To study streamflows in Ontario and Quebec, Gingras et al. [1994] pooled sites
according to the time of year when extreme floods are usually observed. Unsupervised learning methods
are also useful to group sites according to their similarities. For instance, annual maxima precipitation in
Quebec were considered by Onibon et al. [2004] who used hierarchical ascendant clustering on mean
annual rainfalls to form regions. Ramachandra Rao and Srinivas [2006] used a hybrid of Ward's and k-means
algorithms to perform a RFA of watersheds in Indiana, USA, where homogeneous regions are found by
grouping sites according to the similarities between catchments. Factor analysis, where sites are grouped
when their corresponding variability is explained by the same factor axis, is another possibility. Morin et al.
[1979] employed principal component analysis to form regions in order to study precipitations in Quebec.
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In the hydrological literature, the formation of homogeneous regions is thus generally carried out from sta-
tistics related to the variable of interest, and/or from explicative variables physically linked to the variable of
interest. Gabriele and Chiaravalloti [2013] and Satyanarayana and Srinivas [2008] argue in favor of using
meteorological information to improve the formation of homogeneous regions. In principle, whatever the
method used, the partition should be validated by tests of statistical homogeneity, such as those proposed
by Hosking and Wallis [1993].

Fewer applications of RFA can be found in the literature to characterize extreme marine hazards. Bernardara
et al.[2011] and Bardet et al. [2011] analyzed extreme skew storm surges along the French coasts of the
Atlantic Ocean and the English Channel for 21 and 18 sites, respectively. This area is statistically homogene-
ous according to the Hosking and Wallis test. Van Gelder et al. [2000] used a similar argument to regionalize
extreme wave heights from nine sites located in the North Sea, forming a homogeneous region after com-
putation of the Hosking and Wallis test. To perform another RFA of extreme wave heights, Goda et al. [2010]
and Goda [2011] proposed to group 11 sites located along the eastern coast of Japan sea into two homoge-
neous regions (North or South). This partitioning is due to the fact that the whole area is not homogeneous
in the sense of the Hosking and Wallis test. Sites are thus assigned in one region according to their latitude,
and the separation between the two regions is made so that the Hosking and Wallis test validates the
partition.

These studies were carried out in relatively statistically homogeneous areas, which is not always the case
when dealing with marine hazards. The analysis of extreme sea levels from Van Gelder and Neykov [1998]
showed the heterogeneity of the region made of 13 sites of the North Sea coast of the Netherlands. A possi-
ble explanation of this heterogeneity could be that these sites are either located in open seas or in estuarine
areas, or are protected by islands. They would be under the influence of different physical processes, indi-
cating that a statistical heterogeneity would be a consequence of a physical heterogeneity.

Very few marine studies tried to rely on physical arguments to form homogeneous regions. For instance, in
order to estimate extreme skew storm surges for 16 sites along the coasts of the United Kingdom, Weiss
and Bernardara [2013] have divided the study area into two homogenous regions according to the coastal
orientation (South or West). Moreover, to study tsunami runup height, Hosking [2012] grouped 114 sites of
the Pacific Ocean into 10 homogeneous regions. This partitioning is based on both the geographical dis-
tance and the similarities between at-site coefficients of variation. This sense of geographical coherence is a
first step toward a nonpurely statistical grouping. However, Hosking [2012] suggests it would be even more
relevant to consider the coastal exposure in relation to the different type of events generating the observed
extremes, as well as their typical trajectories. Yet such a procedure could require much supporting informa-
tion, which is not always easily available.

Thus, no method dedicated to marine hazards was formalized to build homogeneous regions. Indeed,
through this bibliographical review, there are generally only few, if not none, physical considerations behind
the formation of regions, the latter being usually justified as soon as the Hosking and Wallis test do not
reject the statistical homogeneity. Thus, the resulting groupings are either arbitrary or purely statistical. In
that case, they are not easily explicable: Kergadallan [2013] noticed that statistical tests of homogeneity fail
to reject estuarine areas, where fluvial inputs influence the observed sea level. Moreover, their generaliza-
tion to similar problems (adding a site in the region, study of other sites in the same area, analysis of
another variable sensitive to the same physical processes, etc.) may not be immediate. Besides, as sug-
gested by Van Gelder and Neykov [1998], a statistical heterogeneity may be explained by physical reasons.
In other words, a physically homogeneous region would be a good candidate to be also a statistical homo-
geneous region.

In this framework, the general objective of this paper is to propose a physically based method to form
homogeneous regions for RFA of extreme marine events.

The introduced approach is based on the identification of typical storms footprints. Sites are gathered into
different regions, according to their location in relation to storms footprints. Thus, sites from a given region
would be likely to be impacted by the same storms, indicative of a regional physical homogeneity. More-
over, as any storm impacting a region would be likely to remain enclosed in this region, different types of
storms could be identified in the study area: we can expect the probabilistic behavior of extremes to vary
between regions. For this purpose, a clustering algorithm based on a criterion of storm propagation is
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introduced in this paper. Note that, as highlighted by Hosking [2012], the definition of physical homogeneity
may be linked to an important and complicated processing of several external variables, which can limit the
use of such an approach. However, the proposed method is not computationally expensive since it does
not require any other information than the time of occurrence of the observed extremes.

