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Abstract. The evaluation of the probability of occurrence of 1 Introduction

extreme natural events is important for the protection of ur-

ban areas, industrial facilities and others. Traditionally, the

extreme value theory (EVT) offers a valid theoretical frame- A reliable estimation of extreme natural hazard is important
work on this topic. In an over-threshold modelling (OTM) for the protection of remarkable natural sites, urban areas,
approach, Pickands’ theorem, (Pickands, 1975) states thaldustrial facilities, etc. In particular, extreme natural events
for a sample composed by independent and identically disinclude floods, heavy rainfalls, high and low temperatures,
tributed (i.i.d.) values, the distribution of the data exceedingStrong winds, high sea levels or sea surges, oceanic waves,
a given threshold converges through a generalized Pareto di§Mmong many others.

tribution (GPD). Following this theoretical result, the anal-  Traditionally, the estimation of the probability of occur-
ysis of realizations of environmental variables exceeding a€nce of such extreme events is performed by fitting a
threshold spread widely in the literature. However, applyingProbability distribution to a sample of historical observa-
this theorem to an auto-correlated time series logically in-tions for a given phenomenon observed at a given site,
volves two successive and complementary steps: the first ondsually recorded as a time series of observations. In this
is required to build a sample of i.i.d. values from the avail- framework, the extreme value theory (EVT) (Fréchet, 1928;
able information, as required by the EVT; the second to sefchedenko, 1943; Gumbel, 1958; Pickands, 1975) offers a
the threshold for the optimal convergence toward the GPDSound theoretical framework.

In the past, the same threshold was often employed both for In particular, Pickands’ theorem (that can be seen as a
Samp]ing observations and for meeting the hypothesis of excentral limit theorem for extreme ValueS) states tha.t, in a
treme value convergence. This confusion can lead to an efS@mple composed by independent and identically distributed
roneous understanding of methodologies and tools availabld-i-d.) values, the distribution of the data exceeding a given
in the literature. This paper aims at clarifying the Concelo_threshold converges towards a generalized Pareto distribu-
tual framework involved in threshold selection, reviewing the tion (GPD) (Pickands, 1975). Following this theoretical re-
available methods for the application of both steps and illus-Sult, the over-threshold modelling (OTM) approach widely

trating it with a double threshold approach. spread in extreme value analyses, together with the appli-
cation of the GPD, (Davison and Smith, 1990; Simiu and

