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The tool that is so dull that you cannot cut yourself
on it is not likely to be sharp enoughto be either
usefulor helpful.

John W. Tukey

Cited from The Technical Tools of Statistics, presented at the 125th Anniver-
sary Meeting of the American Statistical Association, Boston, November 1964
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Dankw oord

Voor ik iedereenga noemendie van belang is geweestvoor de totstandkoming
van mijn proefschrift en voor mijn vorming als wetenschappelijk onderzoeker
of als menseerst eenklein stukje persoonlijke geschiedenis. Het idee voor het
schrijv en van een proefschrift, op basis van gepubliceerdewetenschappelijke
artik elen, stamt uit de tijd dat ik, in het kader van nauwere samenwerking
tussen de werkgroep Klimaatscenario's (WKS) en de afdeling Voorspelbaar-
heidsonderzoek (VO), voor de helft van mijn tijd bij VO gedetacheerd was.
De beide hoofden, G•unther K•onnen (WKS) en Theo Opteegh (VO), waren
oprecht van mening dat een onderzoeker het aan zijn `stand verplicht is' een
proefschrift te schrijv en. Zij waren bereid mij die ruimte te geven en vonden
dat ik die ook moest benutten. G•unther en Theo, ik ben jullie zeerdankbaar
voor die ruimte en voor jullie inspiratie en aansporingen. Ook mijn latere
baasAlb ert Klein Tank en huidige baasArnout Feijt hebben mij alle ruimte
gegeven en steedsgesteund.

Het oorspronkelijke ideewasdat mijn proefschrift zowel zou gaanover het
ontwikkelen van statistische methoden om verschillen of veranderingenin de
variabiliteit te detecteren (zoals beschreven in hoofdstuk 2) als over onder-
zoek naar de oorzaken van verschillen en veranderingenin variabiliteit van het
klimaat, met behulp van het binnen VO ontwikkelde `intermediate complexi-
ty' klimaatmodel ECBilt. De eerdergenoemdestatistische methoden zouden
daarbij in de praktijk worden gebracht om hun nut te demonstreren. Het liep
echter anders. De detachering bij VO leverde wel een eenvoudige (diagnosti-
sche) wolkenparameterisatie,en, als gevolg daarvan, eennoodzakelijke nieuwe
kortgolvige stralingsparameterisatievoor ECBilt op maar geenpubliceerbaar
materiaal in het kader van onderzoek naar de variabiliteit van het klimaat.
Geenpapers voor mijn proefschrift dus, maar wel eennuttige en interessante
ervaring op het gebied van klimaatmodellering. Uit die tijd bewaar ik goede
herinneringen aan de samenwerking met Rein Haarsma, Frank Selten, Xueli
Wang en Rob van Dorland. In dat rijtje hoort ook Michiel Schae�er (RIVM)
die op dat moment aan een nieuwe langgolvige stralingsparameterisatie voor
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ECBilt werkte. Buiten de statistiek heb ik veel van jullie geleerd.
Dan het uiteindelijk eonderwerp, of beter, deuiteindelijk eonderwerpenvan

mijn proefschrift. Van de mensenvan wie ik veelvan statistiek in het algemeen
envan resamplingin het bijzonder hebopgestokenstaat mijn co-promotor Adri
Buishand met stip op �e�en. Adri, het heeft misschien wat lang geduurd maar
zonder jou was dit proefschrift er waarschijnlijk nooit gekomen. Daarnaast
heb ik veel interessante gesprekken en discussiesgehadmet mijn kamergenoot
Robert Leander, de man van `de Neerslaggeneratorvoor de Maas', en diens
voorgangerRafa l W�ojcik van wie ik nog heb geleerdom eetbarepaddestoelen
in het bos te zoeken. Memorabel zijn ook de bijeenkomsten met de RIZA
partners. De gesprekken met Hendrik Buiteveld, Sacha de Goederen,Pieter
Jacobs,Timo Kro on en Marcel de Wit, en vele anderen,hebben me duidelijk
gemaakt wat de echte vragen zijn en wat voor de (hydrologische) praktijk
van belang is. En dan natuurlijk Bert Holtslag, mijn promotor, die een heel
herkenbare rol heeft gespeeld door, vooral in de slotfase, een vinger aan de
pols te houdenbij de planning en door mij te stimuleren om te proberen`voor
een wat breder publiek' te schrijv en en daarmeede toegankelijkheid van het
proefschrift te vergroten. Bert, bedankt voor je wijze en stimulerendeinvloed.

Naast de mensendie een inhoudelijke rol hebben gespeeld of van belang
zijn geweestvoor mijn wetenschappelijke vorming wil ik ook de (ex)KNMI-ers
bedanken die op sportief en sociaal vlak voor onvergetelijke momenten hebben
gezorgd;voor mij in betere tijden (v�o�or mijn knieongelukje) de leden van de
hardloopclub en de voetbalclub, you know who you are, en last but not least
de harde kern van `onze'�etsclub: Ciscode Bruijn, HansCuijp ers,Stephande
Roode, Wim de Rooy, Pier Siebesma,Job Verkaik en Rudolf van Westrhenen.

Tot slot wil ik hier stil staan bij mijn familie en dierbaren. Mijn ouders
hebben, ondanksdat zezelf nauwelijks eenopleiding hebbengenoten,omdat ze
daarvoor dekansniet kregen,wel altijd ingeziendat je met eengoedeopleiding
vaak verder komt dan zonder. Zij hebben mij die kans wel gegeven en mij
daarin ook gestimuleerd en daar ben ik hen zeerdankbaar voor. Op het KNMI
heb ik mijn grote liefde Janet Wijngaard leren kennenwaarmeeik inmiddels
al weer15 jaar samenleef. In de periode dat het ideeom te promoverenvaste
vorm begonte krijgen werd Feija, onzeeerstedochter, geboren. Ruim tweejaar
later kwam onstweede`meisie'Hilde onsgezinnetjeverblijden. Achterafgezien
is het doen van promotieonderzoek, het schrijv en van een proefschift en het
krijgen en opvoeden van kinderen misschien niet helemaal optimaal getimed
maar het is het wel helemaalwaard geweest. Lieve Janet, jij hebt het mij nog
heelgemakkelijk gemaakt door je altijd 
exib el op te stellen en door eenmeer
dan evenredig aandeelin de zorg voor ons voor je rekening te nemen. Zonder
jou was ik wat dat betreft nergensgeweest,maar ja, dan had ik waarschijnlijk
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ook geentweebloedjesvan meisjesgehad. Ik ben je daar bijzonder dankbaar
voor. De komende jaren hoop ik het zowel voor jou als voor Feija en Hilde
weer eenbeetje te kunnen compenseren.Meiden, na het serieuzewerk is het
nu tijd voor wat fun...
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Abstract

Extreme hydro-meteorologicalevents usually have a large impact on our soci-
ety. For safety standards regarding life and property and for designpurposes
of large structures extreme events with return periods between100and 10000
yearsare often required. A practical di�cult y in determining such rare events
is due to the fact that our instrumental meteorological records are typically
not longer than about 100 years. We are thus interested in extreme events
that may never have occurred in the instrumental history. Such extremesare
therefore usually estimated by extrapolating a �tted probabilit y distribution.
The results obtained with statistical extrapolation methods, however, strongly
depend on the assumedprobabilit y distribution. An attractiv e alternativ e to
these classicalmethods is resampling of historical meteorological time series.
Resampling is attractiv e since it is a nonparametric technique, which means
that no assumptionsabout the underlying distributions of the data have to
be made. In addition, resampling o�ers the opportunit y to simulate di�eren t
meteorological variables (multiv ariate) for di�eren t locations (multi-site) si-
multaneously, while the cross-correlations(betweenvariables) and the spatial
correlations (between locations) are automatically preserved. Resampling, �-
nally, makesit possibleto simulate much longer time seriesthan the historical
records from which is resampled. Such very long time seriesusually contain
many unprecedented extreme events which can serve in a frequency analysis
of the extremes. In short, resampling is a very suitable nonparametric tech-
nique to simulate multi-site multiv ariate meteorological time seriesthat are
much longer than those from the instrumental records. With speci�c hydro-
logical applications in mind such very long resampled time series are used
to determine the size and probabilities of occurrenceof extremely wet peri-
ods in the Rhine basin (that may result in river 
o oding) and of extreme
droughts in the Netherlands (leading to economic lossesin agriculture and
shipping). Resampling techniques are further used to determine the statisti-
cal uncertainty of extremehydro-meteorologicalevents and of other properties
of (hydro-)meteorological data.
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Chapter 1

In tro duction

Human societies are vulnerable to extreme hydro-meteorological events such
asextreme drought and heavy precipitation. Typically societiesare organized
in such a way that events that occur, for instance,every year causeno or very
little damage. For much rarer events, let's say events that occur less than
once in hundred years, it is often not clear how large the damagein terms of
life and property can be. Although e�ectiv e protection may be possible,there
is a price tag attached to the level of protection. Usually, decisionsabout
protection levels are determined by cost-bene�t and risk analysesas well as
social and political choices. In the Netherlands, e.g., the level of protection
against 
o oding along the embanked parts of the rivers Rhine and Meuse is
basedon the river discharge that is exceededon averageonly onceevery 1250
years. This discharge is usually called the 1250-year discharge, or the design
discharge.

