N

N

Development of a target-site-based regional frequency
model using historical information

Yasser Hamdi, Claire-Marie Duluc, Lise Bardet, Vincent Rebour

» To cite this version:

Yasser Hamdi, Claire-Marie Duluc, Lise Bardet, Vincent Rebour. Development of a target-site-based
regional frequency model using historical information. Natural Hazards, 2019, 98 (3), pp.895-913.
10.1007/s11069-018-3237-8 .  hal-02527509

HAL Id: hal-02527509
https://hal.science/hal-02527509
Submitted on 11 Oct 2023

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est

archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.

Copyright


https://hal.science/hal-02527509
https://hal.archives-ouvertes.fr

—_

O 00 NOUThA W N

_
o

W W WWRNNNDNNNMNNNNNR2 QaaQQaaaa
WIN-= O VOONOUDNWN=_OOVOONOUITANWN=

34
35
36
37
38
39
40
41
4
43
44
45
46
47
43
49
50
51
52
53
54
55
56
57

Development of a target-site-based regional frequency model
using historical information

Y. Hamdi, C-M. Duluc, L. Bardet & V. Rebour

Institute for Radiological Protection and Nuclear Safety
Correspondence to: Y. Hamdi (yasser.hamdi@irsn.fr) ORCID: 0000-0001-6329-0074

Abstract

Nuclear power plants in France are designed to withstand natural hazards. Nevertheless, some exceptional storm
surges, considered as outliers, are not properly addressed by classical statistical models. Local frequency
estimations can be obtained with acceptable uncertainties if the dataset containing the extreme storm surge levels
is sufficiently complete and not characterized by the presence of an outlier. Otherwise, additional information
such as regional and historical storm surges may be used to mitigate the lack of data and the influence of the
outlier by increasing its representativeness in the sample. The objective of the present work is to develop a
regional frequency model (RFM) using historical storm surges. Here we propose a RFM using historical
information (HI). The empirical spatial extremogram (ESE) is used herein to form a homogenous region of
interest centered on a target site. A related issue regards the reconstitution, at the target site and from its
neighbors, of missed storm surges with a multiple linear regression (MLR). MLR analysis can be considered
conclusive if available observations at neighboring sites are informative enough and the reconstitution results
meet some criteria during the cross-validation process. A total of 35 harbors located on the French (Atlantic and
English Channel) and British coasts are used as a whole region with the La Rochelle site as a target site. The
Peaks-Over-Threshold frequency model is used. The results are compared to those of an existing model based on
the index flood method. The use of HI in the developed RFM increases the representativeness of the outlier in
the sample. Fitting results at the right tail of the distribution appear more adequate and the 100-year return level
is about 30 cm higher. The 100-year return level in the initial fitting has a return period of about 30 years in the
updated fitting).

Keywords: extreme surges, outlier, spatial extremogram, regional frequency model, target site, historical
information.
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1 Introduction

Climatic hazards, such as storms and floods, have serious environmental, economic and social consequences.
During the last few decades, France has experienced several violent storms, such as the storm of 1987, Lothar
and Martin (1999), Klaus (2009) and Xynthia (2010), which induced significantly high storm surges, appearing
as outliers in data sets (observation much larger than the second largest). Storm surge, a rise in sea level due to
low atmospheric pressure and strong winds, is the main driver of coastal flood events. Extreme storms can
produce high sea levels, especially when they coincide with high tide. The skew surge, which is the quantity of
interest, is a sea level component which is a fundamental input for statistical investigations of coastal hazards. It
is a measure of the non-tidal contribution to peak water-level. Haigh ID et al. (2015) defined the skew surge as «
the difference between the maximum observed water level and the maximum predicted tidal level regardless of
their timing during the tidal cycle. There is one skew surge value per tidal cycle ». In the nuclear safety field, the
skew surge is calculated as the difference between the highest observed water-level and the highest predicted
one, for a same high tide. Since these maximum levels can occur at slightly different times, the calculation is
performed in a time-window of some hours (three hours for instance).

Relating extreme events to their frequency of occurrence using probability distributions, in a local context,
has been a common issue since the 1950s (Dalrymple 1960; Rao and Hamed 2000). The at-site frequency
analysis (FA), corresponding to long return periods is based on the extreme value theory (EVT) (Coles 2001).
The objective of a FA is to analyze past records so as to estimate the probability of future occurrence. Statistical
criteria, such as stationarity, randomness and homogeneity, must be satisfied. Since an exceptional event can
induce an exceptional observation considered as an outlier, and since the presence of this outlier often leads to
poor frequency estimations, the exceptional events must be properly addressed in the FA. The probabilistic and
statistical treatment of surge data containing outliers is limited in the literature, especially in a local FA context.

In the case of a sufficiently complete and long data set which is not characterized by the presence of an
outlier, at-site FA can be used to estimate quantiles with acceptable uncertainties. Otherwise, additional data may
be used to mitigate the lack of data and to improve the incorporation of the outlier in the frequency estimation.
The additional data may have a spatial dimension (regional) just as they may have a temporal one (making use of
historical data). A regional frequency model, RFM, using historical information, HI, may be used as a consistent
technique that makes data sets longer and increases the representativeness of the outlier in the sample. The
objective of a RFM is to transfer information, within a homogeneous region, from gauged sites to an ungauged
or poorly gauged target site. RFMs are commonly used and have been extensively studied (e.g. Dalrymple 1960;
Hosking and Wallis 1993, 1997; Weiss 2014). An interesting comparative study of various RFMs was presented
by GREHYS (GREHYS 1996a, b) by using four methods for delineating homogenous regions and seven
regional estimation methods.