Clustering procedures allow to group objects into different clusters based on a similarity measure. These
clusters have to be compact (objects are similar within a cluster) and well separated (clusters are distinct
from each other). In the framework of synoptic climatological classification, Michelangeli et al. [1995] used
the k-means algorithm to determine recurrent weather regimes over the Atlantic and Pacific regions; Holt
[1999] classified atmospheric conditions under which extreme storm surges are generated in the Irish Sea
and the North Sea with factor analysis; Betts et al. [2004] used Ward'’s hierarchical clustering method to iden-
tify six cyclone track regimes causing extreme storm surges at Brest, France. Ward’s clustering algorithm
[Ward, 1963] is well known. According to Everitt and Dunn [2001], it implies that the dispersion within
(between) clusters is minimized (maximized). This method generally performs well to accurately find clus-
ters [Blashfield, 1976; Ferreira and Hitchcock, 2009; Modarres and Sarhadi, 2011]. However, a possible disad-
vantage is its tendency to form regions of roughly equal size, which can, for instance, be debatable when
dealing with synoptic climatological classification [Kalkstein et al., 1987].

The tracking of cyclones often relies on a proper nearest-neighbor search in space and time, “partly taking
into account an expected movement of a cyclone according to a consideration of flow dynamics and of pre-
vious motion of the system” [Ulbrich et al., 2009]. Thus, both the definition and the extraction of storms
require a particular care. Spatiotemporal declustering procedures are usually used to track storms, while tak-
ing into account their propagation in space and time. For example, by linking storm severity and surface
wind speed, Leckebusch et al. [2008], Nissen et al. [2010], and Renggli et al. [2010] identified storms from spa-
tiotemporally coherent exceedances of a high quantile of wind speed distribution. In this paper, such an
approach is adapted to marine hazards.

RFA assumes that observations at different sites are independent. As a same storm is likely to impact several
sites, this is rarely verified in reality. A possible way to come down to this hypothesis is to filter observations
stemming from the same storms. However, according to Kergadallan [2013], the definition of such a filter
should be based on a proper knowledge of the propagation of atmospheric depressions. For example, to
estimate extreme skew storm surges at different sites, Bernardara et al. [2011] and Bardet et al. [2011]
removed any spatial dependence through a declustering procedure by keeping the highest observation
among extremes occurring within 72 h. However, this filter neither allows separation of different storms
occurring simultaneously in different areas, nor distinction of serial clustering of storms, such as the Lothar
and Martin storms of December 1999 [Mailier et al., 2006]. Thus, the extraction of storms should be able to
identify at best the different physical events propagating in space and time.

The procedure to extract storms is explained in section 2.1, and the new proposed method to form homo-
geneous regions is presented in section 2.2. Sections 2.3-2.5 are dedicated to the estimation of extreme
quantiles by RFA. An illustration with significant wave heights from the numerical database ANEMOC-2 is
given in section 3.

2. Methodology

2.1. Extraction of Storms

The storm tracking is usually a complex task. Indeed, from the representation of spatiotemporal profiles of
storms near the UK coasts of the North Sea, Butler [2005] showed the difficulty to provide a statistically clear
definition of North Sea storms, because of their great variability. Moreover, Anderson et al. [2001] noted that
“wave fields associated with each storm do not always form a single coherent cell, the areas of high waves
fragment and almost disappear before reforming and regaining strength on the following morning.” The
extraction of storms should be able to take into account both the variability of storms dynamics and their
possible nonuniform propagation.

In this paper, storms are directly characterized through the marine variable of interest. A storm is defined as
a physical event generating marine extremes in at least one site in the study area. For a given site, an obser-
vation is characterized as extreme if it exceeds g, the p-quantile of the initial time series. A storm thus
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impacts this site if g, is exceeded. It indicates if each site is impacted. Given that at least one site is impacted
by a storm, information on its impact on each site is provided. Storms are therefore purely statistical objects,
providing information on the spatial extent of the extremes generated.

As storms propagate in space and time, their detection is based on a spatiotemporal declustering proce-
dure. The main principle is that extremes neighbors in space and time are supposed to be part of the same
storm. Specifically, two extremes are spatiotemporal neighbors if (i) they occurred within A hours and (ii)
they are among the y-nearest neighbors of each other.

We provide a more precise description of the extraction of storms. At a given time, let a spatial cluster be
the collection of sites neighbors in space impacted by a same storm. It can be detected by representing the
study area by a graph where nodes represent sites. Each site is initially connected to its #-nearest neighbors.
Connections from sites which are not impacted by the current storm are then removed, and the remaining
connections determine one or more spatial clusters. Next, two spatial clusters A and B are said to be spatial
(temporal) neighbors if at least one site of A is among the i-nearest neighbors of any site of B (they
occurred within A hours). Finally, spatial clusters which are both spatial and temporal neighbors are
merged, as they are supposed to stem from the same storm.

A storm may cross land areas and impact two different, but relatively near, coasts. For example, the Xynthia
storm of February 2010 generated extreme skew storm surges both on the Bay of Biscay French coasts and
on the Albatre coast (Haute-Normandie, France). In that case, to ensure that the algorithm detects only one
storm, connections between coastal sites are added in the n-nearest neighbor graph, for coasts being likely
to be part of the same storm track (such as the French coasts or islands like UK, Ireland, or Iceland). Hence,

the n-nearest neighbors approach can carefully detect such storms, unlike a classical intersite geographical
distances approach.