In practice, it is often di�cult to accurately determine the associated size
or level of a T-year event 1. This level is also denoted as the return level. To
designa structure or systemthat meetsa desiredprotection level, i.e., is able
to withstand the T-year event, an accurate estimate of this event is needed.

The problem with very rare events is `that they are so rare' that no statis-
tics of theseevents exist. This is especially true when the extreme event is so
rare that it has not occurred in the (documented) historical recordsat all. In
that casethe return level has to be `predicted' from the lessextreme events
that have beenrecordedsofar. The traditional way to obtain the return levels
of very rare extreme events, which is common in (engineering) practice, is to

1By de�nition, the T-year event has a 1=T probabilit y of being exceededin any year, and
therefore has a return period of T years. The T-year event corresponds with the 1 � 1=T
quantile of the probabilit y distribution of the variable of interest. Quantiles, T -year events
and return levels therefore all refer to the samething and are used interchangeably.
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make use of a statistical method known as extreme value analysis. This in-
volves �tting a probabilit y distribution to the extreme values in the recorded
data and extrapolating to the required level. Quite often, the extreme values
are taken as the valuesexceedinga certain threshold or as the largest value in
each year. As a result a large proportion of the data is unused. One argument
for such a large thinning of the data is that �tting a probabilit y distribution
to the bulk of the data may lead to biasedestimatesof properties of extremes
due to lack-of-�t in the tail of the distribution. However, the large thinning
of the data in extreme value analysis intro ducesan undesired uncertainty to
the resulting return levels.

Resampling is a computer-basedtechnique that opens up new prospects
to obtain reliable estimates of extreme events. The basic idea behind resam-
pling is that new data samples are constructed in which the original data
are `re-ordered' by sampling with replacement. Let us assume,for example,
that daily rainfall data are resampled. Although resampling of daily rainfall
amounts doesnot givenewinformation about the probabilit y of the 1-day rain-
fall amounts it doescreatenew and unprecedented multi-day rainfall amounts
as a result of the di�eren t temporal ordering of the daily data. Such unprece-
dented multi-day rainfall amounts could have occurred but did not occur, sim-
ply becauseof the limited length of the original data record. With resampling
very long seriesof daily rainfall can be generatedin which the (statistical) in-
formation of the original sample is usedmost e�cien tly . This enablesa more
accurate estimation of extreme multi-day rainfall events (Buishand, 2006). In
short, while traditional extreme value analysis usually ignoresa large part of
the (statistical) information in the original data sample, resampling squeezes
out as much (statistical) information as possible.

Is resampling then the method to go for? The answer, as always, depends
on the type of problem that one wants to solve. In the example above it was
already noted that resampling is not the solution if one is interested in the
probabilit y of extreme 1-day rainfall events and only daily rainfall data are
available. But regarding the probabilit y of extreme multi-day rainfall events
resamplinghasaddedvalue. Similarly, resamplingcan improve the estimation
of extreme 1-day rainfall events when sub-daily, e.g., hourly, rainfall data
rather than daily data are available.

Severe impacts of hydro-meteorological events on society are often the
result of extremes on the multi-day level. This applies for instance to accu-
mulated (e.g., 10-day) extreme precipitation amounts which cause
o oding in
large river basins,or to extreme (summer) droughts which are largely due to
persistent lack of precipitation during several months. For analysesof such
hydro-meteorological extremesresampling of daily time seriesis a seriousal-
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ternativ e.
And there is more in favour of time series resampling. Many hydro-

meteorologicalapplications needdata that is both multiv ariate and multi-site
in nature. For example, to model the (extreme) discharge of the river Rhine
not only precipitation is important but alsotemperature sinceit largely deter-
mines evaporation (in summer) and it controls snow accumulation and snow
melt, particularly in the mountainous areas(multiv ariate). In addition, pre-
cipitation and temperature are both needed,at a certain spatial resolution,
for the whole river basin simultaneously (multi-site). In traditional parametric
time seriesmodelling it is generally necessaryto make assumptions,which are
often di�cult to verify, about properties of the data before statistical meth-
ods can proceed. A big advantage of resampling proceduresis that they are
so-callednonparametric methods which means that they work without such
assumptionsabout the underlying distribution of the data. In particular when
multiv ariate and multi-site problemsare considered,it is very convenient that
no (correct or false) assumptionsare neededregarding the distributional form
and the temporal, spatial and mutual dependenciesof the data sincetheseare
often seasonallyor state dependent and therefore di�cult to assess.

Besidesas an alternativ e to traditional extreme value analysis resampling
techniques are used in this thesis to assessstatistical uncertainty. Statistical
uncertainty is always around, although quite often we don't bother about it.
This may be allowed for the mean of large samples,but in general, the un-
certainty of characteristics of hydro-meteorological extremes is considerably
larger than that of the mean and can therefore not be ignored. This is some-
thing we have to be aware of and have to live with. There is thus a serious
needto quantify the statistical uncertainty of extreme events. Analytical ex-
pressionsor approximations for the statistical uncertainty may strongly rely on
assumptionsabout the underlying distribution. Resamplingtechniquesdo not
require theseassumptionsand can even be usedif no mathematical expression
for the uncertainty is available.

Regarding statistical uncertainty, resampling in this thesis is used to de-
termine the standard error (a measureof the statistical uncertainty) of the
variance of (hydro-)meteorological variables, which makes it possible to test
whether the varianceof the data simulated with time seriesresamplingequals
that of the referencedata, but alsowhether the varianceof the data simulated
with a climate model equalsthat of the observed data or whether the variance
of the data simulated for the future climate di�ers from that for the current or
past climate. Resampling is further used to determine the standard error of
large quantiles (T-year events) and to construct con�dence intervals for those
quantiles.
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It may be clear now that resamplingproceduresare the connecting thread
in this thesis, but, although very important, they are only a means to an
end. The ultimate goal is to identify and model relevant hydro-meteorological
extremesand their probabilities of occurrenceincluding uncertainty estimates.

This chapter continueswith a brief overview of the history of resampling,
followed by a simple example of playing dice to illustrate the potential of
resampling. A description of the di�eren t topics and resampling procedures
presented in the four papers (Chapters 2-5) that constitute the core of this
thesis, including the interconnectionsbetweenthe topics and resampling pro-
cedures,concludesthis chapter.

1.1 History of resampling pro cedures

The �rst resampling procedure that came into existence is the `jackknife'.
The jackknife was intro duced in the mid-1950sas a bias reduction technique.
Quenouille (1956) laid the basisfor the procedurethat wascalled the jackknife
for the �rst time by John W. Tukey in 1959 in an unpublished manuscript.
In that manuscript Tukey (both a professor at Princeton University and a
researcher at AT&T Bell Laboratories) compared the jackknife with a Boy
Scout Jackknife, i.e., a large pocketknife with multipurp oseblades(Brillinger,
1964)similar to a modern Swissarmy knife, to underline that this tool can be
usedfor more than bias correction only. In the 1960sand 70sthe emphasisin
resampling theory was on estimation of statistical uncertainty (i.e., standard
errors).