Heckert, 1995; Embrechts et al., 1997; Palutikof et al., 1999;
Coles, 2001; Mackay et al., 2001; Pandey et al., 2001; Ros-
bjerg and Madsen, 2004; Ribatet et al., 2007). It is widely
recognized that the choice of the threshold is a critical point
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in this approach and the final estimation could significantly Taylor et al., 2009; MacKay et al., 2010; Mazas and Hamm,
depend on its value (Onoz and Bayazit, 2001; Li et al., 2012)2011). Many possibilities exist for getting time series of ho-
In this theoretical framework, the choice of the appropri- mogeneous physical phenomena (clipping, decomposition,
ate threshold should be a statistical optimization procedurecleaning, etc.) but they are beyond the scope if this paper.
Given an empirical sample of i.i.d. observations, the selectedn the following, if not stated differently, it will be consid-
threshold must be high enough to meet the hypothesis of corered that the time series are identically distributed, but they
vergence on the GPD but it should be low enough to limit are still not composed of independent values.
the variability of the GPD parameter calibration on the sub- Accordingly to the previous considerations and within the
sample of observations over the threshold (Beirlant et al.framework of the OTM, the constitution of the sample for
1996). This is the well-known dilemma between bias andthe statistical inference of the extreme return levels of the
variance. environmental variable logically requires two successive and
However, environmental variables are often handled ascomplementary steps: the physical declustering and the sta-
time series, i.e. discrete realizations of this variable, com-tistical optimization.
ing from either observation or modelling, far from being  The need for both declustering and statistical optimization
i.i.d. More precisely, environmental time series are oftenwas generally recognized in the past. However they were
composed by dependent values because of the strong teroften confused or merged together, arising methodological
poral autocorrelation (e.g. Zawadzky, 1987; Smith, 1988;questions and confusing the meaning of the two operations.
Colombo et al., 1999; Walton, 2000; Marani, 2003; Bernar- For instance, Lang et al. (1999) stated that “two different ap-
dara et al., 2006). The autocorrelation is indeed explainegroaches can be adopted for threshold selection: the first one
by the dynamical behaviour of the subjacent physical sysdis based on physical criteria.[] and the second one is based
tem and its momentum. Since the pioneering works of Hurston purely mathematical and physical considerations”, but
(1951), some studies even suggest that the autocorrelation difiey neither separate both steps, nor recognized their com-
some environmental time series could be infinite (Schertzeplementarity. It is indeed important to clarify which, among
and Lovejoy, 1997; Elek and Markus, 2004; Koscielny- the numerous parameters to be defined for an OTM anal-
Bunde et al., 2006). ysis, often largely arbitrary (Takvor and Panagiota, 2001),
An attempt to cope at the same time with EVT and au- are involved in the physical declustering and which ones are
tocorrelated data is the introduction of the extremal index,involved in the optimization procedure. Even when in the
(Leadbetter et al., 1983; Smith and Weissman, 1994; Emypast the two steps were performed separately (Dupuis, 1998;
brechts et al., 1997; Ancona-Navarrete and Tawn, 2000Egozcue et al., 2005; Bernardara et al., 2008, 2011; Gar-
Coles, 2001; Beirlant et al., 2004). The extremal index is anavaglia et al., 2010; Bardet et al., 2011; Mazas and Hamm,
extra parameter that allows taking into account data auto cor2011; Wahl et al., 2011), or when approaching the two steps
relation on the extreme value theorem. The extremal indexat the same time (i.e. the extremal index approach), the un-
represents the reciprocal of the mean size of event clusterslerlying concepts were not clearly exposed.
Estimating this index allow to apply the EVT theoremresults  With the previous considerations in mind, this paper aims
directly on a series of auto correlated observations. at clarifying the general conceptual framework of threshold
However, in general, the EVT cannot be applied directly to selection for over-threshold modelling, distinguishing in par-
the observed data and a data pre-processing is needed in dreular the physical declustering procedure from the statis-
der to build the i.i.d. sample required by its hypothesis. Thistical optimization. A large literature review of the existing
data pre-processing is often called physical declustering, bemethods for both steps is given.
cause it tends to extract independent observations from the The main improvement of this effort of review and clarifi-
time series, which are naturally (physically) clustered. cation is that, distinguishing both steps, the existing methods
Moreover, environmental time series can be composecan be used in the right context, namely the physical declus-
by nonidentically distributed (nonhomogeneous) values. In-tering can be done based on physical arguments and the sta-
deed, natural phenomena can have very different physicdistical optimization is performed later with purely statistical
genesis, they can exhibit strong seasonality of the observethethods.
phenomena or they can depend on other covariates. Among Note that this theoretical discussion is relevant in a multi-
others, Adamowski (2000), Garavaglia et al. (2010) anddisciplinary context, including different environmental appli-
Allamano et al. (2011) show that mixing heterogeneous sameations (e.g. hydrology, meteorology, ocean sciences). This is
ples can lead to biased estimation of extreme value probabilan important point toward sharing of the knowledge of OTM
ity of occurrence. Garavaglia et al. (2010) introduced a com-techniques between different domains and different scientific
pound distribution for extreme rainfalls taking into account communities. As a consequence, in this paper literature re-
seasonality and different physical genesis. For wave heightsyiew and examples are based on environmental phenomena
probability distribution and even time series autocorrelationas different as floods, heavy rainfalls, extreme winds, high
may depend on direction, fetch, water depth and other cosea levels, extreme sea surges, and oceanic waves.
variates (Mathiesen et al., 1994; Jonathan and Ewans, 2007;
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The paper is organized as follows. In Sect. 2, the two steps{ will depend mainly on the natural phenomenon involved,

are depicted and the methodological framework is clarified.on the available data and on the aim of the study.

In Sect. 3 a review of the current methodology for physi- The appropriate physical declustering technique also de-

cal declustering and statistical optimization of the statisticalpends on the characteristics of the given natural variable, of

threshold is given. It is also shown that often in the past thethe time step of the series and on the physic and dynamic

two steps were merged together and sometimes confused. kcharacteristics of the observed process. For instance, the

Sect. 4 this general framework is applied to two different casedeclustering of a daily temperature time series will require

studies for the estimation of hydrological and maritime ex- different techniques than the declustering of hourly rainfall

treme observations. In particular a double threshold is intro-observations. In general, the knowledge of the physics of the

duced. In Sect. 5 some final conclusions are drawn. studied phenomenon drives the physical declustering choices
that should guarantee: first the independence of the selected
events and second that no event is omitted in the process.

Itis quite important to stress thatandX are per se differ-

2 Distinguishing two steps for OTM ent random variables. Itis quite clear in the case of daily river
discharge vs. flood volume, but it is also true in the case of

Let Z(z) be a time series (or, more generally, a spatial field) three-hourly wind speed vs. the peak wind speed of a storm,

of discrete realizations of a given environmental varialle, for instance. In particular, even if each event can be associ-

(e.g. ariver discharge, a significant wave height, a sea levelated to a particular instant of occurrence on the time le,

a surge, a temperature, a wind speed, etc.) at a given resoldoes not depend on time any more.

tion, Az (i.e. time step, either regular or irregular). This can A sample ofN7 i.i.d. valuesy; is thus obtained. Its size is

be the result of observation or modelling. The time series ismuch lower than the size of the time serigg), generally in

assumed to be identically distributed. the order of few hundreds instead of several thousands.