Three parameters are thus required to detect a storm: p, setting its impact on a given site, and (A, i) which
are related to its spatiotemporal propagation. (p, A, 1) should be chosen in order to guarantee a proper
detection of these physical events. If p is too high and A or 1 is too low, it is likely that a same physical event
will be wrongly separated into two or more storms. Conversely, if p is too low and A or 7 is too high, it is
likely that two distinct storms may be wrongly merged. Besides, note that the concept of spatial clusters
allows separating different events occurring simultaneously in different areas; moreover, A plays a role to
detect storms occurring in serial clusters. Furthermore, as mentioned above, possible nonuniform storm
propagation can be taken into consideration through a proper definition of (p, A, ). Finally, the spatiotem-
poral neighborhood relationship implied by (A, 1) needs to be carefully defined, for example, according to
the spatiotemporal resolution of observations, the possible missing values and the physical propagation of
the considered phenomenon. This procedure leads to define storms as spatiotemporally coherent exceed-
ances of the p-quantile at site scale. Leckebusch et al. [2008], Nissen et al. [2010], and Renggli et al. [2010]
used a similar approach to detect storms from wind speed observations. In particular, it is assumed that this
declustering procedure provides a sample of S independent storms.

2.2. Formation of Physically Homogeneous Regions

The objective is to propose a physically based method to form homogeneous regions, by identifying the
typical storms footprints in the study area. The set of sites must be partitioned in such a way that each
resulting group represents a typical storm impact area. This can be achieved through the development of a
clustering algorithm based on a criterion of storm propagation.

Assuming N sites in the study area where S storms are observed, let Z! be the Bernoulli variable which is
one if site i is impacted by a storm s. We define a criterion of storm propagation p;; as the probability that
both sites i and j are impacted by a storm given that one of them is:

pij=P(Zi=1, Z=1|Z+Z>1) (M

These probabilities are estimated for each possible pair of sites (i, j), from the sample of storms. Then, a dis-
similarity index defined as:

dij=1-pjj )
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is computed for each pair of sites. In particular, if d;; = 0, then any storm impacting i or j necessarily hits the
other; conversely, if d;; = 1, then any storm impacting i or j necessarily avoids the other. Note that (1) and
(2) are reformulations of the Jaccard index and the Jaccard distance, respectively.

The next step is to group all sites into R disjoint regions, according to their similarity in terms of (2). As the
classification is made directly from the criterion of storm propagation (1), the resulting partition can be con-
sidered to represent storms footprints. Ward'’s hierarchical clustering algorithm [Ward, 1963] is employed
here. It is generally intended for Euclidean distances, but Cao et al. [1997] showed it can properly perform
even when non-Euclidean distances are used. As the dissimilarities (2) are not Euclidean, the extension of
Ward'’s method for an arbitrary dissimilarity measure provided by Mirkin [2005] is applied. In particular, dis-
tances between clusters coincide with the usual Ward's distance when using Euclidean squared distances.
This is an agglomerative hierarchical method: (i) each site is initially assigned to its own region and (ii) the
closest pair of regions is merged until there is only one region. The resulting hierarchy of regions can be
represented in a dendrogram. However, as non-Euclidean dissimilarities are used, the heights of the den-
drogram do not express the distance between groups in terms of (2). Note that hierarchical clustering is
preferred here to a strict partitioning clustering (such as the k-means algorithm), because the obtained hier-
archical structure allows to refine the physical interpretation of the regions. Indeed, the possibility to subdi-
vide a given region may help to understand how the storms footprints are organized.

For fixed R, the study area is thus partitioned in R regions. Among the different configurations of storms
footprints obtained when varying R, the objective now is to determine the most relevant one. The optimal
number of regions can be determined with an index measuring the goodness of a clustering. A proper par-
tition should contain well-separated regions, with sites close to each other inside a given region (compact-
ness), in terms of (2). For instance, Mojena’s stopping rule [Mojena, 19771 attempts to find the level in the
hierarchy implying a significant jump in the dendrogram heights, indicative of the merging of two dissimilar
clusters. This strategy was, for example, used by Yun and Cho [2006] to conclude that quality of fingerprint
images could be grouped into five clusters. However, Martinez and Martinez [2004] remarked the signifi-
cance of a jump is not straightforward to assess; they recommended instead the visual inspection of a break
in the evolution of the standardized dendrogram heights in function of the number of clusters.

The proper number of regions is thus determined through the latter procedure, leading to the identification
of the most typical storms footprints. Specifically, a storm impacting a given region is likely to remain
enclosed in this region, and sites in this region are likely to be impacted by the same storms.

2.3. Preparation of Samples for Statistical Analysis

At a given site, RFA requires that observations are independent; yet, several successive extremes can be
generated by a same storm. The traditional “peaks over threshold” (POT) method usually imposes that two
storm events can be considered independent if there is a certain time lag between them. It should be men-
tioned that this parameter is not required here, as A suffices to get independent storms at site scale, see
section 2.1. In particular, when a storm lasts long enough to generate several extremes, only the peak value
is retained to summarize this storm while obtaining independent extremes at site scale. The maximum
value recorded during the storm s impacting site i is denoted by W'.