One of the simplest and most popular approaches, privileged by engineers and widely used in hydrology, is
the index flood method (Dalrymple 1960). The stages of the standard procedure are: (i) delineation of
homogeneous regions; (ii) derivation of a regional flood frequency distribution; and (iii) estimation of the
quantiles at the site of interest. The major hypothesis of the index flood method is that the probability
distributions at different sites in the region are identical, except for a scale parameter. Recently, these RFMs
have been applied to coastal hazards (Bardet and Duluc 2012; Bernardara et al. 2011). However, these
applications were limited by the problem of the inter-site dependence issue and its impact on the variance of
local and regional quantiles and on the statistical homogeneity. Recent developments go a step further and
involve a procedure to consider the spatial dependence structure using copulas (Renard 2011; Weiss 2014) and
to form physically homogenous regions. In the model proposed by Weiss (2014), a criterion related to spatial
storms propagation is used in the formation of physically homogeneous groups of sites. To highlight different
regions, a hierarchical cluster analysis, using Ward’s method, is performed on the distances between sites
obtained by a spatial storm propagation criterion. Likewise, a spatial extreme value copula is also considered to
overcome the problem of spatial dependence between surges grouped in a regional sample.

As mentioned above, additional information refers also to the magnitudes of the events occurring outside the
period of systematic measurements. HI may arise from, for instance, verbal communication from the general
public, written records in archives, and from high-water marks left by extreme floods. Several authors have
reviewed the literature on HI and the role it can play in an FA (e.g. Stedinger 1987; Salas et al. 1994; Payrastre et
al. 2013). More recently, Hamdi et al. (2015) conducted a local FA with HI. It was concluded that the
combination of both RI and HI allows us to properly address the exceptional events (including outliers) in a local
FA. Similarly, Bulteau et al. (2015) used the Hl in a local FA (in a Bayesian framework) to estimate extreme sea
levels for the design of coastal defenses. Hosking and Wallis (1986a, b), Tasker and Stedinger (1987) and Jin
and Stedinger (1989) tried to assess the usefulness of the HI in a regional context. Their conclusions are
somewhat divergent. However, it seems clear that the use of HI is particularly valuable in a local context.

In an RFM, one is interested in assigning a weight to the target site. The existing delineation procedures do
not give any specific importance to the target site which may lead to a loss of some relevant local effects which
could not be absorbed in the standardization step using local indexes. Furthermore, the delineation of a
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homogenous region usually leads to the problem of the so-called “border effect”. Indeed, if one is interested in a
target site which is very close to the region limit, the information at the site located on the other side of the
region is excluded even though both sites offer similar information and have similar asymptotic properties.
Another limitation of existing RFMs is related to their applicability to coastal hazards. Indeed, most existing
RFMs were developed for estimating extreme floods and in the philosophy behind these developments it was
unintentionally considered that there is a physical limit between regions (watersheds).

In our view, these elements motivate and justify the development of a new method that overcomes these
drawbacks. In this paper we put forward a new RFM using HI for further discussion to enrich the debate on FA
in a regional context. The model is presented including both the associated benefits, mainly focusing on the
advantages of performing a local FA using regional and historical information, and the associated disadvantages,
including the several technical challenges that still need to be overcome to ensure that the developed model
becomes an appropriate frequency estimation and a design alternative for protecting structures and helping them
withstand extreme coastal hazards. The developed RFM is based on the notion of asymptotic dependence and the
empirical spatial extremogram (ESE) (Hamdi, et al. 2016) to define a homogenous region around a target site,
the enrichment of local information at the target site (only if it was missed) with RI (from observations at the
neighboring sites), and, finally, the use of any HI in the region of interest. The neighborhood between sites is
measured by a degree of physical and statistical inter-site dependence. The region constituting the neighboring
sites moves from one target site to another. The principle of moving regions around target sites allows us to
overcome the “border effect” problem and is one of the key points of the developed model.

A related issue regards the transfer of information from the homogenous region to the target sites. Since
surge records are often characterized by the presence of too many gaps, the regional information is used in the
developed model to enrich the at-target site data set but not to dominate its global statistical behavior. A
weighted regression-based approach can be used to establish a relation between storm surges at the target site
and those observed in the region. A multiple linear regression (MLR) is used in the present paper as a data
reconstitution model. MLR analysis can be considered conclusive only if the available observations at
neighboring sites are informative enough and the reconstitution results meet some criteria during the cross-
validation process.

Reanalysis of storm surges and extreme sea levels based on hydrodynamic modelling (generally using the
‘shallow-water equations’) is another approach that can be used to reconstitute gaps in storm surges serieS. For
any surge model, an adequate representation of a wind field is necessary because the spatial extent of the wind
and pressure fields associated with a storm is needed as input. Further, the path of the storm and its correct
forward speed are necessary. In the field of nuclear safety, we may be wary of techniques that are likely to
underestimate the variables of interest used in the design of protection structures for instance. In addition, most
of the nearshore numerical circulation models are very computer intensive and require very small time steps (on
the order of seconds) to reach steady-state solutions. This point will be a major limitation for us because
thousands of simulations and meteorological forcings are needed per target site.