To demonstrate the useof the jackknife, let us assumethat we have a data
sample of 100 values, and that we are interested in the statistical properties
of a statistic (e.g., the mean, standard deviation, autocorrelation, skewness,
kurtosis, etc.) of thesedata. The most usedversionof the jackknife consistsof
recomputing the statistic of interest a number of times with a di�eren t sample
value (or group of sample values) deleted each time. Thus for the sample of
100 values, besidescalculation of the statistic from the full sample (of 100
values), the statistic is recalculated from 100 jackknife samplesin which one
value is omitted (and 99 valuesare left in). The statistic from the full sample
and thosefrom the 100jackknife samplestogether give the jackknife estimates
of the bias and the standard error of the statistic.

In practice the jackknife works on almost any kind of statistic except for
statistics directly related to sample quantiles, e.g., the median. It is clear
that the jackknife procedure relies on the use of a computer and it is not
surprising that in that era the development of resampling procedures and
computers ran more or lessparallel. ProfessorTukey played a notable role in



1.1 Histor y of resampling pr ocedures 5

the development of computers (at AT&T) aswell, and it is generally accepted
that he has invented the names`bit' and `software'.

About two decadeslater, in 1979, Bradley Efron, professor at Stanford
University, intro duced the `bootstrap' to the world. He coined the term boot-
strap since he wanted a word that sounds as good as `jackknife' (Diaconis
and Efron, 1983). The name bootstrap is derived from one of the surprising
adventures of Baron Munchausenin which he `pulled himself up by his own
bootstraps' from the bottom of a deeplake (Efron and Tibshirani, 1993). Like-
wise, Efron's bootstrap seemsto accomplish the impossible(Johnson, 2001).
Even more than the jackknife the bootstrap relies on the use of a computer.
The bootstrap usesa computer to give a numerical value of the statistical
uncertainty (e.g., the standard error) of a statistic without using a formula
at all. The computer performs a (Monte Carlo) algorithm that consists of
three steps: (i) a large number B , say 1000,of bootstrap samplesis generated
using a random number generator, where each bootstrap sampleconsistsof a
random sampleof sizen drawn with replacement from the original sample;(ii)
for each bootstrap sample the statistic of interest is calculated (which results
in B di�eren t valuesof the statistic); and (iii) the samplestandard deviation
of these values is calculated or a con�dence interval is constructed from the
empirical distribution of theseB values.

In the above exampleof the sampleof 100values,each of the B bootstrap
samplesconsists again of 100 values obtained from random sampling (with
replacement) from the original sample. As a result certain values from the
original samplewill not be represented in a particular bootstrap samplewhile
other values will be represented more than once. Note that, the number of
possibly di�eren t bootstrap samplesgrows very rapidly with the size of the
sample, e.g., for a sample of size 3 only 10 di�eren t bootstrap samplesexist
while for a sample of size 10 already 92378 (� hundred thousand) di�eren t
bootstrap samplescan be constructed. An analytical expressionfor the num-
ber of di�eren t bootstrap samplesm from a sample of size n is provided by
Davison and Hinkley (1997):

m =
(2n � 1)!
n!(n � 1)!

(1.1)

A large part of the power of the bootstrap procedurecomesfrom this rapidly
growing number.

The bootstrap has been applied to a large number of problems including
problems for which the correct answer is known. For the latter, it is shown
that the algorithm provides a good uncertainty estimate, and it can be proved
mathematically to work for similar, morecomplicated, problems(Diaconis and
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Efron, 1983). And therefore, the bootstrap's good theoretical properties carry
over into real statistical practice. In contrast to the jackknife, the bootstrap
even works for statistics based on sample quantiles (although an accurate
bootstrap estimate of the standard error of a samplequantile requiresa large
samplesize).

Nearest-neighbour resampling was intro duced to generatetime serieswith
a certain amount of `persistence',i.e., dependenceon previous values. It can
be regardedas an extensionof the ordinary bootstrap. The crucial di�erence
between generating a bootstrap sample and nearest-neighbour resampling is
that for the former the sampling of a new value (with replacement) is com-
pletely random while for the latter the sampling (with replacement) of a new
value is { by nearest-neighbour selection{ conditioned on the previously sam-
pled value or on a number of previously sampled values. Another practical,
but theoretically unimportant, di�erence is that bootstrap samplesusually
have the samesize as the original samplesince the bootstrap is usually used
to determine statistical uncertainty which typically depends on the sample
size, while nearest-neighbour resampling is predominantly used to generate
time series(i.e., samples)which are much longer than the original one. It was
however not until 1994when Young (1994) intro ducedand applied such a type
of time seriesmodel, which he called multiv ariate chain model, to simultane-
ously simulate minimum and maximum temperatures and daily precipitation.
Independently , and apparently unaware of Young's work, Lall and Sharma
(1996) developed resamplingmodelssimilar in spirit to simulate hydrolic time
series. They referred to their method as `nearest-neighbor bootstrap' and
`nearest-neighbor resampling algorithm'. Lall, with various co-authors, pio-
neeredand further developed the method. Rajagopalan and Lall (1999), e.g.,
used nearest-neighbour resampling to simulate daily precipitation and other
weather variables simultaneously.

1.2 Bo otstrapping in a game of dice

As an illustration of the power of bootstrapping, the bootstrap is applied to
an experiment with playing dice. Let us assumethat we throw a die 100times
and that we are interested in the chance that a run of 3 or more consecutive
sixes occurs in those 100 throws. A run of at least 3 consecutive sixes in a
seriesof 100throwsmay serveasan analogof some(aggregated)extremeevent
in climate. If we assumethat we use a perfect die (i.e., each of the six faces
has a probabilit y of exactly 1/6) than there is a rather complicated analytical
solution for this probabilit y which can be approximated very accurately with
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a formula2 due to Feller (1968). This formula givesa probabilit y of 0.316for
the required probabilit y. Now let's roll the die. The outcomeof the 100throws
is for example:

552654466454521315432324121111512655236156314656212
13264551446455454421654262242666 36551624221235535

In this sampleof 100 throws a run of 3 sixesoccurs in the secondhalf of the
series.Now assumethat we are not in a situation to roll the die anymore and
that we want to derive the probabilit y of a run of at least 3 sixes from this
particular sample(lik e in the real climate wherewe typically alsohave a single
sample only). A wrong answer is obviously: we have one occurrence in one
sample, so the probabilit y is 1/1 = 1. How can the bootstrap help us here?
From our original samplewecanconstruct newbootstrap samplesby randomly
selectingindividual throws from the sampleuntil they have a sizeof 100again.
If we construct a large number of bootstrap samples,we can approximate the
probabilit y of getting a run of at least 3 sixes in a seriesof 100 throws by
dividing the number of bootstrap samplesin which such a run occurs by the
total number of bootstrap samples. The value that the bootstrap procedure
(with 100000bootstrap samples)returns for this probabilit y is 0.335which is
quite closeto the theoretical value3 of 0.316. We can even go a step further
and use the bootstrap procedure for `extrapolation'. Assumethat instead of
a run of at least 3 sixeswe are interested in the probabilit y of a run of at least
5 sixes, i.e., an event that is so rare that it doesn't even occur in our original
sample(a situation that is very often encountered in real life problems). The
bootstrap gives for this probabilit y 0.011while Feller's (1968) approximation
gives0.010. Thank you Mr. Efron for the bootstrap!

And that's still not everything. By applying an additional bootstrap pro-
cedure it is even possibleto give an estimate of the statistical uncertainty of
the (bootstrap) probabilit y estimates. This procedure is also known as the
double-bootstrap (Efron and Tibshirani, 1993; Davison and Hinkley, 1997).
First, N primary bootstrap samples(of size 100) are constructed from the
original sample. Second,from each of the N primary bootstrap samplesM
secondarybootstrap samples(also of size 100) are constructed. For each of
the N primary bootstrap samples,the M secondarybootstrap samplesgive

2The probabilit y Pk ;n of at least k consecutive sixesin a seriesof n throws is approximated
by: Pk ;n � 1� (1� px)=[q(k + 1� kx)xn ] where x = 1+ qpk + (k + 1)q2p2k + (k + 1)2q3p3k + : : : ,
p = 1=6 and q = 1 � p.