For extreme value estimation applications, times series |n Sect. 3 a review of practical methods for physical

lasting several years are generally needed. For this reaso@eclustering of environmental time series is given.
their size can be very important, depending on its duration,

K, and time stepAt. For example, a daily series lasting 20yr 2.2 Step 2: statistical optimization

contains around 7000 values, while an hourly series lasting

5yr contains more than 40000 values. Note also that envi-The physical declustering allowed the setting up of an i.i.d.
ronmental measures are often submitted to failure of measample: the EVT hypothesis is now met and the well-known

surement device, thus the time series can be incomplete. ~ Statistical models can be applied.
Let us introducexs, which stands for statistical thresh-

old and let us define the random varialile= X — us, given
X > us. Y is the exceedance of above the thresholds.

The physical declustering aims at extracting a sample ofThus a samplé; of size N can be defined from the sample

i.i.d. values,X;, from the time seriesZ(r). This step can be i - ¥i = Xi —us, gvenX; > us. Note the sample size reduc-

viewed as an identification procedure, through purely phys—tlon (N = N7) as thex; values_falllng below (or equal tajs

ical consideration, of independent events. We claim that thé'® e_zquuded from th_e analysis. _ _

notion of event and its correct understanding is a fundamen-  ithin the theoretical framework of OTM, and in partic-

tal concept of EVT analysis applied to a time series. An event!ar according to Pickands’ theorem, whesincreases, the

is defined here as a continuous physical phenomenon of thligc’bablllty Q|str|but|on Of_ thg sgmplé;fi converges toward_

environmental variable, notably out of its mean regime, ast 1€ Qe”?fa"zed Eareto dlstr|but|op (,GPD) whose cumulative

can be instinctively comprehended by anyone: a storm fOlpllstnb_uno_n fu_nct|0n of the GPD, in its three parameter for-

wind speed or wave height, a flood for river discharge, a hea{nulanon, is given by

or cold wave for temperature, a drought for rainfall, etc. -
(]

2.1 Step 1: physical declustering

Ea

The events have a given duration that is often longer thatF (y)=1—
the resolutionAt of the time series. In this case an event is
composed of a set of consecutive discrete realizations of thevhere k, k £ 0, is the shape parameter, also indicated as
variable, called cluster. The analyst should then define arang (or —¢&) in statistic literatureo is the scale parameter
dom variableX describing the events. Very often this event- and p is the location parameter, with> p for k > 0 and
describing variableX represents the maximum value 6fr) M<y<Uu—o/k for k < 0. Note that following Pickand’s
within the event, or cluster, and is often called the “peak” of theorem, the location parameter is generally set equal to zero.
the event. HoweverX may also be the result of any mathe- Note also that the modified scale parametér= o — kus, is
matical transformation of the cluster values: this is the caseoften used as scale indicateg is thus the optimal threshold
for the volume of a flood, for example. Generally speakiig, providing the best compromise between the convergence of
can be any characteristic of the event. The actual definition othe Y; through a GPD (bias minimization) and the necessity

: 1)
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Autocorrelated time series of observations Z(t) 3.1 Methods for physical declustering (Step 1)

Temporal evolution of the environmental variable Z 31.1 General principles

Physical Declustering As stated in the previous sections, the physical declustering
procedure aims at building the i.i.d. sampdg on which all

the statistical analyses are based, by identifying and charac-
terizing the events.

Generally speaking, this procedure does not require the
. v _ “over-threshold” concepts per se. One could imagine, for
i.d. sample X; (size Nr) instance, manually extracting a sample of extreme and in-
X Event-describing random variable dependent events from a historical record of observations.
Garavaglia et al. (2010) introduced the concept of central
Statistical Optimization rainfall, defined as the rainfall observatiéf(s) for which
z(t —1) < z(¢) > z(t + 1) for declustering the rainfall obser-
vations series.

However, an overview of the literature (see in particu-
lar Lang et al., 1999) shows that the techniques based on

v the definition of a threshold to be exceeded spread widely.
GPD-convergent sample Y; = X; — Us |y, >u (size N) Adamowski (2000) claims, moreover, that the choice of the
threshold for declustering is also a critical step in order to se-
lect homogenous events and to avoid merging different pop-
Fig. 1. General framework for identifying extreme data for over- ulations of observations (this is the concept of identical dis-
threshold modelling (OTM). tribution mentioned above).

Following such an approach, the clusters (events) are usu-

ally defined as the series of consecutive valueg @f above
to keep enough datg for the estimation of its parameters 5 given threshold, which is called herg, for physical
(variance minimization). The extrapolation of the estimatedthreshold. Note that this approach was often called partial du-
GPD will yield the estimated return levels (or extreme quan-yation series sampling in the past (Cunnane, 1973; Rosbjerg,
tiles). Theus threshold selection step is called here statisti- 19g5: Rosbjerg et al., 1992; Madsen and Rosbjerg, 1997).
cal optimization. The statistical optimization step is a purely  As mentioned in Sect. 2.1, the event-describing variable
statistical problem for which several methods have been prox ¢ould be any transformation of the valuesfwithin the
posed in the literature; see Sect. 3 for a general review. It doeg|yster. For example, a temporal integration of the consec-
not depend on the particular random variable (environmenta;tive value of river discharge over the physical threshold is
or not) and it is general for every extreme value application. sometimes used in hydrology to characterize the volume of
~ Ageneral overview on the two-step framework is depicteda flood. However, in most environmental applications, the
in Fig. 1. maximum value ofZ(r) observed during the clustér or
event peakX;, is retained to describe the event. For this rea-
son the name of peak over threshold (POT) spread widely in
the literature for this sampling technique.