The main objective of the present work is to conduct a local frequency analysis using regional and historical
information. The spatial extremogram technique to form a homogenous region of interest centered on a target
site is used and the regional information is transferred to this target site with a cross-validated MLR. The paper is
organized as follows. The concept of the empirical spatial extremogram is defined and presented in sections 2.
The third section presents how regional information will be transferred to the target site. The POTH frequency
model will be briefly introduced in section 4. Systematic and historical data and main results are presented in
sections 5 and 6 with some further discussions in section 7, before the conclusion and perspectives in section 8.

2 Definition and concept of the empirical spatial extremogram (ESE)

As it was defined in Hamdi et al., (2016), the ESE compute is based on the extremal dependence between the
pairwise extremal dependences (between any site and a target site). The neighborhood threshold N, and the
extremal dependence coefficient are the most determinant parameters of the ESE. These two parameters are
defined for any site proposed to be neighboring to the target site and then be part of the region of interest. The
extremal dependence coefficient as defined in Hamdi et al., (2016) is the probability that an observation at a site
is extreme (greater than a fixed threshold u) given that the simultaneous observation at the target site belongs to
an extreme set. The theoretical basis of the ESE concept is taken up herein considering a new extremal
dependence coefficient (i.e. the y coefficient).

Let X = {XS} be a random field on a whole region R with the same one-dimensional marginal (i.e. X,
are storm surges at S|teS) The objective is to delineate a region of interest r — R containing a homogenous
group of neighboring sites. For convenience we use the following conventions:

- X bel(on)gs to an extreme set if it is greater than a fixed high threshold denoted by u=(uS )Ser where

u, =u(s);
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- The sample extreme quantile of probability p at a site s (e.g. the probability of non-exceedance p=99%)
can be used to define the threshold U, ;

For any neighboring site s (Ser), its tail dependence with the target site t is characterized by the extremal
coefficient y and it is given by the following limit

2 RxR—=>[01] g, =lmP(X, 2u]|X 2u) 1)

In the case of our study, X and X, are the time series of skew storm surges at the site s and the target site
t, respectively. The larger the y, the larger the extremal dependence between the sequences X, and X,
(considered asymptotically independent when y = 0and perfectly dependent when y =1). It is noteworthy that
the definition of the spatial extremogram presented herein doesn’t suppose identical distributions of time series
X, and X, . On the other hand, once a physically plausible region of interest is defined, and since the RI will be
used to enrich the local at-target site series, it is reasonable to assess whether the proposed region is meaningful
and may be accepted as being homogenous (since homogeneity is a prerequisite for the FA). A visualization and
analysis of the matrix of correlations between the target site and its neighbors is strongly recommended. In fact,
the correlations associated to border sites can give us a good indication on the optimal value of neighborhood
threshold N, . Indeed, the greater the number of weak correlations, the poorer the correlation matrix. It is also
desirable to assess whether one or more sites are consistent with the principle of similarity of at-sites frequency
distributions in a homogenous region and whether they should be removed from the region. The L-moment-
based homogeneity tests of Hosking and Wallis (1993, 1997), widely used in hydrology, are used in this paper.

The neighborhood threshold selection stage is a compromise between the size of the region of interest and the
correlations between the target site and the border sites in this region. On one hand, if a too high threshold is
selected, the correlation between the target site and the most distant sites in the region of interest are good
enough (closer to 1) while the region size decreases as there is fewer sites with extremal dependence coefficients
above this threshold. On the other hand, by taking a lower threshold, the region size increases as the number of
sites with extremal dependence coefficients above this threshold is larger and the correlations between the target
site and those at the edge of the region decreases significantly to reach low values close to zero (the design
matrix becomes poorer).

3 Transfer of regional information to the target site

One should remember here one of the basic principles of the developed model which makes it different from
existing RFMs: a single frequency distribution is fitted to data from a target site enriched with RI. Without
falling into the trap of building a too long regional series to minimize sampling variance (but often with more
heterogeneities, spatial dependences and problems related to the calculation of effective durations), and since
sites are poorly gauged, the Rl is simply used to reconstruct the missing data at the target site. The enrichment of
the local sample at the target site is then the second step of the developed model. In order to transfer the RI to the
target site, the multiple relationships (at each time step) between the storm surges in the homogenous region of
interest are modeled. This stage of the modeling should lead to a design matrix containing all the terms of the
multiple regression for all the time steps at which the skew surge was missed at the target site.

The MLR is the technique used to transfer the information from the region to the site of interest. The weights
of the regression (design matrix) are calculated so that they ensure an optimal fit with respect to the least square
criterion for the available data set. However, these weights can no longer be optimal and there is a relatively
substantial shrinking in the least square criteria if the same weights are used on a second set of data. The
shrinkage can be estimated using a cross-validation procedure. The weights are said to be cross-validated only if
the design matrix calculated for the first set of data predict the second one. Furthermore, since interrelationships
and collinearities among at-neighboring site surges can be in some cases significant, regression becomes more
complex. A stepwise procedure is proposed that removes (or ads) terms from the regression model in stages. As
part of the hierarchical regression methods, the ANOVA technique is used. Starting from a full model (all the
neighboring sites are involved), at each stage, one or more terms are removed from the model (reduced model)
and the change in the least square criterion is calculated. A statistical test is performed as to whether the change
is significantly different from zero.