Storms from section 2.1 are extracted in order to decluster physical events while reproducing as well as pos-
sible their spatiotemporal dynamics, and are used to form physically homogeneous regions. However, this
step can be distinguished from statistical aspects, such as testing the statistical regional homogeneity or
the goodness-of-fit in the upper tails of distributions. This “double-threshold” approach is recommended in
Bernardara et al. [2014] to deal with auto-correlated environmental variables in a POT framework. The princi-
ple is to (i) identify independent events (where the variable is notably out of its mean regime) through a
physical threshold and (ii) from these events, find a statistical threshold leading to a proper estimation of
extreme quantiles. Thus, for statistical aspects covered in sections 2.4 and 2.5, only the most intense events
are considered. New thresholds, denoted u and higher than the quantiles gp, are selected corresponding to
the observation of 1 storms per year on average at each site. In particular at site j, if d; years of data are avail-
able, the n; = /d; highest W! are retained in the final n-sample X The threshold u; exceeded on average 4
times per year is then defined as the smallest observation of 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.
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The choice of 1 is the consequence of a trade-off between variability and bias of the final quantile estimates.
In local analyses, for example, the value 4 = 1 generally results in too small samples, leading to a high vari-
ability in the estimates. However, in a RFA framework, Bernardara et al. [2011] used A = 1. Indeed, as data
from several sites are simultaneously considered, a focus can be made on the most extreme observations,
reducing thus the bias in the final estimates, but without implying a high variability. 1 = 1 is therefore cho-
sen in the following of this study.

2.4, Statistical Homogeneity of the Obtained Regions
Statistically homogeneous regions are required to perform RFA. Although section 2.2 allows delineating
physically homogeneous regions, their statistical homogeneity must be checked.

Discordant sites within a given region can be identified through the discordancy criterion D of Hosking and
Wallis [1993]. It measures if a given site is significantly different from all the other sites in the region, in
terms of L-moments. A site can be declared discordant if D > 3 for regions with more than 15 sites. More-
over, the degree of statistical homogeneity of a candidate region can be evaluated with the criterion pro-
posed by Hosking and Wallis [1993]. Their heterogeneity measure H indicates whether the observed
dispersion between sites is comparable to what would be expected in a statistically homogeneous region.
In particular, the region can be considered as statistically homogeneous if H < 2, and heterogeneous other-
wise. However, this rule was originally derived for regions with no intersite dependence. Here regions corre-
spond to storms footprints and a strong intersite dependence can thus be expected. In section 3.5, it is
shown that the criterion H = 2 remains valid to detect heterogeneity in such regions.

Thus, for each storm footprint, the following process is applied:
1. Computation of the heterogeneity measure H from the samples X'. If H < 2 then go to (iv), else go to (ii).

2. Computation of the discordancy measures D from the samples X. If no site is discordant then go to (iii),
else remove the sites with D > 3 and compute a new heterogeneity measure H'. If H' < 2 then go to (iv),
else go to (iii).

3. Subdivision of the region into two new regions stemming from the classification of section 2.2. For each
subregion, go to (i).

4. The region is both physically and statistically homogeneous.

This procedure yields both physically and statistically homogeneous regions, and RFA can then be per-
formed. Note that, even if a region is statistically homogeneous, it is worth checking for discordant sites
(e.g., if error measurement is present in the data). However, if a particular area is subdivided several times
without improving statistical homogeneity, it is possible to retain a subdivision as a compromise between a
low statistical heterogeneity and a sufficient number of sites in the region, while interpreting the results
from RFA with care. In that case, a local statistical analysis may be preferable: even if estimates may have a
high variability, they should be relatively unbiased.

2.5. Regional Frequency Analysis

The methodology presented in this paper requires handling exceedances over a high threshold. From the
extreme value theory, these exceedances can be modeled with the Generalized Pareto Distribution (GPD)
[Pickands, 1975]. For site i, let u; be the storm threshold which is exceeded on average / times per year
(see section 2.3). The n-sample X, denoting the exceedances of u;, is assumed to be drawn from a GPD:
X ~ GPD(u;, ;, k), where o; > 0 and k; are, respectively, a scale and a shape parameter. In particular,

the p-quantile of X'is:

o urw/k(1-(-p) ), ki #0
Xp=

3)
U,'—OC,"Og (1—p). k,':0

The right tail of the GPD is bounded when k; < 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 X’LWT [Rosbjerg, 1985].

RFA based on the index flood method [Dalrymple, 1960] relies on a homogeneity hypothesis; observations
from sites coming from a homogeneous region are supposed to follow the same regional probability
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distribution, up to a local index representing the local specificities of a site. For a homogenous region of N
sites, let y; be the local index of the site i = 1, . . ., N. By the regional homogeneity hypothesis, the distribu-
tion of the normalized variable Y’ = X'/y; is supposed to be independent of i.

The local index ; is often taken as the mean value of the at-site observations; furthermore, Weiss and Ber-
nardara [2013] have shown that choosing other indices could worsen the performances of the RFA. How-
ever, 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 y; is therefore chosen as the storm threshold u;.
This implies that Y ~ GPD(1, y, k), where: (i) the regional scale parameter satisfies y = o;/u; and (ii) the shape
parameter k; = k is constant over the region. From these relationships, X' ~ GPD(u;, yu;, k).