It has been stressed above that the physical declustering

In this section a literature review of the physical declusteringmMust not only identify the events, but also guarantee their
and the statistical optimization techniques is given. Its aim isi"dependence. As a consequence, the actual definition of a
not to particularly recommend any of these to the detrimentcluster (event) generally relies upon two different families
of the others, but rather to catalogue the different practices®f Parameters: on the one hand, the physical thresigld

At the end of this section a discussion is proposed to underWhose value is expressed in the same unitZ@s (but not
stand why and how these two steps were often merged angecessarily aX;, e.g. the volume of a flood); on the other
confused in the past and we point out that this knowledge idand, one or several parameters needed for ensuring the in-

important in order to perform correctly both steps. dependence of the different clusters. _ _ _
Several physically based criteria are available in the liter-

ature for the definition of the physical threshold and for the
characterization of the independence of the clusters.

Aim: identifying and characterizing independent
events

Aim: setting a threshold for the convergence of the
X; towards the GPD by determining the extreme
domain in a statistical meaning

Exceedances over the statistical threshold of the « extreme » X;

3 Review of methods for physical declustering and for
statistical optimization
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3.1.2 Physical threshold of A1 around 5 for extreme sea surge. Floris et al. (2010) an-
alyzedit in a framework of extreme rainfall analysis.

The choice of the thresholg, is a key step for the identifica- Some authors set the threshold using a given quantile of

tion of events. Several approaches were proposed in the patite time serie€ (). Ruggiero et al. (2010) set it to the 99.5th

for the definition of the physical threshold. percentile of the data, working with wave heights. Rosbjerg

First, and quite simply, the choice of the physical thresh-et al. (1992) suggest calculating the physical threshold as the
old can be defined by an expert prior knowledge. Expertmean value of the observed series plus three standard devia-
prior knowledge can be based, in a heuristic approach, on théons. Notice that, though it looks like a statistical approach,
practical consequences for the phenomenon to cross a givethere is no optimization process in it.
threshold value. For example, Bonazzi et al. (2012) define a These criteria for the selection of the relevant physical
wind velocity threshold corresponding to the level at which threshold were compared and simultaneously used in the
damage to buildings is likely to occur. Perception threshold,past, for instance Ntegeka and Willems (2008) stated that “an
defined by expert estimation, is used to perform OTM for his-extreme event can be selected based on frequency, intensity,
torical and non-systematic observation, (Ouarda et al., 1998threshold exceedances or physical expected impacts”.
Barriendos et al., 2003; Payrastre et al., 2005, 2011; Hamdi

etal., 2013). 3.1.3 Parameters for ensuring the independence
For threshold selection, Lang et al. (1999) defined the of the events
mean number of events per yeaf,= Nt/K, wherek is the
total duration of the time series, in years, avlis the num-  In order to ensure the independence of the selected events,

ber of physical events to be selected (and also the sample sizaany physically based criteria have been developed. Several
of the X;). Then they discussed the evolutiomagfwhen the  of these criteria are recurrent in the literature and will be pre-
threshold increases and they identified four domains. Firstsented here.
the threshold is below the minimum of the time series: thus The most common techniques consist in setting temporal
the entire time series is considered as an event, though it hgsarameters, most of the time based on the minimal time lag
no physical sense. Second, as the threshold value raises beetween two events. The idea is quite simple: after a given
tween the minimum and (roughly) the mean value of the seperiod of time, the autocorrelation between the observations
ries A1 increases: the higher the threshold, the more eventbecomes negligible and two events can be safely considered
there are. This actually means that just shortfalls below a lonindependent. The definition of this time lag is directly de-
threshold are identified. Third;r reaches a maximum (when rived from the physics of the natural phenomenon: it should
the threshold is close to the mean of the series) and begins the longer than the typical duration of the physical processes
decrease. Fourth, when the threshold is larger than the maxiusually meteorological ones) generating the events. Thus
mum of the series, no more exceedances can be extracted aitdcan be set by an expert prior knowledge. However, the
A1 = 0. The authors require thatr be in the third domain, time lag should not be too long in order to avoid discarding
though far from both the lower and upper limits of the do- independent events and thus missing valuable information.
main. In the proposed conceptual framework, it can be statedror instance, in north-eastern Europe, extreme wave heights
that events (as defined above) are identified in the third domay be generated by successive storms moving along the
main. However, though this recommendation is relevant, it isstorm track every 24 h or so; therefore setting the time lag to
easily fulfilled and is not specific enough to be really useful 48—-72h could lead to miss information. Many applications
in practical applications. of this approach are available in the literature: Egozcue et
Another widely used approach relies on the idea that al. (2005) studied wave height hazards along the Mediter-
can be tuned in order to obtain a physically reasonable valuganean coast of Spain and set the time lag to 4 days; Haigh
of At. More generally, the choice of the actual number et al. (2010) studied the extreme sea levels along the En-
is based on expert knowledge of the physics and the dynamglish Channel and required the surge peaks to be separated
ics of the process. For example, in hydrological applicationsby 30 h at least; USWRC (1976), Cunnane (1979) and Lang
it is suggested to chooser < 5, which is a large number et al. (1999) imposes that successive river flood events be
of floods to observe, for a given site, on average, per yearseparated by at least as many days as five plus the natural
Obviously, this number should depend on an on-site hydrodogarithm of square miles of the basin area. Willems (2000)
logical regime. Working on skew surges, in a regional anal-required that two rainfall events are separated by at least a
ysis framework, (Bernardara et al., 2011) suggested to set2h lag.
up so thatit =1, while for local analysis Walton (2000) The time lag can also be defined using the autocorrelation
fixed A1 = 3. Analyzing significant wave heights, (Mazas function of the time serieg (¢). For extreme wave heights,
and Hamm, 2011) suggested that the valugoghould be  Mathiesen et al. (1994), propose requiring that it cannot
roughly between 5 and 10, also depending on the value of th&ée longer than the time interval for which the autocorrela-
time series duration (closer to 5 for long time series, closer taion function of the series drops under 0.3-0.5. In a similar
10 for short ones). Tawn and Vassie (1989) suggested a valueay, while studying storm surge extremes along the US East
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Coast, Walton (2000) established the typical duration of anthe end of the first and the beginning of the second one, or
event via the autocorrelation of the surge series and foundf a fraction of up is used to ensure the independency, the
that the drop off of the autocorrelation function to a noise values to be considered could be differentfis rather low
level value close to zero was on the order of 24—72 h. Noteor rather high. This is particularly true for the minimal event
that some authors define the time lag between the end of aduration or the maximal duration of fluctuations belay
event and the beginning of another while others define it be-even though these parameters are quite scarcely used.
tween two peaks.