4 The FA model using historical information (POTH)

It is noteworthy that the principle of the index flood introduced by Dalrymple (1960) is not used in the developed
model as a natural framework to perform a regional FA. The use of a local index is restricted to normalizing
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data for the purpose of forming the region of interest around the target site. Once RI is transferred to the target
site, a long and much more complete local data set is obtained and a local FA can be conducted. The regional
extreme surges, which have joined the target site series, can potentially play a useful and major role in the
construction of the body of the sample of extreme surges, and then reinforce the statistical fitting at the bulk of
the distribution and at the upper tail as well. The Peaks-Over-Threshold approach, POT, models the peaks
exceeding a sufficiently high threshold. Of the many statistical distributions commonly used for extremes, the
generalized Pareto distribution (GPD) is the most suitable theoretical distribution to fit POT series. A GPD
calculates probabilities of observing extreme events which are above a sufficiently high threshold. The use of a
high threshold (provided that the sample size remains reasonable) provides a sample that is more representative
of extreme events.

Several studies show that, when the selected threshold U is sufficiently high, the asymptotic form of the
distribution function of excess F (y) converges to a GP function (Pickands 1975) which has the following

u

cumulative distribution function:

G(x)= 1‘(1/“5%)5 £#0 @
1-e" £=0

The GPD corresponds to an exponential distribution with a medium-sized tail when & =0, and to a long-tailed
ordinary Pareto distribution for positive values of & and finally, when & <0, it takes the form of a Pareto Type
Il distribution with a short tail. Several methods exist to estimate distribution parameters. For the distribution
parameters estimation, the maximum likelihood method is considered in many investigations as an excellent
option (e.g. Tremblay et al., 2008) especially when HI is used. Furthermore, HI is most often considered in the
FA models as pre-gauging data. Less or no attention has been given to the HI relative to the non-recorded
extreme events occurred during the systematic missing periods. The POTH model (which is a POT-based
frequency estimation procedure with HI), introduced by Hamdi et al. (2015), is used in the present paper. To
estimate the distribution parameters by using the maximum likelihood technique in the POTH model, let us
assume a set of N POT systematic observations X ; with a set of historical HMax surges X, ; - The global
log-likelihood can be expressed as

systematic data HMax data

ﬁ(G|Q) = J&(Xsys,i |6) + ’Q(XHMax,i |0) 3)

For a sufficiently high selected threshold U, a total duration W, and a homogeneous Poisson process with
rate A, the log-likelihood for the systematic data can be expressed as:

JZ(XSYS’i |9) = nlog(Aw;, )—log(n!)—Aw, +anlog f (Xsys'i,ﬁ) 4)
i=1

A HMax data period corresponds to a time interval of known duration W, during which N, historical
observed surges X ., for | =1,2,...nkh are available. Periods are assumed to be potentially disjointed from
the systematic period and other historical periods. The log-likelihood distribution takes the form

Q(XHMax,i |‘9) = N 109 (AWigpga )~ AW irtax [1_ F (ka‘g)] + Zk:k)g f (XHMax,ilg) ®)
i1

We refer to Hamdi et al. (2015) for the theoretical developments of these likelihood expressions.

5 Data and model settings

Surge data sets obtained from the predicted tide levels and corrected observations, collected at a total of 35 sites
located on the French (Atlantic and English Channel) and British coasts. They were chosen as the case study for
this contribution (Fig. 1). The French tide gauges are managed by the French Oceanographic Service (SHOM -
Service Hydrographique et Océanographique de la Marine). The British ones are managed by the British
Oceanographic Data Centre (BODC). The R package OCE (Kelly et al. 2015) is used to calculate the tidal
predictions. In order to remove the effect of sea level rise, the initial mean sea level (obtained by tidal analysis)
is corrected for each year by using a linear regression, before calculating the predictions. This method is inspired
by the method used by SHOM for its analysis on high water levels during extreme events (SHOM 2015). The
regression is obtained by calculating daily means using a Demerliac Filter (W&ppelmann 1997). Monthly and
annual means are calculated respecting the Permanent Service for Mean Sea Level (PSMSL) criteria (Holgate et
al. 2013). The developed RFM is performed at La Rochelle (as a target site). One of the most important features
of the La Rochelle site is the fact that the region in which this site is located has experienced significant storms
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during the last two decades (Martin in 1999 and the Xynthia in 2010). Fig. 1 displays the geographic location of
the whole region and the site of La Rochelle. As depicted in the right-hand panel of Fig. 1, the available surge
data were generally recorded in the period from 1940 to 2010. The figure also shows that the vast majority of
sites, including the target site, are poorly gauged. From 1941 to 2014, the effective length of the data series is
only 30 years. There is no available data for the other years. These data sets constitute the systematic records and
all the non-recorded events that occurred before or during these periods are considered in the developed model as
HI. Indeed, some HI was collected as part of a previous work (Hamdi et al. 2015) in which we collected data
about storm-induced coastal floods that affected the La Rochelle region over the last two centuries (Table 1).

Observation periods & gaps
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34 - North Shields
33 - Immingham
32 - Cromer

31 - Lowestoft

30 - Harwich

29 - Sheerness
28 - Dover

27 - Newhaven
26 - Portsmouh
25 - Bournemouth
24 - Weymouth
23 - Devonport
22 - Newlyn

21 - St. Mary's
20 - Dunkerque
19 - Calais

18 - Boulogne
17 - Dieppe

16 - Le Havre
15 - Cherbourg
14 - Jersey

13 - St-Malo

12 - Roscoff

11 - Brest

10 - Le Conquet
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Figure 1: Location of sites (left); data and gap periods at each site (right). Only Brest and Newlyn have recorded
data before 1940 (from 1846 and 1915 respectively).