3The reason why the bootstrap slightly overestimates this value is that in the sample of
100 throws the number of individual sixes, 17, is slightly larger than one would expect from
a perfect die, i.e., 100 times 1/6 giving 16.667. As a consequencealso the probabilit y of runs
of consecutive sixes will be somewhat overestimated
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an estimate of the probabilit y of getting a run of sixesin a seriesof 100throws
as in the single-bootstrap. The N primary bootstrap samplesthen provide a
distribution of this probabilit y. From this empirical distribution, which char-
acterizes the statistical uncertainty, a standard error or con�dence interval
can be derived. Using our original sample,a double-bootstrap (with N = 199
and M = 100000) yields a 95% con�dence interval4 of [0.062, 0.738] for the
probabilit y of getting a run of at least 3 sixes in 100 throws, and similarly
[0.001,0.081] for a run of at least 5 sixesin 100 throws.

The example given above only serves to demonstrate the power of resam-
pling techniques such as the bootstrap. It will be clear that the analysis of
extreme events in hydro-meteorologicaldata is incomparable with throwing a
die. However, research in the past few decadeshas demonstrated that this is
no restriction for resampling techniques to work in more complicated real life
problems as encountered in the �eld of hydro-meteorology.

1.3 Resampling in this thesis

In this thesis resampling techniques are tailored and applied mainly in the
�eld of hydro-meteorology. But this does not mean that these techniques
could not be used in other areas. Neither does it mean that this thesis deals
only with resampling. Although resamplingde�nitely is a main theme, resam-
pling methods are in several instancesalso accompaniedand compared with
more traditional (statistical) methods and the best performing method is used
wherepossible. Another theme that recursthroughout this thesisis that of ex-
treme events. The combination of extremeevents and hydro-meteorologyleads
to: `extreme hydro-meteorological events' as re
ected in the title of the the-
sis. This involvesmodelling of extreme (unprecedented) hydro-meteorological
events themselves(including their evolution in time), modelling of the return
level (or the associated return period) of certain well-de�ned extreme (histor-
ical) events, as well as assessingtheir statistical uncertainty.

In Chapter 2 the jackknife is usedto determine the statistical uncertainty
of variances of climate data. Based on the jackknife uncertainty, tests for
the equality of variances of monthly data are intro duced. Note that, since
the variance largely determinesthe width of the distribution, onecan roughly
state that the larger the variance, the larger the probabilit y of extremeevents.
And thus a di�erence (or change) in the variance is a �rst (rough) indication
of a di�erence (or change) in the frequencyof extreme events.

4A 95% con�dence interval denotesa random interval which contains the value of interest
with 95% probabilit y. In practice the interval is usually chosen such that there is equal
probabilit y (2.5%) that this value is outside the lower or upper boundary of the interval.
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The motivation for developing these(non-parametric) variancetests is that
the traditional F -test heavily relies on the assumption that the data come
from a normal distribution and that it cannot be extendedeasily to the caseof
multiple correlated recordson a grid as,e.g.,provided by climate models. The
jackknife provides a (distribution-free) standard error of the variance which
is an essential ingredient for a test for equality of variances. The jackknife
based test allows for a multi-site extension of the test by using data from
several locations or grid points in a region. Such a combined test will be
more powerful than that for a single location when the di�erences between
the two climates have the samesign acrossthe whole region becauseof the
larger samplesize.

As an example, let us assumethat we have 30 locations and that at each
location we have one sample of size 10 from a normal distribution with a
certain variance and another independent sample of the same size from a
normal distribution with a 4 times as large variance. The standard deviations
di�er thus by a factor of 2. If we consider only a single location (univariate
test) the probabilit y that this large di�erence in variancewould be detectedby
a statistical test at the 5%level is lessthan 50%. Combining the data for the 30
locations (multiv ariate test) results in a detection probabilit y of almost 100%if
the samplesat the di�eren t locations are not more than moderately correlated.
A single combined test further avoids the di�cult interpretation of multiple
correlated (univariate) tests in a region which often leadsto misinterpretation
and is therefore notoriously known as the multiplicit y problem (see,e.g., von
Storch, 1982).

The multiv ariate test is applied in Chapter 2 to simulated time series
of monthly mean near-surfacetemperature and precipitation from a climate
change simulation (UKTR) with the UK Met O�ce Hadley Centre climate
model. Besides this illustration, either the test statistic or the underlying
jackknife procedure to estimate the standard error of the variance is applied
for diagnostic purposesin all subsequent chapters.

Chapter 3 dealswith modelling of extremeprecipitation (and temperature)
in the German part of the Rhine basin. With the 1250-year river discharge in
mind, long-duration multi-site simulations of daily precipitation and tempera-
ture are performed by meansof conditional nearest-neighbour resampling. In
theselong-duration simulations much larger 10-day area-averageprecipitation
amounts areproducedthan observedin the 35-yearreferenceperiod. Since,the
weather observed on historical days is resampledas a whole, the dependence
betweendaily precipitation at di�eren t sitesand the dependencebetweendaily
precipitation and temperature is automatically preserved. As mentioned ear-
lier, these dependenciesoften have a complicated structure, which may not



10 Chapter 1

be adequately described by parametric models or would otherwise require an
unrealistic degreeof modelling. For many hydrological applications, including
the modelling of (extreme) river discharges in large river basins, the spatial
and temporal dependenciesareof crucial importance. This makesmultiv ariate
time seriesresampling models particularly suitable for hydrological purposes.

In conditional nearest-neighbour resampling the sampling of new valuesis
conditioned on previously sampledvaluesand on the large-scaleatmospheric
circulation. The rationale for simulating precipitation and temperature con-
ditional on the large-scaleatmospheric circulation is that the atmospheric
circulation largely determines whether a day will be wet or dry and whether
a day will be relatively warm or cold (for the time of the year). In thesecon-
ditional resampling models the (change in) atmospheric circulation thus acts
as a predictor for (the change) in precipitation and temperature. Recognizing
that systematic changesin the atmosphericcirculation are possibleasa result
of (anthropogenic) climate change,such conditional resampling models might
be useful to assess(future) changesin precipitation statistics, in particular
changesin extreme multi-day precipitation amounts.

In Chapter 3 conditional nearest-neighbour resampling models are also
compared with the alternativ e, and closely related, analog method which is
in usesomewhatlonger (Zorita et al., 1995;Zorita and von Storch, 1999) and
which is also popular in the context of weather prediction.

While Chapter 3 dealswith modelling of precipitation with a focus on ex-
tremely wet events, Chapter 4 dealswith drought, i.e., extremely dry events.
More explicitly , it deals with modelling the joint probabilit y of precipitation
de�cits in the Netherlands and discharge de�cits of the river Rhine. Large
parts of the Netherlands can be supplied with water from this river in the
caseof precipitation de�cits. For drought assessment it is therefore necessary
to consider the joint probabilit y distribution of precipitation and discharge
de�cits. In Chapter 4 nearest-neighbour resampling is used to estimate joint
probabilities of precipitation and discharge de�cits. The results are compared
with those obtained from �tting di�eren t bivariate probabilit y distributions.
The (modelled) dependencestructure betweenextreme precipitation and dis-
charge de�cits plays a crucial role in estimating joint (exceedance)probabil-
ities. As can be expected nearest-neighbour resampling performs superior in
this respect sincethe dependencestructure is inherited from the original data
without the needto make assumptionsabout it. In the framework of bivariate
probabilit y distributions the observeddependencestructure canbereproduced
by constructing a novel bivariate distribution: a bivariate normal distribution
with the dependencestructure taken from a bivariate Gumbel distribution.

In Chapter 5 spatial variation in the probabilit y distribution of the precip-
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itation de�cit is the central theme. The Netherlands is therefore divided into
six districts. In the probabilit y distribution of the precipitation de�cit of all
six districts an extraordinary curvature shows up in the upper tail. Two al-
ternativ esare investigated to reproduce the spatial variation and the common
extraordinary curvature in the tail: a regional frequency analysis and time
seriessimulation by meansof nearest-neighbour resampling. By intro ducing
additional long-term persistencein the nearest-neighbour resampling proce-
dure, the curvature in the upper tail of the distribution can be realistically
reproduced.