In general, both physical and statistical methods aim at the - Lo
definition of the correlation length, thus they should naturally?"2 Methods for statistical optimization (Step 2)
converge.

Other temporal parameters can be used; for instance, il©®nce the sample of the i.i.d. da# is built, the statistical
their atlas of waves along the Italian coasts, (Franco et al.pptimization consists in choosing the relevant value of the
2004) allowed short fluctuations of the time series below thestatistical thresholdis to take into account for the estima-
thresholdup up to a maximal duration (6 h) and also set a tion of the GPD model on the observations exceeding the
minimal storm duration (12 h). This last parameter may bethreshold, toward which the sample is supposed to converge
useful for some applications; for instance, waves generategBeirlant et al., 1996).
by a very short storm will not cause damage to a breakwater. The threshold selection criteria here are statistically based
In the sea wave analysis field, (Takvor and Panagiota, 2001and they aim at meeting the EVT hypothesis and the best
extracted independent the sea state by looking at wave ercompromise between bias and variance. In this step, the ques-
ergy reductions between consecutive time steps. In contrastion is which ones of these events are extreme from a statis-
(Smith, 1988) examined the typical duration of extreme wavetical point of view?
conditions and did not see any rationale for using such a pa- A first class of such methods is based on the maximization
rameter. of the goodness of fit between the probability distribution and

Another technique consists in using a secondary threshthe data or the minimization of the asymptotic mean square
old: in this approach, two events are considered independerdrror of the estimators. Several authors suggested choosing
when the signa¥ (¢) falls below this value. In particular, this the value ofts providing the best GPD adaptation to the em-
secondary threshold may be defined as a fraction of the physpirical data. That can be done through the optimizatiopf
ical thresholduy, (in this case the value of this fraction can or the Kolmogorov—Smirnov test. For instance, (Bernardara
indeed be considered as the parameter to set) or as a fraet al., 2011) used this approach for fitting a regional surge
tion of the peak value of one of these events. For instanceprobability distribution. Anderson—Darling (AD) goodness-
(USWRC, 1976) requires (among other criteria) that the in-of-fit test is suggested and employed by Choulakian and
termediate flows between two consecutive flood peaks musbtephens (2001) and Haylock (2011). The adaptation of GPD
drop below 75% of the lowest of these two peaks, while to empirical data above the threshold could also be checked
(Cunnane, 1979) imposes that the flow must drop belg8v 2 via the L-moments. In particular, for GPD the relation be-
of the first peak value. tween L-moments of order 3 and 4 is known and L-moments