We are currently working with historians to build a historical database relative to high historical surges
induced by exceptional events that occurred on the entire French coast (Atlantic and English Channel) before the
gauging period. More than 500 historical extreme events are identified. The region of interest (around the La
Rochelle site) is concerned with only some of these data. The work is ongoing and for the time being the Hl
presented in Hamdi et al. (2015) can be used.

Table 1. Historical data

Year 1866 1867 1869 1872 1924 1940 1941 1957 1999
Surge (cm) 111 80 87 96 127 139-159 137 111 217

6 Main results of the developed RFM

All the simulations were carried out within the R environment (open-source software for statistical computing:
http://www.r-project.org/). The Renext library (IRSN and Alpstat, 2013) (developed by the French Institute for
Radiological Protection and Nuclear Safety - IRSN) was used for the frequency estimations. The Renext package
was specifically developed for flood frequency analyses using the POT method. The main results of the
developed RFM with all the diagnostics are presented in terms of tables and figures (probability plots), where the
main focus was set to the storm surge quantile corresponding to the return period T = 100 years. Prior to the FA,
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the results of the homogenous region delineation and those relative to the transfer of RI to the target site are first
presented first.

6.1 Results of the delineation of the homogenous region of interest

The scheme for obtaining the extremal dependence between the La Rochelle site as a target site and all the other
sites is applied herein. The question one can ask is from which value of y the association between two sites
becomes positive (becomes neighbors)? This brings up another question: from which value of the Spearman's
rank correlation coefficient the relationship between storm surges at two sites can be described by a monotonic
function. An objective answer to this question cannot in any case suggest an exact value or a statistic under or
above which things are different but there is an area in the space of the parameter (i.e. the correlation coefficient)
or a range of values that can be explored and depending on the sensitivity to this coefficient conclusions can be
drawn. From the ESE based on the pairwise extremal dependence coefficient y, depicted in Fig. 2, three
geographically coherent regions of interest corresponding to three neighborhood thresholds (N, =0.3, 0.4 &0.5)
are obtained. Fig. 2 presents the distributions of the ESE with these neighborhood thresholds.
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1 1 1 1 1 1
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16 - Le Havre
17 - Dieppe
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Figure 2: The ESE centered on the target site (La Rochelle)

From a physical point of view, these extreme surges are most often induced simultaneously by the same storms.
Regarding the extreme surge definition and extraction, the quantile 99% is used as a sufficiently high threshold
above which a surge is considered extreme. The ESE is performed on all the available sites to define the region
of interest around the target site. It is noteworthy that the propagation of a storm between sites is taken into
account in the definition of simultaneous occurrences of extremes. Indeed, identifying extreme simultaneous
surges is performed in a 1-day time window.

As stated earlier in this contribution, the prerequisite for homogenous region delineation is that the surge
distributions anywhere in the region are the same except for a local index parameter. This can be verified by
applying the regional heterogeneity and the at-site discordancy measures proposed by Hosking and Wallis
(1986a, b). The region can be considered as acceptably homogeneous if the heterogeneity measure
Hi(i =1,2,3)<1, possibly heterogeneous if 1<H; <2 and definitely heterogeneous if H, >2. For the
discordancy statistic, the target site will be declared discordant if D > 3. The calculation and the analysis of
these statistical measures confirm that the hypothesis of homogeneity of the region is accepted.
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6.2 Results of the transfer of regional information to the target site

The transfer of the RI from the homogenous region to the target site (La Rochelle) is performed using the MLR
model and the ANOVA technique. Once the regression matrix is extracted for each configuration of effective
sites and prior to performing the transfer, correlation coefficients between the target site and its neighbors are
analyzed to evaluate the influence of surges at each neighboring site on the desired surges at the target site.
These coefficients provide a measure of the linear relation between two sites’ surges and also indicate the
existence of collinearities between the explanatory surges (at neighboring sites). This additional step gives us a
preliminary idea about which sites are consistent. A site will be kept or removed, in the transfer procedure, by
the ANOVA technique.

The statistical significance of the regional regressions is also analyzed by calculating the RMSE and the Nash
coefficient for each configuration of effective sites. Fig. 3 (left) shows the cross-validation result of the full MLR
model when all the neighboring sites (obtained with a neighborhood threshold N, =0.3) are involved (full
model). The scatterplot demonstrates a tendency for reconstructed surges to go with significantly low errors and
this is confirmed by the RMSE (3%) and Nash coefficient (94%) criteria. The results show that the MLR may
well reconstruct surges at La Rochelle when the full model is used. Before 1941, observed surges are only
available at the Brest site. The configuration in which the observations are available only at the Brest site led to a
low Nash coefficient and a high RMSE. Furthermore, the ANOVA analysis has also led to reducing the MLR
model by removing the Brest site when it is the only one providing RI. Fig. 3 (right) shows the results of the RI
transfer from the region of interest to the target site (La Rochelle). These results suggest that 5,259 surges were
used to enrich the some 3,148 initial surges at La Rochelle. Note that only relevant configurations of effective
sites (according to the RMSE and the Nash coefficient) are used.
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Figure 3: Cross-validation of the full MLR model (left) and local series at-target site (La Rochelle) with 3,148
local observations (black bars) enriched with 5,259 regional extreme surges (red bars) (right).

This means that we have much less variability in the sample and the width of the confidence interval, calculated
with the delta method, may also decrease significantly.