The statistical uncertainty of quantile estimatesbasedon nearest-neighbour
resampling is assessedin Chapter 5 by combining nearest-neighbour resam-
pling with the jackknife and the bootstrap. To achieve this, jackknife and
bootstrap samplesare constructed from the original data �rst. Subsequently ,
a simulation with the nearest-neighbour resamplingmodel is performed based
on each of the jackknife and bootstrap samples.The statistical uncertainty is
�nally determined in the sameway as in the standard jackknife and bootstrap
methods. In the caseof the bootstrap, the procedure resembles very much
that of the double-bootstrap in the dice example in Section 1.2. Apart from
the standard errors of quantiles, nearest-neighbour resampling and the boot-
strap are used to construct con�dence intervals for the return periods of the
largest observed precipitation de�cit for each of the six districts.

Chapter 6, �nally , gives a summary and synthesis of the research in this
thesis.
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Chapter 2

A simple test for equalit y of
variances in mon thly climate
data

Jules J. Beersmaand T. Adri Buishand, 1999

Published in Journal of Climate, 12, 1770{1779

Abstract

Testsfor equality of variancesof monthly climate data using resampling tech-
niquesare discussed.The application of a jackknife test to spatially correlated
time seriesis worked out in this chapter. Besidesthis spatial extension, it is
also possible to combine the data for the individual calendar months into a
single seasonalor annual test statistic. The derivation of the critical values
of the test statistic from Student's t-distribution in such multiv ariate applica-
tions is investigated. A modi�cation to improve the use of the t-distribution
is given for the casethat the distribution of the data is closeto the normal
distribution. The power of the simple jackknife test is comparedwith that of
a permutation test.

The test is illustrated with a comparison of the variances of monthly
temperatures and precipitation amounts in the anomaly simulation, with en-
hanced greenhousegas concentrations, and in the control simulation of the
high-resolution transient experiment (UKTR) with the Hadley Centre coupled
ocean-atmosphereGeneral Circulation Model. Three regions are considered:
Central North America, Southern Europe and Northern Europe. For a num-
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ber of regions and seasonsthe di�erences between the variances of the two
simulations are signi�cant at the 5% level. In particular, a signi�cant increase
in the varianceof monthly precipitation over Northern Europe is found in the
anomaly simulation for winter, summer and autumn. Limitations of the use
of the test to monthly precipitation time seriescontaining a large proportion
of zerosare identi�ed.

2.1 In tro duction

The study of changesin the variance of meteorological variables is of recent
interest. It is now well recognizedthat climate changemay not be restricted
to changesin the meanalone. Several authors have comparedthe variancesof
monthly and seasonalvaluesof observed data or simulated data from General
Circulation Models (GCMs). The determination of the statistical signi�cance
of observed di�erences meets,however, di�culties. Rind et al. (1989), Mearns
et al. (1990), Caoet al. (1992)and Gordon and Hunt (1994)usedthe F -test for
this purpose. The F -test assumesthat the data are independent and normally
distributed. Furthermore, the test often fails to discover meaningful di�erences
in the variancesdue to lack of degreesof freedom. Zwiers and Thi �ebaux(1987)
tried to overcome the low power of the F -test by deriving the interannual
variabilit y from the spectral density function of the daily values. Their test
requires a careful elimination of the annual cycle in the mean. Moreover, the
distribution of the test statistic hasonly beenstudied for (daily) samplesfrom
a normal distribution.

The above tests refer to data at a single location. GCM data consist,
however, of a large number of correlated time serieson a spatial grid. Wigley
and Santer (1990)presented a number of tests to comparethe variancesof such
multiv ariate data. Resampling techniques using computer-intensive Monte
Carlo methods were proposedto decidewhether a result is signi�cant or not.

Buishand and Beersma(1996) discussedthe use of the jackknife for the
comparisonof daily variabilit y in observed and simulated climates. The jack-
knife method is a resampling technique which does not require Monte Carlo
methods. The resulting tests are reasonablyrobust against non-normality of
the data. The critical valuescan generallybe basedon Student's t-distribution
both for univariate testing with data at a single location and for multiv ariate
testing with data on a spatial grid.

This chapter focuseson the useof the jackknife for testing equality of vari-
ancesof monthly values. Section2.2 presents an overview of tests for equality
of variancesusing resampling techniques. Particular attention is given to the
jackknife method in the multiv ariate situation. The method is illustrated in
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Section 2.3 with simulated monthly temperatures and precipitation amounts
from the high-resolution transient experiment (UKTR) with the Hadley Cen-
tre coupled ocean-atmosphereGCM (Murph y, 1995; Murphy and Mitc hell,
1995). Section 2.4 concludesthe chapter with a discussion.

2.2 Tests based on resampling

For estimating standard errors resampling techniques are often good alterna-
tiv es to analytic approximations. They also provide tests of signi�cance in
situations that the validit y of the normal distribution is questionable. Several
papers in the statistical literature have discussedthe useof the jackknife and
the bootstrap for testing equality of variances. An attractiv e property of these
tests is that rather simple multiv ariate versionsfor sampleson a spatial grid
or samplesof di�eren t seasonscan be obtained. A correction of a standard
jackknife test is proposedfor such multiv ariate applications.

2.2.1 Univ ariate tests

In this sectionwe con�ne ourselvesto the monthly means(or totals) at a single
location. A samplefor J successive years(e.g., January averagetemperatures)
is represented as x1; x2; : : : ; xJ . The sample mean is denoted as x and the
unbiasedsamplevariance s2 is given by:

s2 =
1

J � 1

JX

j =1

(x j � x)2 : (2.1)

The statistic s2 is an unbiasedestimate of the true variance � 2 of the monthly
values x j if these data are independent, a quite common assumption for
monthly data from di�eren t years. Tests for equality of variancesare often
basedon �̂ = ln(s2) rather than on s2 itself, becausethe distribution of �̂ is
usually closer to the normal distribution than that of s2. For independent
data, var(�̂ ) can be approximated as (O'Brien, 1978):

var(�̂ ) �
2 + 
 2

J
; (2.2)

where
 2 is the kurtosis (a standardizedfourth-order moment). For the normal
distribution 
 2 = 0. An estimate of var(�̂ ) can be obtained by replacing 
 2 by
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the samplekurtosis:


̂ 2 =

J
JP

j =1
(x j � x)4

"
JP

j =1
(x j � x)2

#2 � 3 : (2.3)

Somecaution is neededhowever, because
̂ 2 can be seriously biased(seeAp-
pendix B). The jackknife provides a distribution-free alternativ e estimate of
var(�̂ ).

Although s2 is an unbiasedestimate of � 2 for independent and identically
distributed data, �̂ = ln(s2) is a biasedestimate of � = ln( � 2). The bias is of
order 1=J (O'Brien, 1978):

bias(�̂ ) �
� 1 � 2
 2

J
: (2.4)

a. The jackknife

In the jackknife method the statistic �̂ is recomputed for each sub-sampleof
sizeJ � 1. Let �̂ � j be the value of the statistic after omitting x j . From �̂ and
�̂ � j a pseudovalue can be formed as:

� �
j = �̂ + (J � 1)(�̂ � �̂ � j ) : (2.5)

Although the pseudovalues� �
j can be seenasestimatesof � , they have a much

larger variance than �̂ . However, their mean:

�̂ jack =
1
J

JX

j =1

� �
j ; (2.6)

which is known as the jackknife estimate of � (Miller, 1968), can be a good
alternativ e to �̂ . The jackknife estimate reducesthe bias in estimating ln( � 2)
to order 1=J2.