The independence of the selected events (or more gemlot technique can be used (Hosking and Wallis, 1997).
erally the independence of the selected clusters) has been A similar class of methods are based on the minimization
checked in the past via the analysis of the probability distri-of the variance estimation of the Hill semi-parametric esti-
bution of the occurrences of the events for a given time inter-mator of the tail index, (Hill, 1975; Hall, 1982; De Haan and
val. In fact, the Poisson distribution (Haight, 1967) is a dis- Peng, 1998). (Beirlant et al., 1996) and (Willems 1998) intro-
crete probability distribution that expresses the probability ofduced a systematic methodology based on these principles.
a given number of events occurring in a fixed interval of time In (Willems, 2000) an application to rainfall observations is
if these events occur with a known average rate and indepergiven. (Neves and Fraga Alves, 2004) give a short review on
dently. Thus, if the number of occurrences of events followsthese methods and they propose an automatic selection pro-
a Poisson distribution, the events are supposed to be indesedure.
pendent (Cunnane, 1979; Rosbjerg et al., 1992; Lang et al., A well-known property of the GPD is that the shape and
1999). Some authors, (e.g. Ashkar and Ouarda, 1996, Silvanodified scale parameters will remain constant when the
et al., 2011) selected the physical threshold correspondinghreshold increases. Following this property, (Davison and
to the best adaptation of the number of occurrences to th&mith, 1990; Lang et al., 1999; Egozcue et al., 2005) sug-
Poisson distribution and checked the independence hypothegested choosing the threshold so that the mean of the ex-
sis looking at the uniform distribution of the arrival time of ceedances above the threshdld X — us), is a linear func-
events depending on the observation period support. tion of the threshold value, indicating a range where the GPD

Note that for several of these parameters, their valugparameters are not depending on the threshold selection. This
should be somehow dependent on the valuagpfFor in- technique is also known as MRL (Mean Residual Life) plot,
stance, if the time lag between two events is defined betwee(Coles, 2001). In this framework, (Beguéria, 2005) chose the
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value ofug in maximizing the fit of a linear function on the of physical declustering but it was used in the past to indi-
mean excess function. cate the whole analysis. Also, note that following the EVT

(Coles, 2001) also proposed the STM (stability method)vocabulary, the word “extreme” is restricted to the values
consisting in defining an optimum where the shape parameteexceeding the thresholes while the full sample of theX;
of the GPD distribution is approximately constant for small represent the whole i.i.d. population describing the different
threshold changes. (Mazas and Hamm, 2011) performed avents. However, in practice, thg are often arbitrarily con-
sensitivity analysis of shape and modified scale parametersidered as an “extreme” population, which may be confusing.
with respect to the (statistical) threshold in order to identify Another example of incoherencies can be found in the
domains of stability. Then they selected the lowest thresh-number of data to be selected. As explained in section 3.1,
old (minimization of variance) of the highest domain of sta- (Lang et al., 1999) pointed out that the number of peaks over
bility (minimization of bias). (Thompson et al., 2009) used the threshold,X; can decrease but also increase when the
the property of stability of the GPD modified scale param- thresholdup increases. This is logical in a physical point of
eter to introduce a procedure for automatizing the thresholdview, because the sample of the completely changes de-
selection. They define 100 equally spaced threshold valuepending on the value af,. However, for the statistical op-
between the median of the time seriég) and its 98th per-  timization threshold:s the number of exceedances over the
centile. For each value, the stability of the modified scale pathresholdy; must decrease when the thresheldncreases.
rameter is tested by the Pearson normality tests. The first (i.dntroducing the concept of physical event to be identified in
lowest) value satisfying the test is retained as the statisticathe time series is thus much relevant for understanding such
threshold. a behaviour.

The stability of some relevant quantiles of the GPD distri- Note also that, following the statistical theory (Pickands,
bution has been used in the past for the selection of the opti1975), the EVT requires choosing all the values over a given
mal us value, for instance by Rosbjerg et al. (1992), amongthreshold,us, and not only some of them, as in the case of

many others. physical declustering using the peaks owvgr
Moreover, the EVT states that thfe sample converges to-
3.3 Review discussion wards a GPD distribution, while thg; sample, representing

a whole population of i.i.d. events could be described by any
The concept of the exceedances over a given threshold wastatistical model. Indeed, several authors (Goda, 1988, 2010,
used both for physical declustering and statistical optimiza-2011; Mathiesen et al., 1994; Goda et al., 2010) considered
tion (Smith, 1984; Lang et al., 1999; Parent and Bernier,other distributions than the GPD (or GPD family).
2003). In practice, another strong rationale arises for separating
This is explained by the fact that this concept is, on theboth steps. As shown by the literature review in Sect. 3.2,
one hand, useful for defining events as independent clusteniost of the methods for determining the statistical thresh-
of observations and, on the other hand, is also consistent witbld require testing many values . If the physical declus-
the EVT concepts of GPD convergence. tering has not been performed prior to this, it will have to
However, the use of the same concept of “exceedancebe done as many times as there are tested values, af-
over a threshold” for the two different steps of the analysesstead of just once. If one keeps in mind that the declustering
led to some incoherencies and confusions. of time series, whose size can be up to several hundreds of
First of all, as pointed out in the previous section, it should thousands of data, can be quite computer intensive, the inter-
be highlighted that the domains of application of the two est of running this step once for all instead of 10 to 100 times
steps are different. The declustering procedure applies tés obvious. Furthermore, it has been shown in Sect. 3.1 that
highly correlated data, such as the environmental time serieduring the declustering process, the parameters ensuring the
of observations and it was studied mainly by earth scientisténdependence of the events may depend on:gareshold
in the past. The statistical threshold optimization applies tovalue, or be relevant for a small rangesgfvalues only. Then
a large number of statistical problems as it was treated irthere is much interest in setting them accurately with regard
the past mainly by the statistical community. That leads toto the value of:p once and for all, instead of repeating this
some incoherencies on the vocabulary used and on the comany times. This will be illustrated in the second case study
cepts definition. For example, (Takvor and Panagiota, 2001)in Sect. 4.3.
in a review of declustering techniques, called the physical Note that the clusters population, namely the structure of
declustering “statistical pre-processing”, a definition that canthe events, described by the clustersZgf) overup, present
confuse the reader. In a similar way, the concept of “POTan interest in itself. It is important, for some application to
method” often includes the whole methodology for the deter-calculate some statistics such as the probability distribution
mination of the probability of occurrence of the extremes val- of the event size or duration, the internal correlation or the
ues, including the GPD model, while it should be restricted toshape characteristics of a general event. This shows again the
the declustering step. The same comment holds for the “parinterest in separating the two steps.
tial duration series” definition which refers to the first part
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S Table 1. Summary of parameters for the two case studies.
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- Marseille volume, Rieutord
z " K [yr] 13 19.33
2 2 At 3h 1 day