The two regional parameters (y, k) can be estimated with the regional L-moments method depicted by
Hosking and L/I/allis [1997]. Let )v', be the sample r-order L-moment for site i; the sample regional r-order L-
moment is 2, = SN | n,-(/ll,/ui)/ SV, ni. Then, (y, k) are estimated as follows:

k=2-(00/ih, s=0-k0i (@)

Note that, for a GPD distributed variable, theoretical L-moments exist for k < 1. For site i, the T-year return
level is obtained by multiplying the regional T-year return level by the local index: X2—1//1T = Uy1-1/iT-

RFA assumes that observations at different sites are independent. However, as sites in a region are likely to
be impacted by the same storms, a strong intersite dependence is expected. The regional

L-moments method is still used here, as it was shown to be quite robust to the presence of intersite
dependence [Hosking and Wallis, 1988]. Besides, although the GPD is here assumed, other candidate distri-
butions can be tested and compared, for example, through the use of a regional L-moment ratio diagram.

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] and have been forced by
wind fields from the CFSR reanal-
ysis 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. For the present
study, a subset of 1847 nodes
among the 13,426 nodes of the
full oceanic mesh is selected, at
locations plotted in Figure 1.

Latitude

Among the wave parameters
available with an hourly resolu-
tion in ANEMOC-2, we consider
here the significant wave height,
Figure 1. Location of the 1847 sites extracted from the oceanic mesh of the ANEMOC-2 denoted Hs, which is the usually
sea-state database. preferred parameter to

Longitude
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Figure 2. Storm Daria (24-26 January 1990): snapshot every 5 h, where red dots indicate the impacted sites (exceedances of the 0.995 quantile of hourly time series of H,) and gray dots

represent the storm footprint.

summarize sea state conditions and intensity. TOMAWAC computes this wave height from the zero-order
moment of the wave spectrum. Hourly series of significant wave heights H over the period 1979-2009 are
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Figure 3. Map of 0.995 quantiles of hourly time series of Hy (m).

thus extracted for the 1847 selected sites.
The objective here is to apply the meth-
odology described in section 2 to form
physically homogeneous regions by iden-
tifying typical storms footprints in this
area and to estimate extreme significant
wave heights by RFA.

3.2. Extraction of Storms

The parameters (p, A, 1) defined in sec-
tion 2.1 are set in order to faithfully repro-
duce the physical dynamics of the storms
present in the database, while taking into
account the spatiotemporal resolution of
observations.

A particular attention should be paid to
the choice of p. It is likely that proper val-
ues of p depend on the situation, as the
storm dynamics may differ according to
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Lastute

Figure 4. Footprints of (a) the Great Storm of 1987 (15-16 October 1987), (b) Lothar, and (c) Martin storms (26-28 December 1999), where red dots indicate the impacted sites.

the considered variable (e.g., waves or surges). A sensitivity analysis is then performed before the applica-
tion of the method. Thus, it was checked that p = 0.99 can imply the merging of different storms occurring
in the same area into a same event. Conversely, with p = 0.999, a storm can be wrongly separated into two
or more events, notably when it loses and regains intensity during its track. Storms are more properly
detected when p = 0.995. Note that the quantile 0.995 was used by Méndez et al. [2006] and Ruggiero et al.
[2010] to estimate extreme wave heights in a POT framework. Figure 2 is a snapshot every 5 h of the area
affected by the storm Daria of 24-26 January 1990 (exceedances of the 0.995 quantile).

Moreover, by considering especially the most intense storms, a sensitivity analysis was performed to deter-
mine (A, n), respectively related to the time of wave propagation between two neighboring sites and the
density of the grid in Figure 1. The configuration (p = 0.995, A = 2 h, n = 10) is thus chosen, leading to the
extraction of 5939 storms. A small descriptive study reveals that, on average: (i) there are 192 storms per
year in the study area, with a standard deviation (sd) of 26 storms per year, (ii) a storm impacts 38 sites

(sd = 104 sites), and (iii) a storm lasts 12.5 h (sd = 10.3 h) at-site scale.

The map of the at-site 0.995 quantiles of hourly time series of Hy is given in Figure 3. Footprints of the Great
Storm of 1987, Lothar and Martin storms (26-28 December 1999) are presented in Figure 4. Note that both
the procedure of extraction of storms and the selected values of (p, A, 1) allow the separation of Lothar and
Martin which occurred in the same area within 36 h.

3.3. Formation of Homogeneous Regions

From the 5939 storms extracted, the criterion of storm propagation (1) is estimated for each pair of sites.
Ward'’s hierarchical classification is then applied on the pairwise dissimilarity indices (2). Figure 5 shows the
results for different configurations of storms footprints, when the number of regions R varies (R =2, 3, 4, 10,
20, 30). It can be seen that the geographical contiguity between sites in a region is naturally obtained, but
without forcing it in the algorithm.