Unlike the �̂ � j values, the pseudovalues exhibit little correlation (Sec-
tion 2.2.3). Jackknife tests treat the pseudovalues as independent normal
variables. Testsfor equality of variancesare then similar to those for equality
of means in normal populations using Student's t-distribution. These tests
need �̂ jack and its estimated variance:

V̂jack =
1

J (J � 1)

JX

j =1

�
� �

j � �̂ jack

� 2
: (2.7)
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From the jackknife estimatesa number of di�eren t statistics can be derived
to test for equality of the variances� 2(I) and � 2(I I) of two mutually indepen-
dent time seriesof monthly climate data. Let �̂ jack(I), �̂ jack(I I) be jackknife
estimates of ln( � 2) and V̂jack(I), V̂jack(I I) their estimated variances, then the
usual two-samplepooled t-statistic can be represented as:

Ta =

"
J K (J + K � 2)

J + K

#1=2
�̂ jack(I I) � �̂ jack(I)

h
J (J � 1)V̂jack(I) + K (K � 1)V̂jack(I I)

i 1=2
;

(2.8)
with J and K the number of years for climate I and climate I I, respectively.
Under the null hypothesisof equal variances,the distribution of Ta is approx-
imated by Student's t-distribution with J + K � 2 degreesof freedom. For
the caseof equal sample sizes,Miller (1968) demonstratesthat this approxi-
mation works well for samplesizesas small as J = 10. The test is also quite
robust against non-normality. However, for J 6= K , Monte Carlo experiments
show that the critical valuesof the test should be larger than those obtained
from Student's t-distribution, especially for long-tailed distributions (Brown
and Forsythe, 1974;Boos and Brownie, 1989). Besidesthe earlier mentioned
assumptions about the normalit y and correlation of the pseudovalues, there
are two additional complications in the caseof unequal samplesizesthat limit
the useof Student's t-distribution with J + K � 2 degreesof freedom(O'Brien,
1978). First, the pseudovalues have di�eren t variances in climate I and cli-
mate I I if J 6= K . Second, the fact that bias(�̂ jack) depends on J implies
that the mean of the numerator of the test statistic slightly di�ers from zero
under the null hypothesis. Furthermore, the two-sampleStudent test becomes
lessrobust against non-normality if the samplesizesare unequal (Kendall and
Stuart, 1973).

Keselmanet al. (1979) suggestedthe useof Welch's t-statistic to cope with
varianceheterogeneity of the pseudovaluesin caseof unequalsamplesizes.The
test statistic reads:

Tb =
�̂ jack(I I) � �̂ jack(I)

h
V̂jack(I) + V̂jack(I I)

i 1=2
: (2.9)

Buishand and Beersma(1996) used a similar statistic to compare the daily
variabilit y in observed and simulated climates. The critical values of Tb are
derived from Student's t-distribution with an e�ectiv e number d� of degrees
of freedom:

d� =

h
V̂jack(I) + V̂jack(I I)

i 2

V̂ 2
jack(I) =(J � 1) + V̂ 2

jack(I I) =(K � 1)
: (2.10)
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For equal samplesizes,Tb = Ta, but d� tends to be smaller than J + K � 2.
Besidesunequal sample sizes,di�erences in kurtosis 
 2 for the two climates
also lead to variance heterogeneity. A correction of the test for correlation
betweenpseudovalues is presented in Section 2.2.3.

b. Permutation and bootstrap procedures

Permutation proceduresare computer-intensive techniques to determine the
statistical signi�cance of a result. The method is free of assumptionsabout
the parametric form of the distribution of the data. A pooled permutation
procedure can be used to test for equality of variances of two climate time
seriesf x1; : : : ; xJ g and f y1; : : : ; yK g. The meansx and y have to besubtracted
�rst (Boos and Brownie, 1989). The method then assumesthat under the
null hypothesis each permutation of the combined sample f x1 � x; : : : ; xJ �
x; y1 � y; : : : ; yK � yg is equally likely. A permutation sample is obtained
by taking a sample of size J without replacement to represent the centred
data for climate I; the remaining K values represent the centred data for
climate I I. For each permutation sample the ratio of the sample variances
s2(I) and s2(I I) is computed. Comparing the distribution of this ratio in the
permutation sampleswith the observed ratio gives the achieved signi�cance
level.

In contrast to this permutation test, the pooled bootstrap procedure in
Boosand Brownie (1989) resampleswith replacement from the combined sam-
ple of centred data. The two techniques are further identical. Downton and
Katz (1993) applied the pooled bootstrap technique to test for discontinuities
in the variancein long-term recordsof seasonalmeanmaximum temperatures.
They observed that a test at the 10% level can detect changesof 25{30% in
the standard deviations of seasonalmean maximum temperatures in records
of 10 years or more and that such a test is generally not sensitive enough to
be able to detect changeslessthan 20%.

For the bootstrap it makessenseto considerstudentized statistics like Ta

and Tb instead of the ratio of the samplevariances(Boosand Brownie, 1989).
The actual rejection rate of the null hypothesis is then closer to the desired
signi�cance level. Boos and Brownie show that bootstrapping the jackknife
statistic Ta results in an improvement compared with the use of Student's
t-distribution with J + K � 2 degreesof freedom, in particular if J 6= K .

Pooled permutation and bootstrap proceduresare not robust against un-
equal kurtoses. It is possible to achieve asymptotic correct signi�cance lev-
els in that caseby bootstrapping the scaled samplesf x1=s(I) ; : : : ; xJ =s(I) g,
f y1=s(I I) ; : : : ; yK =s(I I) g, separately (Boos et al., 1989). Becauseconvergence
is slow, the test cannot be applied to small and moderate samples(say J; K �
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50).

2.2.2 Multiv ariate extensions

The jackknife procedureallows for a multiv ariate test for equality of variances
in two di�eren t climates using data at several grid points in a region. Such
a multiv ariate extension is presented in Buishand and Beersma(1996) First,
the pseudovalues � �

1, � �
2; : : : ; � �

J are calculated for each grid point separately.
Thesepseudovaluesare then averagedover the various grid points, giving � �

1,
� �

2; : : : ; � �
J . The jackknife statistic Ta or Tb is �nally obtained by applying

(2.6) and (2.7) to theseaveragepseudovalues. This combined test will be more
powerful than that for an individual grid point when the di�erences between
climate I and climate I I have the samesign acrossthe whole region becauseof
the larger sample size. The test is not suitable for very large regions (e.g., a
hemisphere)whereareaswith negative di�erences may compensatethosewith
positive di�erences.

The above multiv ariate extension comparesspatial averagesof the loga-
rithms of the variances. This is equivalent with a comparisonof the geometric
meansrather than the arithmetic meansas in the SPRET1 statistic of Wigley
and Santer (1990):

SPRET1 = s2(I) =s2(I I) ; (2.11)

where s2(I) and s2(I I) are the spatial averagesof the sample variances1 for
climate I and climate I I, respectively, for a particular calendar month. There
is, however, not a simple approximation to the distribution of SPRET1 under
the null hypothesis. Wigley and Santer (1990) used the pooled permutation
procedure of Preisendorfer and Barnett (1983) to determine the statistical
signi�cance of the observed value of SPRET1. The method is usually unnec-
essarily restricted to equal sample sizesonly. As for the univariate tests in
Section 2.2.1, it is also necessaryhere to adjust the monthly valuesfor di�er-
encesin the meansof the two climates (Santer and Wigley, 1990). Otherwise
the kurtosis in each permutation would di�er from that in the original series,
resulting in an incorrect signi�cance level.

The data for the individual (calendar) months can be combined into a
single seasonalor annual test by averaging the monthly pseudovalues in a
similar way. There is a gain in power when the sign of the di�erences in
variance for the two climates is the samefor the months under consideration.

1 In contrast to the unbiased estimate in equation (2.1), Wigley and Santer divide the
sum of the squared deviations about the mean by J rather than J � 1. This choice doesnot
in
uence the outcome of a permutation test and the value of the jackknife statistics Ta and
Tb is a�ected only in caseof unequal sample sizes.
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On the other hand the combined test may fail when the sign of the di�erences
varies over the year.

2.2.3 A corrected jackknife test

In Section2.2.1it wasnoted that in caseof equalsamplesizesthe t-approximation
of the null distribution did quite well in a jackknife test for sample sizesas
small as 10. Correlation between the pseudovalues and the fact that their
distribution deviatesfrom the normal distribution, even if the data comefrom
a normal distribution, limits the use of the t-distribution for smaller sample
sizes. The situation is di�eren t in the multiv ariate extension of Section 2.2.2
becausespatial averaging in
uences the distribution of the pseudovalues. The
e�ect of spatial averaging on the validit y of the t-approximation for the test
basedon the statistic Tb has beeninvestigated in a Monte Carlo experiment.
Table 2.1 considersboth the situation of two single climate time seriesand
that of averaging the pseudovaluesof N independent sequences.This averag-
ing doesnot a�ect the correlation between the pseudovalues,while the e�ect
of non-normality of the pseudovaluesdecreaseswith increasingN . For N large

Table 2.1. Actual rejection rates of the null hypothesisof equal variancesfor
two-sided tests based on the jackknife statistic Tb (5000 simulations). The
pseudovaluesin the test statistic are averagedover N independent sequences.
The critical values of Tb are obtained from Student's t-distribution with d�

degreesof freedom.