° n 38005 7062

- up 1.4m 10n¥s 1

9 A [eventsyri] 10 3.6
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1992 1994 1996 1998 2000 2002 2004 N 43 25
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Fig. 2. Swell significant wave height time series off Marseille.

that the methodological framework is valid in different fields
of natural hazard estimation.

Even though the methodological framework was not yet It is shown that this approach allows selecting the correct
clarified, in the past few authors highlighted some pointstechniques and carrying out a complete analysis, extracting
which direct attention to the different meaning and applica-all the relevant information.
tion of the two steps. A very good illustration is provided
by Cruise and Arora (1990) who noticed that the threshold4.2 Wave heights
level for physical declustering often had to be raised signifi- ) ) o ) )
cantly to meet exponentially based tests on the POT distribu¥Ve consider in this first illustrative example a time se-
tion (Lang et al., 1999). ries of S|mulatgd three-hourly significant wave heights

Some other authors in the past proposed extreme valugffshore Marseille, France (5.310W, 43.3460 N; water
analyses in which the two steps are well distinguished. Foidepth: 34 m). The duration of the datakis= 13yr, and the
example (Dupuis, 1998; Egozcue et al., 2005; Bardet et al.$iz€ of the time series is = 38 005 data. In order to en-
2011; Bernardara et al., 2011; Mazas and Hamm, 2011) apSure the homogeneity of the data, a decomposition of the sea
plied two different thresholds, one for the physical declus-States have been performed and only the swell component
tering, the other for the statistical optimization. (Garavagliahave been retained. Ti#; time series is plotted in Fig. 2.
et al., 2010) used the central rainfall concept for physical N this case studyZ is a three-hourly significant wave
declustering and arbitrarily fixed the at the 70% quantile  N€ight of the swell component (in metres), the events to be
of the distribution, without any optimization. (Bernardara et identified are sweII. storms and they are classically desc_rlbed
al., 2008) used classical declustering criteria for daily dis-PYy the random variabl& “storm peak” (in metres), that is,
charge series and a specific optimization for the shape paLhe maximum value within the cluster. A physical threshold
rameter of the GPD distribution. has been set in order to obtain a sample.pt 10 storms

However, the theoretical framework distinguishing two Per year in average, which is a physically sounding num-
steps was not clearly defined. Hence, as a conclusion of thig€r of extreme events per year for the region. The physical
review effort, we deem that the lack of the concept of event isthreshold is thus set g, = 1.4 m. The declustering has been
a major cause of the confusion observed in the past. It is usg?€rformed by using a minimal duration of 24 h between two

ful for the understanding of EVT analyses of auto-correlatedStorms to ensure their independence. Furthermore, a mini-
time series and it has a sound physical basis. mal storm duration of 6 h has been set (because very short

events do not cause important damage to coastal structures)
and fluctuations below the threshold within a same storm
have been allowed for less than 12 h. These parameters can

4 Applications to environmental variables be considered relevant for the chosen physical threshold but
it would not be the case for a higher or lower threshold. It
4.1 The double threshold approach is important to notice that this first step allowed defining a

population of events which can be analyzed to extract rele-
In order to illustrate the proposed framework, and in coher-vant statistics. In particular, the extraction yield$ = 130
ence with the literature, we propose here to provide bothevents, the mean storm duration of the events is around 15 h.
physical declustering and statistical optimization through aln all, 96 % of the events last less than 36 h, which is consis-
threshold approach. tent with the physics. Unsurprisingly, a strong seasonality is
This approach is applied to two case studies, a wave heightbserved: 28 storms in fall, 38 in winter, 23 in spring and 4
study and an extreme discharge study, in order to illustraten summer.
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Fig. 3. Stability of shape parameter and modified scale parametefFig. 5. Discharge series of the Loire river at Rieutord.
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Fig. 4. GPD fit for the swell off Marseille.