The dendrogram of the classification is shown in Figure 6a. The evolution of its standardized heights (Figure
6b) shows a break at five clusters, meaning that a partition into five regions could correspond to the most
typical storms footprints. These five physically homogeneous regions are shown in Figure 7: the South
Atlantic (region 1, 399 sites), the North Atlantic (region 2, 479 sites), the North Sea (region 3, 241 sites), the
English Channel and its approaches (region 4, 392 sites), and the Bay of Biscay (region 5, 336 sites).

Table 1 contains the characterization of these five regions in terms of storm propagation. Specifically, the
(r, s) element of Table 1 is the criterion (1) for two generic sites, respectively, located in region r and
region s. As can be seen from the diagonal, regions 2 and 5 are, respectively, the least and the most com-
pact, where compactness is characterized by a high probability of storm propagation. Besides, region 1 is
the most well separated, meaning that a storm impacting this region is more likely to remain enclosed in
this region than a storm in another region. Conversely, region 4 is the least well separated, with permea-
ble boundaries with regions 3 and 5.
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Figure 5. Different configurations of storms footprints from the Ward's hierarchical classification, for R =2, 3, 4, 10, 20, 30.

These five regions present a physical coherence. In particular, each region can be characterized by a specific
storminess. First, this can be due to geomorphological aspects. For example, region 3 (North Sea) is a rather
closed area. Indeed, Wood et al. [2005] classed storm surges impacting the eastern coast of England into
three distinct kinds of windstorms specific to North Sea. Moreover, regarding region 4, the corridor

a) Cluster Dendrogram b) Mojena rule
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Figure 6. (a) Dendrogram of the classification and (b) evolution of the standardized dendrogram heights.
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Latitude

Figure 7. The five regions corresponding to the most typical storms footprints.

Longitude

Table 1. Distance Between Regions in Terms of p;

Region 1 2 3 4 5

1 0.26 0.03 0.01 0.03 0.08
2 0.03 0.15 0.05 0.07 0.04
3 0.01 0.05 0.28 0.11 0.05
4 0.03 0.07 0.11 0.36 0.20
5 0.08 0.04 0.05 0.20 0.44

“The (r,s) element of this matrix is the mean value of p;; for site i located in region r,

and for site j located in region s.

configuration of the English
Channel represents a suggested
pathway for storms [Tonnerre-
Guerin, 2003]. Second, climato-
logical considerations are rele-
vant to justify the five regions. In
particular, the analysis of the
domain of influence of telecon-
nection patterns allows identify-
ing regions which are quite
similar to the obtained partition.
Teleconnection patterns are indi-
ces describing the large-scale
atmospheric conditions. They are
relevant to explain northern
Atlantic storminess variability
[Seierstad et al., 2007]. Izaguirre
et al. [2010] showed their influ-
ence on the interannual variabili-
ty of the extreme wave climate
in the North-East Atlantic; Le
Cozannet et al. [2011] related the
variability of sea-wave states in
the Bay of Biscay to teleconnec-
tion patterns. According to Le
Cozannet et al. [2011] and Seier-
stad et al. [2007], positive phases
of the North Atlantic Oscillation
(NAO), characterized by a deep
Icelandic low and a more intense

Azores high, are associated with northeastward storm tracks above 50°N, in the area of region 2. As for neg-
ative phases of the NAOQ, they are related to weaker southward-shifted winds, notably in region 1. Moreover,
during positive phases of the East Atlantic (EA) pattern, storms occur at lower latitudes than in positive NAO
phases, between 35° and 50°N (region 1). A positive phase of the East Atlantic/Western Russia (EA/WR) pat-
tern is, for its part, associated with decreased storminess in the Bay of Biscay (region 5), while the storminess
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Figure 8. Map of threshold values of Hs exceeded on average once per year (m).

is increased in the central part of
North Atlantic. Finally, positive
phases of the East Pacific/North
Pacific (EP/NP) pattern increase
the storminess in the Bay of Bis-
cay (region 5).

3.4. Preparation of Samples for
Statistical Analysis

The statistical redefinition of
storms described in section 2.3 is
performed in such a way that
there is A =1 storm per year on
average at each site. This leads to
retain 1340 storms among the
5939. It has been checked that
the choice 4 =1 corresponds to
thresholds higher than gg99s, the
0.995 quantiles of hourly time
series of H;. Site i is therefore
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characterized by the sample of H,
over the threshold u; exceeded
on average once per year; the
sample size is 31, as 31 years of
data are available. These thresh-
olds, which are also the local indi-
ces used for RFA, are represented
in Figure 8.

08 —
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Error
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3.5. Intersite Dependence

Effects in Testing the Statistical

Homogeneity

The five obtained regions corre-

! spond to typical storms foot-

‘ : ‘ : : : prints. Therefore, a strong

-10 5 0 5 10 15 intersite dependence can be

expected inside a given region,

Figure 9. Statistical homogeneity testing in the presence of intersite dependence: Monte and this may affect the perform—
Carlo type | error (solid line) and type Il error (dotted line) as a function of the H* rule (cut- ances of the H = 2 criterion

off value above which homogeneity is rejected). defined in section 2.4 to test the

statistical homogeneity. This thus
section investigates the validity of this criterion to detect heterogeneity in large regions with a high degree
of intersite dependence.