Signi�cance level
Distribution J K N 0.100 0.050 0.010

Normal 5 5 1 0.074 0.035 0.009
3 0.055 0.025 0.005
5 0.051 0.021 0.003
9 0.055 0.021 0.002

10 10 1 0.099 0.050 0.012
3 0.074 0.037 0.008
5 0.077 0.032 0.005
9 0.074 0.031 0.005

Exponential 10 10 1 0.169 0.107 0.037
3 0.129 0.071 0.017
5 0.123 0.066 0.016
9 0.119 0.062 0.012
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enoughthe distribution of Tb therefore no longer dependson N . The empir-
ical signi�cance levels for samplesfrom the normal distribution are for large
N much lower than the nominal values becauseof the negative correlation
between the pseudovalues (O'Brien, 1978). The situation is in fact better if
N = 1 becausethen the correlation e�ect is counteracted by the non-normality
of the pseudovalues. For the caseJ = K = 10 the two e�ects just compensate.
In the generatedsamplesfrom the exponential distribution the correlation be-
tween the pseudovalues is positive (O'Brien, 1978). Becauseof this positive
correlation and non-normality of the pseudovaluesthe test is progressive, i.e.,
the null hypothesis is rejected too frequently .

Like the F -test our jackknife statistic Tb has little power to detect di�er-
encesin the variancesof two short independent climate time seriesat a single
location. Averaging over successive months or grid points is therefore neces-
sary to obtain a meaningful test. Through the averaging procedurethe e�ect
of non-normality of the pseudovalues is small. Departures from the assumed
t-distribution are then mainly due to correlation between the pseudovalues.
Thesepseudovaluesare equicorrelated, i.e.,

Corr(� �
i ; � �

j ) = � (2.12)

for all i 6= j . If � is known the test statistic can easily be corrected for this
type of correlation (Walsh, 1947). The main point behind the correction is
that V̂jack in equation (2.7) does not provide a purely unbiased estimate of
var(�̂ jack), but such an estimate is given by

~Vjack =
1 + (J � 1)�

1 � �
V̂jack ; (2.13)

leading to the modi�ed test statistic:

~Tb =
�̂ jack(I I) � �̂ jack(I)

h
~Vjack(I) + ~Vjack(I I)

i 1=2
: (2.14)

From the Satterthwaite procedurein Welch (1938) it follows that the variance
estimate ~Vjack should also be used in equation (2.10) for the degreesof free-
dom. Table 2.2 shows that the null distribution of the correctedstatistic ~Tb is
generally much better approximated by Student's t-distribution than that of
the jackknife statistic Tb. The correctedtest evenworks well in caseof unequal
samplesizesdespite the di�erences in the meansof the jackknife estimates in
the numerator of equation (2.14) under the null hypothesis.

Table 2.2 also presents estimates of � . Details about the derivation of
these estimates are given in Appendix A. The table shows that the values
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Table 2.2. Actual rejection rates of the null hypothesisof equal variancesfor
two-sided tests based on the jackknife (2500 simulations for J = 10, K =
30; 5000 simulations in the other cases). The results in the �rst row refer
to the jackknife statistic Tb and those in the second row to the corrected
jackknife statistic ~Tb. The pseudovalues in the test statistics are averaged
over N = 9 independent sequences. The estimated correlation coe�cien ts
between these pseudovalues in climate I and climate I I are denoted as �̂ (I)
and �̂ (I I), respectively. The critical values of Tb and ~Tb are obtained from
Student's t-distribution with d� degreesof freedom.

Signi�cance level
Distribution J K �̂ (I) �̂ (I I) 0.100 0.050 0.010

Normal 5 5 � 0.063 � 0.064 0.055 0.021 0.002
0.095 0.048 0.008

10 10 � 0.017 � 0.020 0.074 0.031 0.005
0.098 0.050 0.010

5 15 � 0.066 � 0.010 0.067 0.030 0.006
0.111 0.054 0.015

10 30 � 0.015 � 0.003 0.073 0.037 0.006
0.100 0.049 0.013

Exponential 5 5 0.021 0.018 0.106 0.047 0.007
0.090 0.037 0.006

10 10 0.014 0.014 0.119 0.062 0.012
0.098 0.050 0.008

of �̂ are rather small. Neverthelessthis correlation may have a considerable
e�ect on the distribution of the test statistic, becauseit does not decrease
with increasing separation in time. Unfortunately, the procedure on which
the estimatesof � in Table 2.2 are baseddoesnot apply to a singlerealization.
Moreover, the amount of data is generally not su�cien t to obtain a sensible
estimate of � directly. The value of � is determined by the samplesizeand the
underlying distribution. This dependencewas examined in order to obtain a
suitable modi�cation of the jackknife statistic Tb.

Table2.3presents estimatesof � for J = 5, 10and 30 for a number of distri-
butions. Thesevaluesincreasewith increasingkurtosis 
 2 of the distribution.
Both for the symmetric Laplace distribution and the skewed � 2

4-distribution
the e�ect of correlation on the distribution of the test statistic can be ne-
glected. The kurtosis of these distributions is, however, as large as 3. The
monthly means of climatic data generally have kurtosis close to zero. It is
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Table 2.3. Estimated correlation coe�cien ts between the pseudovalues of se-
quencesof J independent observations from the normal and other distributions
(10000 simulations for J = 5 and J = 10; 2500 simulations for J = 30). As
in Table 2.2 the correlation coe�cien ts are derived from averagepseudovalues
taken over N = 9 independent sequences.

�̂
Distribution Skewness Kurtosis J = 5 J = 10 J = 30

Uniform 0 � 1.2 � 0.101 � 0.040 � 0.005
Normal 0 0 � 0.064 � 0.019 � 0.003
Laplace 0 3 � 0.013 0.002 0.002
� 2

4

p
2 3 � 0.002 0.009 0.002

Exponential 2 6 0.020 0.014 0.004

therefore often su�cien t to apply a correction to the test statistic valid for
the normal distribution. The estimates of � for the normal distribution in
Table 2.3 can be approximated as:

~� = � J � 1:7 : (2.15)

Substitution of ~� in equation (2.13) gives the desired correction. Unfortu-
nately, it is di�cult to verify the validit y of this correction. The sample
kurtosis in equation (2.3) has a very strong bias in small samplesfrom dis-
tributions with positive kurtosis, the so-called leptokurtic distributions (see
Appendix B). In the examplesin Section 2.3, the kurtosis for a single grid
point was estimated as


̂ 2 =

nsJ
nsP

i =1

JP

j =1
(x i;j � x i �)4

"
nsP

i =1

JP

j =1
(x i;j � x i �)2

#2 � 3 ; (2.16)

where x i;j is the value of the i th calendar month for year J , x i � is the average
of that calendarmonth, and ns is the number of calendarmonths in the season
of interest. The pooling over successive months reducesthe bias becauseof
the larger samplesize. The estimate in equation (2.16) is, however, sensitive
to a systematic variation of the variance within the seasonof interest.
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2.2.4 Power of tests for equalit y of variances

A Monte Carlo experiment was performed to study the performance of the
proposedjackknife test. The SPRET1 statistic of Wigley and Santer (1990)
was also consideredin that experiment. To demonstrate the e�ect of spatial
averaging, one set of data was generatedfor univariate tests on the variances
at a single location, and another set was generatedfor multiv ariate tests on
the variancesof N = 30 sequences.In the latter case,vectors of length 30
were generatedfrom a multiv ariate normal distribution analogousto a Monte
Carlo experiment of Zwiers (1987), where the correlation coe�cien t between
the i th and j th sequencewas set equal to the lag k autocorrelation coe�cien t
of a secondorder autoregressive process:

� 0 = 1
� 1 = � 1=(1 � � 2)
� k = � 1� k� 1 + � 2� k� 2; k � 2

9
=

;
; (2.17)

with k = ji � j j, � 1 = 1:6 and � 2 = � 0:8. This correlation function represents a
damped sinecurve. It can be seenasthe one-dimensionalanalogof the spatial
correlation function of a climate variable exhibiting teleconnection patterns.
From the Monte Carlo experiment it turns out that averagingthe pseudovalues
over N = 30 correlated sequencesleadsto a reduction in the standard error of
�̂ jack of 66%,which is comparableto the e�ect of averagingover 9 independent
sequences.The standard deviations, � (I) in climate I and � (I I) in climate I I,
were taken to be the samefor every sequence.