The statistical optimization is then performed on the sam-
ple X;. Note that in this caseZ and X have the same
dimension; sinceX; > up it can thus be written thaty < ug
(meaning that testing values 0§ < up would be useless).
The stability of the GPD shape parameteand modified
scale parameter* = o — ku with respect to the statistical
thresholdus is illustrated in Fig. 3, along with the associ-

ated 95 % confidence intervals computed by the asymptoti¢, 7 ;3 -1

method. A first “domain of stability” can be seen between
roughly 1.5 and 1.8 m, then a second one between 1.87 a

2.2m. Afterwards the sample size is too short and the paramp . of flood events per yearr —

eter uncertainty is too great. The bias minimization require
to choose the highest domain of stability while the vari-
ance minimization needs as much data as possible; cons
quently, the statistical threshold is setitg= 1.87 m, yield-

ing N = 43. Note that, hergs = up+0.47 m and the number
of observation has been reduced frem: 38,005 toN = 43.
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Fig. 6. Stability of shape and modified scale parameters of Loire
river sample.

4.3 Discharge and flood volumes

The selected time series is the Loire river discharge daily

series at Rieutord, from 01/09/1983 to 31/12/2002. The du-

ration of the data ik = 19.33yr, and the size of the time

series isn = 7062 data. The discharge series is plotted in

Fig. 5. The local modulus of the river is estimated around

. A physical threshold ofi, = 10 nt/s based on

an expert judgment has been applied. The inter-event dura-
n has been set to 10 days. That leads to an average num-

3.6, which is physically

Sacceptable and coherent with expert prior knowledge based

on physical characteristics of the discharge phenomenon.
&+ = 70 flood events are thus retained. Their mean duration
is around 103 h. 50 % of the flood peaks last only one day,
while 9% last two days and 14 % last three days. A strong
seasonality can be observed, with 27 flood peaks in fall, 23

The GPD parameters are estimated by the L-moments ez, \vinter. 19 in spring and only one in summer.

timator (Hosking and Wallis, 1997). The fit is illustrated in

Itis decided to describe these flood events by their volume:

Fig. 4. A summary of the parameters estimate for this casey s the temporal integration of the discharge over the flood

study is given in Table 1.

www.nat-hazards-earth-syst-sci.net/14/635/2014/

duration. In particular, the physical threshold is assumed to
define completely the flood, allowing the computation of its
volume. In this case study, is a daily discharge in A1,
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Table 2. Evolution of the size of the upper part of the sample with respect tay.

Number of events whose peak is above
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up 5m*s~! 10mPs! 15nPs ! 20mPs! 25nPst
5m3s! 75 52 37 33 26
10m3s 1 - 70 47 40 32
15ms1 - - 49 41 33
20m3s1 - - - 42 34
25ms1 - - - - 34
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Fig. 7. Mean residual life plot for the flood volumes of Loire river
sample.

Fig. 8.L-moments plot for the flood volumes of the Loire river sam-
ple.

. . ) has been stressed in Sect. 3.1.3, a consequence is that not
an event is a flood and is the vqur_ne of the flood, in Mk only the lower part but also the upper part of tesample,
This is of course a very rough estimate of the flood volume: 4 thus ultimately of th& sample to be fit, may vary when
in a genuine hydrological study, it should be computed based, o4 range aiy, values is tested while the independence
on the hydrogram of each flood. This application is for illus- ¢ jteria remain constant. This is the case for this declustering
trative PUrpose. i . procedure on this sample. Different valuesugfhave been

The stability of GPD parameters with respect to the statis+agteq: 5, 10, 15, 20 and 25%s1 L. For each value, a number
tical thresholdus is given in Fig. 6. The shape (resp. modi- 4t o ents are identified. Then, for each of théSesamples
fied scale) parameter slowly decrease_s (resp. increases) fro&he events are here described by the discharge peaks), the
about 1Mnf to 6.48Mn¥, then remains remarkably Con- ,mper of events exceeding a higher value than the thresh-
stant. This result is confirmed by MRL Plot, Fig. Z.m0- 44 is counted. The results are given in the Table 2. For in-
ment analysis depending on the statistical threshaglds stance, if the physical threshold is set to 8snt, the num-
shown in Fig. 8. Here it is found that the threshold value ber of peaks exceeding 25w ! is 26, while, if the phys-
of 6.48 Mn? is the only one for which thé. moments are .| threshold is set to 25%s-, their number increase to
almost lying on the theoretical GPD curve. Thus the statis-34 s jjjustrates that one should be careful when choosing
tical threshold is set tas = 6.48 M, yielding a sample tuning the independence criteria and this is an additional
of N = 25 flood volume exceedancés. In Fig. 9, the cor- o500 for separating the physical declustering step from the
responding GPD calibration is shown, along with the 900/"statistical optimization step, all the more since the latter one

confidence interval'. A.sum'mary of the parameters EEStim"’m?)ften requires investigating a wide range of threshold values.
for this case study is given in Table 1.

In this case study, the inter-event duration is defined be-
tween the end of an event and the beginning of another. As
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