0.2 4

0.0 1

Hosking and Wallis [1997, Table 6.1] present a convenient way to simulate synthetic regions with a given
degree of intersite correlation. Here simulations are based on region 1: each synthetic region has 399 sites,
with an intersite correlation structure equivalent to the one of region 1. Note that, unlike the annual maxima
framework, the correlation between two sites is not straightforward to assess for POT data, especially due
to the difficulty to properly define the temporal simultaneity of the observations at two different sites. Thus,
intersite dependence of POT data was expressed through the pairwise correlations of annual maxima series.
Note that annual maxima series can be easily extracted from the 5939 storms, as these storms generally
provide at least one value per year (which may not be the case after their statistical redefinition leading to
1340 storms). Then, correlation p; between sites j and j is modeled by p; = exp(— fid;) where dj is the dis-
tance between i and j. From the empirical pairwise correlation coefficients in region 1, f§ is estimated by
nonlinear least squares at 9.5 X 10~ %, meaning that, for example, pjj = 0.62 for two sites distant from

500 km.

In a synthetic homogeneous region, data at site i are sampled from the GPD(u;, yu;, k), where u; is the local
index found in section 3.4 and (y, k) are the estimated regional GPD parameters in region 1 (y = 0.159 and

k = —0.015, see section 3.7). Besides, heterogeneity is defined as follows: at-site GPD shape parameters line-
arly vary in [k — 0.2, k + 0.2], where k = —0.015.

Hundred homogeneous regions and 100 heterogeneous regions are thus simulated (with the specified
model of intersite dependence), and the H statistic is computed for each of them. This procedure allows to
estimate a Monte Carlo type | error (probability to declare heterogeneous a homogeneous region) and type
Il error (probability to declare homogeneous a heterogeneous region) for testing the statistical homogene-
ity, depending on a given H* rule (cutoff value above which homogeneity is rejected). Figure 9 shows the
evolution of these two types of error depending on the H* rule. As expected, the type | error decreases with
H* and the type Il error increases with H*. Moreover, the cutoff value H* = 2 implies relatively low values of
these two errors (type | error = 0.10 and type Il error = 0.08). Thus, even if the region is large with a strong
intersite dependence, the criterion H* = 2 remains valid to test its statistical homogeneity.

3.6. Statistical Homogeneity of
the Obtained Regions

The procedure of section 2.4 is
here applied to get both physi-
cally and statistically

Table 2. Heterogeneity Measure H for Each of the Five Regions
Region 1 2 3 4 5

H 1.60 —0.07 —236 4.22 7.36
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homogeneous regions. The het-
erogeneity measure H is com-
puted for each of the five regions
(Table 2). Regions 1, 2, and 3 can
be viewed as statistically homo-
geneous. However, heterogene-
ities are contained in regions 4
and 5. These regions cannot be
accepted and have to be rede-
fined before performing a RFA.

Latitude

Fifteen sites among the 392 from
region 4 are statistically discord-
ant. When these sites are
removed, the region is statisti-

) cally homogeneous (H = 0.68).
Longitude These discordant sites (which do
not form a homogeneous region
themselves) are actually located
near the coasts, where local
effects can highly influence
extreme H,. From now on, the
Channel region is restricted to
the 377 nondiscordant sites.

Figure 10. Proposed division into six physically and statistically homogeneous regions.

x
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8 - Regarding region 5, removing
discordant sites does not help to

improve its statistical homogene-
ity. It is therefore subdivided into
the two inner storms footprints
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Figure 11. Mean value of H in the study area as a function of R. The dashed line corre-
sponds to the threshold of heterogeneity H = 2. subdivision.

Six regions, both physically and
statistically homogeneous, are therefore detected, allowing the estimation of extreme quantiles through
RFA. These regions are represented in Figure 10. Note that 6, 13, 6, 12, 6, and 6 discordant sites (D > 3) are,
respectively, found for each of the six homogeneous regions. Most of them are coastal sites, but are far
from each other and there are no gross errors in their data: they are thus left inside their regions.

Finally, the proposed method allows increasing the overall statistical homogeneity. Indeed, the whole area
is highly statistically heterogeneous (H = 12.12), underlining the interest of a subdivision into smaller
regions on a physical basis. Figure 11 represents the mean value of H in the study area as a function of R; it
can be seen that the finer are the storms footprints, the more improved is the statistical homogeneity.

3.7. Estimation of Extreme Significant Wave Heights Through RFA

Note that the results presented here should be seen as a possible application of the proposed method to
form homogeneous regions, rather than a tool or results to use in the design of marine structures, especially
in coastal areas. Indeed, the present analysis uses data from the oceanic model of ANEMOC-2, whose resolu-
tion is not sufficient in coastal areas and which includes only parts of the shallow-water effects. For these
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T-year Hs (m)

T-year Hs (m)

Table 3. Regional Parameters: y (GPD Scale Parameter), k (GPD Shape Parameter), yo.9 (100 Year Regional Return Level)

Region 1 2 3 4 5 6

y 0.159 0.133 0.137 0.140 0.143 0.141
k —0.015 0.023 —0.002 0.142 —0.033 0.218
Y0.99 1.707 1.646 1.627 1.909 1611 2.119

reasons, estimates for coastal areas are not shown in this section. Note this oceanic model is supplemented
by a coastal one, whose resolution is finer on the continental shelf, in the Channel and along the French
coast. In a follow-up of this study, data from the coastal model of ANEMOC-2 may improve the simulated
seas-states in coastal areas.