6.3 Results of the developed RFM

The FA using the initial data set at the La Rochelle site (before transferring the RI), comparison of the results
(with and with no HI included) and the application of the maximum likelihood method to estimate the GPD
parameters was performed in a previous work (Hamdi et al. 2015). Initial systematic surges and 9 HMax data
(nk = 9) are presented in Fig. 4. Since historical surges tend to be the most extreme and since those occurred in
1867, 1869 and 1872 are not high enough, only 6 HMax data are used by the POTH model. The application of
the developed RFM on the French coast (Atlantic and English Channel) with La Rochelle as a target site leads to
the results presented and analyzed herein. This section is divided into two parts: (i) the results of the FA when
systematic data (local and RI) alone are used; and (ii) the main results of the developed RFM with systematic
(local and regional) data and HI.
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Figure 4: Systematic and historical data with the POTH model settings.

All the results are presented in terms of Return level plots, estimates of the quantiles of interest S; (T=100 years)
and relative confidence interval width ACI/S; . The results of the FA, performed with no HI included, obtained
for La Rochelle (target site) are summarized in Fig. 5 and Table 2. The presented results correspond to the cases:
with no RI included in the sample, and with both local and regional data. The distribution of extreme surges
converges to the exponential one when systematic data alone are used. The inclusion of the RI leads to a positive
shape parameter and consequently higher quantiles are obtained for return periods higher than 100 years. Indeed,
the results given in Table 2 indicate that the effect on the 100-year quantile remains nevertheless limited.
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Figure 5: The GPD fitted to the extreme surges: with no HI included (left), local data enriched with RI (right).

The matter at hand is that, as shown in Table 2, the relative widths of the confidence intervals are slightly
larger when the regional data are involved. In addition to the fact that, unlike the GPD distribution, the
exponential one naturally leads to narrower confidence intervals, there is more variability (measured by the
standard deviation) since the sample size (N, =53exceedances) is the same in both cases and likewise the
effective duration has increased (from 30 years to 60 years when the RI is included). Moreover, on the basis of
the visual inspection, we observe that the fit of the large empirical frequencies at the right tail of the distribution
(excluding the outlier) is much better than that obtained without RI. This illustrates the consistency of the
regional extreme surges in the analysis. Even though the outlier is slightly better represented in the sample, and
is closer to the central body of the distribution, it has remained outside the 70% confidence interval.

Fig. 6 and Table 2 summarize the results of the developed RFM. The systematic and historical surges are
indicated by black and red filled circles respectively. The results correspond to the cases: when systematic (local
and regional) data alone are used, and with both systematic data and HI. In the latter case, the estimated quantile
has appreciably changed, owing to the presence of many additional extreme surges (regional data) in the central
part of the distribution (i.e. increased probability mass) and many exceptional events (HI) in the upper tail of the
distribution especially in the vicinity of the outlier. As a matter of fact, the inclusion of both regional data and Hl
allow a much better representativeness of the outlier in the sample. The fit with empirical frequencies of both
systematic and historical data is satisfactory. Furthermore, given the shape suggested by these observed
frequencies, it seems likely that no curve would fit these points more convincingly.
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Figure 6: The GPD fitted to local extreme surges enriched with RI: with no HI included (left) and with HI
included (right).

Table 2: 100-year quantile and relative width (in %) of its 70% confidence interval (using the local FA, RFM
with no HI included and RFM with HI).

Model settings

S m) ACI/S
w, (years) u(m) N; Wy, (vears) -0 (M) /3
Sys. data 30 0.6 53 1.32 25%
Sys. + regional 60 0.7 53 1.29 32%
Sys. + regional + HI 60 0.7 53 85 1.59 3204

From Fig. 6, we observe that the fitting results at the right tail of the distribution appear more adequate and
from Table 2, we observe that combining regional data and HI leads to an increase of the 100-year quantile of
about 30 cm since the shape parameter is positive and greater than that obtained when regional data alone is
used. In other words, the 100-year return level in the initial fitting has a return period of only 30 years in the new
fitting with regional and historical information included. Lastly, despite the facts that there is more variability in
the sample (the sample size is the same but the effective duration has doubled), and that the 100-year quantile
has significantly increased, the relative width of the confidence interval has remained almost constant.

7 Further discussion and performance study

The results of the developed RFM are compared with those obtained by Bardet and Duluc (2012) by applying
the index flood principle and the regional FA approach proposed by Hosking and Wallis (1993, 1997). The
models are applied on the French coast (Atlantic and English Channel). The basics of the approach proposed by
Hosking and Wallis (1993, 1997) are presented in the introductory section. The comparison is mainly based on
the 100-year quantile and its relative confidence interval width (with and without the use of HI).