For each of the six homogeneous regions, the regional GPD parameters (y, k) are estimated following the
procedure presented in section 2.5. These quantities are given in Table 3, as well as the 100 year regional
return level y, 99. The shape parameter k is positive (corresponding to an unbounded GPD) in regions 2, 4
and 6, suggesting a higher intensity of extreme H. Besides, a regional L-moment ratio diagram (not shown)
proves that the GPD provides an adequate fit to the data, compared to other distributions.

At-site return levels are obtained by multiplying regional return levels by the local indices. Return levels plot
for six sites located in each region are provided in Figure 12. Moreover, Figure 13 shows the map of the esti-

mated at-site 100 year H;. They display a coherent spatial pattern, with lower values near the West Euro-
pean coasts. The highest return levels are obtained for sites located in the north-central part of the study
area (up to about 29 m). These estimates are comparable to those from Caires and Sterl [2005, Figure 10]
based on ERA-40 reanalysis data. Although slightly higher values are here found in the area of the largest
estimates, their spatial structure is indeed essentially similar. Besides, note that there is no apparent discon-
tinuity effect in the spatial variation of the estimated 100 year Hy which would be due to the fixed nature of
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Figure 12. Return levels plot for six sites located in each region (crosses represent at-site ANEMOC-2 results). Coordinates are denoted (longitude and latitude) in degrees.
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regions. Indeed, they are spatially
%‘::ﬁ smooth, even in the areas
# located near the boundaries of

the homogeneous regions.
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mations of return levels, provided
35 : that homogeneous regions can
be delineated. In the framework
of extreme marine events, a
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Figure 13. Map of estimated 100 year H (m). storms footprints is proposed in

this paper.

First, a spatiotemporal declustering procedure is employed to detect storms generating marine extremes.
Gathering extremes neighbors in space and time, a careful attention is paid to ensure their proper reconstitu-
tion. In particular, different storms taking place simultaneously in different areas can be distinguished, as well
as storms successively occurring in the same zone, e.g., the Lothar and Martin storms of December 1999.

Second, the identification of the most typical storms footprints in the study area relies on the Ward’s hier-
archical clustering based on a criterion of storm propagation. These physically homogeneous regions are
readily explicable. Indeed, 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. This procedure is fairly simple to imple-
ment, as the only information required is the time of occurrence of the observed extremes.

An application to the estimation of extreme significant wave heights from the numerical sea-state database
ANEMOC-2 is given. Six regions, both physically and statistically homogeneous, are delineated in the North-
East part of the Atlantic Ocean. The geographical contiguity between sites in a region is naturally obtained.
It is also shown that the identification of storms footprints allows the increase of the overall regions’ statisti-
cal homogeneity. Combined with RFA, the proposed method highlights regional differences in the spatial
extent and intensity of storms.

Although the proposed example is focused on significant wave heights, the method can easily be applied
to other marine variables. Indeed, it is variable-oriented, in the sense that the identified storms footprints

are specific to the variable of interest. Moreover, it can deal with cases where periods of observations are

not the same for all sites, and/or in the presence of missing data.

Compared to the traditional statistical approaches to form homogeneous regions, the proposed methodol-
ogy distinguishes physical considerations from statistical ones. First, regions are delineated from a physical
basis; second, their statistical homogeneity is checked. Note that (i) hierarchical clustering provides here a
natural way to subdivide heterogeneous regions in order to increase homogeneity and (ii) the method is
shown to be robust to intersite dependence inherent to regions delineated as storms footprints. It would
be possible, however, to form regions in one step: for example, the Ward’s clustering algorithm could be
modified to also involve the statistical homogeneity of the regions, but without concealing the criterion of
storm propagation.

By providing information on the spatiotemporal extension of the observed extremes, the storms defined in this
paper may be used in a broader framework than RFA. In particular, several studies dealing with spatial extremes
are based on the analysis of block maxima series observed in space; for instance, Bernard et al. [2013] partitioned
French sites into five regions according to the strength of dependence of weekly precipitation maxima. How-
ever, block maxima series observed at two different sites may be highly dependent but they might not have
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occurred simultaneously during the same physical events. Conversely, relying on the storms allows reasoning
on the scale of the physical events, offering a proper framework to model spatial extremes.

Looking forward future improvements, the formation of homogeneous regions would surely benefit from
other physical considerations complementary to the storms footprints, such as the water depth. For exam-
ple, the statistical heterogeneity of region 5 (see Figure 7) might come from the fact that this is the only
region not homogeneous in water depth. Indeed, regions 1 and 2 correspond to deep water and regions 3
and 4 to the continental shelf. Moreover, the procedure of identification of storms footprints should be
compared to a similar study based on meteorological conditions generating marine extremes (atmospheric
pressure and wind fields).

Future works could also deal with intersite dependence when estimating extremes. Indeed, as sites in a region
are likely to be impacted by the same physical events, regions are expected to display a strong intersite depend-
ence. Although ignored in the estimation process because of the robust nature of the regional L-moments
method against intersite dependence, taking it into account could improve the reliability of extrapolations.
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