7.1 Comparison with the model proposed by Hosking and Wallis

Table 3 summarizes the results obtained by the developed model and those obtained by the reference model
(Bardet and Duluc, 2012). The FA is performed at the La Rochelle site. The return level plot obtained by Bardet
and Duluc (2012) for the same site is presented in Figure 7 (storm surges are normalized with the empirical
annual value). The comparison is also based on the 100-year quantile and relative widths of their 70%
confidence intervals and carried out with and without the use of HI. From Table 3, we observe that the quantile
of interest resulting from the proposed RFM performed with the regional data and with no HI included are close
to those obtained by the reference model. Conversely and unsurprisingly, the relative width of the 70%
confidence interval is significantly greater when the proposed model is applied. Indeed, this is directly related to
the so called “bias-variance tradeoff” in selecting the POT threshold. Obviously, when the threshold is chosen
very low as was the case in the reference model (41 cm for the La Rochelle site), the sample size may increase
significantly. This means that we have much less variability in the sample and the width of the confidence
interval, calculated with the delta method, may also decrease significantly. Since the threshold chosen to
implement the proposed model has allowed the extraction of extreme storm surges, minimizing at the same time
errors related to the bias and the variance, and since the use of this threshold led to a sample size 2 times smaller
than that used by the reference model, uncertainty (expressed herein in terms of confidence interval) has
increased accordingly. Comparison of the associated uncertainties becomes somewhat meaningless.
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Both models use the delta method to calculate confidence intervals. The delta method is a classic technique in
statistics for computing confidence intervals based on maximum likelihood theory. The variance of return level
estimates is calculated using this method and an asymptotic approximation to the normal distribution. The delta
method is used in the present work because, unlike the other methods (such as the profile likelihood and the
bootstrap), it makes it possible to integrate the heterogeneous information (systematic, historical and regional)
more easily. Notwithstanding the fact that it provides symmetric intervals, which is not quite credible, it can be
quite misleading so, in practice, tricks based on transformations, bias-corrections, etc., are often used to improve
their accuracy. The bootstrap confidence intervals automatically incorporate such tricks without requiring
thinking them through for each new application, at the price of an important increase in computational effort.

On the other hand, the inclusion of HI in addition to the regional data in the inference has allowed increasing
the quantile of interest by about 35 cm. Moreover, on the basis of the visual inspection of the return level plots,
we observe that the fit of the large empirical frequencies at the right tail of the distribution, including the outlier,
is much better than that obtained by the reference model. The outlier (Xynthia 2010) is also much better
represented in the sample and closer to the central body of the data. The reader is referred to figure 7 and to
section 6 of the present paper for the return level plots.

Table 3: The 100-year quantile and relative widths of its 70% confidence interval (proposed & reference model).

Bardet and Duluc [9] Proposed model

Without HI With HI
ACI1/S
St_100 (m) ACI/ S St_100 (m) ACI/ S St100 (m) / T
1.25 9% 1.29 32% 1.59 32%

Standard surges

5 10 20 50 100 200 500 1000

Return period (years)

Figure 7: The GPD fitted to normalized regional extreme surges (Bardet and Duluc, 2012).

7.2 Advantages and disadvantages of the developed model

Unlike the reference model, the one developed here allows us to keep all the raw data at the target site in the
final local data set to be declustered and then used in the POT frequency model. Indeed, the RI is used in the
proposed model to complete the data available at the target site (often poorly gauged). This means that the FA is
performed directly with the at-target site sample enriched with the RI. A first main advantage lies then in the
possibility to conduct the FA directly on the improved local sample at the target site (longer than the initial one;
body and upper tail of data with much more extreme surges, outliers better represented) while avoiding the
problems associated with the use of a local index as a framework of the FA in a regional context. It is commonly
known that the index flood (presented in the reference model as the index surge), which is the core of the
reference model, leads to strong constraints concerning at-site distribution parameters (Ribatet et al. 2007).
Indeed, in addition to the issue of wrongly using the same distribution shape parameter throughout a possibly
heterogeneous region and a possibly mixed statistical population (in relation to the meteorological and climatic
mechanisms of extreme storm generation), the index surge model assigns the same weight to all the observations
in the regional sample. This is debatable since the most relevant information is certainly and obviously the target
site information as it is the only information which is “really” distributed as the target site. Thus, in the index
surge approach the available at-target site information is not efficiently used. Furthermore, the use of the local
sample allows us to avoid the problems often encountered in the existing RFMs in dealing with the spatial
dependence and the estimation of the effective duration to be used in the inference.
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The second main advantage of the developed model lies in the use of HI and how to properly address the
outlier issue in the FA. Unlike the reference model and many other existing RFMs, the developed model allows
using the HI without making “crude” assumptions (especially those relative to the effective durations).
Furthermore, the existing RFMs are not really suitable for data sets containing an outlier. Indeed, as mentioned
in the introductory section and as depicted in Fig. 5 (left), the presence of an outlier in a sample leads to poor
estimation of the distribution parameters and must be addressed properly in the FA. Without surprise, the use of
HI increases the representativeness of exceptional surges in the sample. It is commonly known that the GPD
parameter estimates are strongly influenced by the upper observations and by the body of the observations as
well (e.g. Coles, 2001; Serinaldi and Kilsby, 2014). With respect to this issue, one should be aware that the historical and
the RI work well together to meet this requirement. Indeed, the main feature of the regional observations added
to the local sample at the target site is that they have reinforced much more the lower tail and the body of the
data than the right tail. Alternatively, the latter is reinforced by the historical events because they tend to be the
most extreme.

The matter at hand is that the representativity of the outlier has increased substantially, in part because we are
probably somewhat lucky since historical surges are available at the target site. An in-depth analysis to illustrate
what can happen when no HI is available at the target site, and/or the sites, at which HI is available, are removed
because they are not consistent. However, when one is interested in a particular site, the HI can be harvested
around this site. Two more issues that should be kept in mind for a fair comparison of the models are related the
regional regression (the MLR model) used to transfer the RI from the region to the target site. The first issue
regards the bias that could be introduced in the frequency estimates. Indeed, surges used in the full regression did
not exceed 1 m. As a consequence, high surges (including the exceptional ones) are less represented in the
regression matrix. A second related issue when the region of interest is small concerns the quality of the MLR.
Indeed, a larger regional MLR model (with a larger number of predictors) is likely to lead to a more global and a
better regression (this corresponds to a large number of potential neighboring sites in our case). The challenge is
then to find a compromise between increasing the degree of similarity between neighbors (by increasing the
neighborhood threshold N,, this leads to a smaller number of neighbors) and increasing the number of neighbors
(by decreasing N, ) for a better regression.

On another hand, further description of how the skew storm surge time-series were determined and the likely
sources of uncertainty need to be assessed further. Indeed, an in-depth work on the evaluation of uncertainties
associated with the calculation of skew storm surges from observed and predicted water-levels should be
conducted to appreciate for example how this uncertainty propagates in the RFM and how it is likely to be
reflected in the final results (the 100-year return levels, for instance).

Finally, a restrictive issue regards the selection of the thresholds (the POT threshold u,, , the neighborhood
threshold N, and the threshold U, defined by the sample extreme quantile of probability p ). As a matter of fact, it
is difficult to choose a threshold level and this introduces subjectivity in what should be taken as a reasonable
threshold (e.g. Coles, 2001). The reader is referred herein to Bernardara et al. (2014) for a literature review about
this topic.

- The threshold u, to extract the POT observations: the use of a too low threshold introduces a bias in the
estimation by using data which may not be extreme and this violates the principle of the EVT. On another
hand, the use of a too high threshold reduces the size of the sample. This constraint is even more difficult to
avoid when the number of extremes in the data is small (as is the case herein with the initial local series at La
Rochelle) where one is led to mistakenly lower the threshold to collect a sufficient number of exceedances.
As mentioned in a previous section, a large number of regional extremes have joined the at-target site surges.
These additional extremes allowed us to select a higher threshold than that used for the initial sample while
maintaining at least the same sample size. This has the advantage of strengthening the statistical fitting at the
bulk and at the upper tail of the distribution. Unfortunately, even when increasing the number of extremes in
the sample, the problem of simultaneously minimizing the bias and the variance (bias-variance tradeoff)
remains a source of uncertainty when performing a POT frequency model (Coles, 2001).

The thresholds N,and U, to compute the ESE and form the region of interest: the asymptotic properties of the
marginal X, (i.e. the fact that X, belongs to an extreme set is a convention of the ESE) can be violated
when a too low threshold U, (i.e. p<70%, for instance) is used to compute the extremal dependence
coefficient of a given site. The use of a too high threshold U, (i.e. p>95%, for instance) can significantly
reduce the number of the pairs of simultaneous extreme events to be used in the compute of the »
coefficient. On the other hand, and even if the up threshold is chosen correctly, a neighborhood threshold too
high will limit the number of neighbors and decrease the size of the region, while a threshold too low will
erroneously increase the region. It is for this reason that we have calculated the extremogram for three values
of Nt. Moreover, even if the U, is adequately selected, a too high neighborhood threshold N, (i.e. N, >0.7,
for instance) will limit the number of neighboring sites and decrease the size of the region of interest while a
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too low threshold will erroneously increase this region. Although, it is for this reason that we have calculated
the extremogram for three values of N, .

8 Conclusion and future work

A new approach, aiming at incorporating both regional and historical information in a local FA, has been
proposed and applied to extreme surges at a poorly gauged target site (La Rochelle), which is located on the
French coast (Atlantic and English Channel). Another approach (based on the spatial extremal dependence and
the spatial empirical extremogram) to form a homogenous group of sites is also developed. A regional MLR
model is used to transfer the Rl from the homogenous region to the target site. The RMSE, the Nash coefficient
and the ANOVA technique allowed removing the non-consistent terms (i.e. sites) from the regression. Lastly, the
POTH frequency model (with adapted likelihood functions to properly handle the HI) is used to perform the FA
of extreme surges.

Return level plots and estimates of the 100-year quantile with the associated confidence interval are presented
and analyzed. Overall, extreme surges (including the outlier) are well fitted when both the regional data and the
HI are simultaneously included in the inference. The 100-year quantile is 30 cm higher when the FA is carried
out with the developed model.

The approach used to form the region of interest (based on the notion of the asymptotic dependence and the
ESE) leads to a homogenous region centered on the target site and avoids the problem of the “border effect”.
Likewise, the proposed RFM is based on the local data at the site of interest. Indeed, it strengthens the local
distribution and assigns a significant weight to the data at the target site (often poorly gauged) which allow us to
consider some relevant local effects in the inference. The approach presented in this contribution is thus a
promising approach for the estimation of high quantiles at sites of interest (Nuclear Power Plants for instance)
with short flood records characterized by the presence of outliers and too many gaps. One question that
nevertheless remains open is related to the robustness of the frequency estimations beyond the 100-year return
levels and the associated uncertainties.

An in-depth study could help to thoroughly analyze the results of the extrapolation to higher return levels (the
1000-year quantile for instance) and the associated uncertainties. This could generate several important
perspectives, namely:

1. The assessment of the reliability of storm surges reconstituted with the regional MLR model. Indeed, the
estimation of the uncertainties related to these reconstitutions and comparing them with those related to a
reconstitution with other approaches (e.g. hydrodynamic modelling) would allow a better appreciation of
the results.

2. In the conducted FA, using the proposed RFM, it was assumed that the largest historical surges were
measured or simulated without errors;

3. In the case study used in the present contribution, HI is available at the target site. It could be helpful to

explore what would happen if HI is not available at the target site or available at less consistent sites;

The POT threshold selection remains subjective;

How the theoretical distribution (GPD) is representative of both the systematic and the historical surges is

also an important issue.

ok~

Further research on other target sites could provide us with solutions and answers to these problems and
questions.
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