Table 2.4 presents the results for two-sidedtests at the 5% level in samples
of size 10. The power is low in the univariate case(N = 1), in agreement
with the discussionon the power of the F -test in Zwiers and Thi �ebaux (1987).
Even if � (I I) =� (I ) is as large as 2 more than 50% of the casespassesthe test.
A large gain in power is achieved with the multiv ariate tests. About 80%
of the casesis declared signi�cant if � (I I)=� (I ) = 1:5. It is further seenin
Table 2.4 that the power of the simple jackknife test is comparablewith that
of a computer-intensive permutation test using the SPRET1 statistic.

2.3 Examples

The multiv ariate jackknife test in Section 2.2 was applied to simulated time
seriesof monthly mean near-surfacetemperature and precipitation from the
UKTR climate change experiment with the Hadley Centre coupled ocean-
atmosphereGCM (Murph y, 1995; Murphy and Mitc hell, 1995). Data of the
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Table 2.4. Power of tests for equality of variances for various ratios of the
standard deviations in climate I and climate I I (1000 simulations, and 1000
permutations of each combined sample for the two climates to determine the
statistical signi�cance of the SPRET1 statistic). The valuesof the power refer
to a two-sided test at the 5% level for samplesof size10 (J = K = 10) from
a univariate (N = 1) or a multiv ariate (N = 30) normal distribution.

N = 1 N = 30

� (I I)/ � (I) Tb SPRET1 ~Tb SPRET1

1.2 0.077 0.076 0.273 0.262
1.5 0.176 0.175 0.808 0.842
2.0 0.434 0.399 0.996 0.994

last 10 yearsof the 75-year integration from the control simulation (with con-
stant CO2 concentration) are comparedwith those from the anomaly simula-
tion for the samedecade(with an increasein CO2 of 1% per year, resulting in
an e�ectiv e CO2 doubling after 70 years). The land areasof three regionsare
considered: central North America (CNA; 35� {50� N, 85� {105� W), southern
Europe (SEU; 35� {50� N, 10� W{45 � E) and northern Europe (NEU; 50� {70� N,
10� W{60 � E ). The �rst two regionswerepreviously selectedfor analysisof re-
gional climate changesimulation by the Intergovernmental Panel on Climate
Change(IPCC, 1990,1996).

The latter region wasintro ducedby Raisanen(1995) and later alsoconsid-
eredby IPCC (1996). The monthly meannear-surfacetemperature is obtained
by averagingthe monthly meanmaximum and minimum temperature. Results
for monthly meanmaximum and minimum temperature separatelyare similar
to those for monthly mean temperature and are therefore not presented. The
precipitation amounts consideredare the sums of large scaleand convective
precipitation.

2.3.1 Near-surface temp erature

Table 2.5 summarizessomerelevant samplestatistics. The valuesin this table
are averagesof monthly estimatesover a seasonor year and over the land grid
points in the region. The kurtosis estimatesare generallycloseto zero. Excep-
tions occur in spring and autumn. Valuesof 
̂ 2 > 1 in thosetransition seasons
are rather due to systematic di�erences betweenthe temperature variancesof
successive calendar months than to leptokurtic distributions. Equation (2.15)
was therefore used to correct for correlation between the pseudovalues in the
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Table 2.5. Mean, variance and kurtosis of monthly near-surfacetemperature
for central North America (CNA), southern Europe (SEU) and northern Eu-
rope (NEU). Here C refers to the control simulation and A to the anomaly
simulation of the UKTR experiment: Dec{Feb (DJF), Mar{Ma y (MAM), and
etc.

Area Data DJF MAM JJA SON Year

Mean ( � C)
CNA C � 9.73 6.48 22.58 10.74 7.52
CNA A � 4.96 8.95 27.00 15.55 11.63
SEU C � 1.89 6.42 20.41 10.33 8.82
SEU A 0.80 9.39 24.29 14.19 12.17
NEU C � 22.04 � 5.86 12.91 � 2.70 � 4.42
NEU A � 17.34 � 1.52 15.47 0.95 � 0.61

Variance ( � C2)
CNA C 13.39 5.65 4.28 4.98 7.07
CNA A 11.58 4.70 7.30 4.84 7.10
SEU C 11.74 6.19 4.38 4.24 6.64
SEU A 11.90 3.94 5.33 3.63 6.20
NEU C 17.49 11.01 2.92 8.09 9.88
NEU A 23.16 6.53 3.73 5.37 9.70

Kurtosis
CNA C 0.16 1.66 0.34 0.64 0.70
CNA A � 0.55 � 0.21 0.29 � 0.23 � 0.18
SEU C � 0.08 1.15 0.07 1.90 0.76
SEU A � 0.11 � 0.24 0.53 � 0.08 0.02
NEU C � 0.36 0.00 0.17 1.20 0.25
NEU A � 0.54 � 0.01 0.35 0.55 0.09

jackknife test for equality of variances.
In the anomaly simulation the average temperature is about 4� C higher

for most seasons.For the three regionsthe variancesare larger in summerbut
smaller in spring and autumn. However, thesechangesin the varianceresulting
from enhancedgreenhousegas concentrations are statistically signi�cant for
only two cases;the 71%increasein summer for CNA and the 41%decreasein
spring for NEU (Table 2.6). In winter the temperature variance changeshave
di�eren t signs.

Note that it is possiblethat the variance ratio indicates a decreasein vari-
ancewhereasthe test statistic indicates an increasein variance(seee.g.,CNA
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Table 2.6. Ratios of the samplevariancesof monthly near-surfacetemperature
in the anomaly simulation to those in the control simulation and results of
jackknife tests for equality of variances. Values in bold refer to statistically
signi�cant di�erences (two-sidedtest at the 5% level).

Area Statistic DJF MAM JJA SON Year

CNA ratio 0.86 0.83 1.71 0.97 1.00
CNA ~Tb � 0.56 0.05 2.54 � 0.26 1.01
SEU ratio 1.01 0.64 1.22 0.86 0.94
SEU ~Tb 0.10 � 1.41 0.96 � 0.47 � 0.43
NEU ratio 1.32 0.59 1.28 0.66 0.98
NEU ~Tb 1.84 ��� 5.18 0.74 � 0.89 � 0.75

in spring) or the other way around. However, this usually only happenswhen
the test statistic is closeto zero (and thus far from the critical value). It gen-
erally requires that the arithmetic mean is much di�eren t from the geometric
mean which occurs if the variance shows large seasonalor spatial variation.

2.3.2 Precipitation

The distribution of monthly precipitation generally di�ers more from the nor-
mal distribution than that of monthly temperature. The largest departures
from normalit y are found in areas or seasonswhere completely dry months
frequently occur. If at a particular grid point the monthly meanprecipitation
is zerofor the whole period considered,the samplevarianceis clearly alsozero
but the pseudovalues,sincethey involve ln(s2), are unde�ned. Similarly, when
only one of the monthly mean precipitation values in a time seriesis larger
than zero,oneof the pseudovaluesis unde�ned. Both situations are found in a
small number of the grid points in SEU in summerand autumn. Furthermore,
time seriescontaining many zeroshave a strong e�ect on the spatial kurtosis
estimate. To avoid problems related to such situations only those grid points
are consideredfor which the monthly mean precipitation time seriescontains
at least four values larger than zero.

It should further be noted that the precipitation in GCM simulations has
often been regarded as being representativ e of the averageover the grid box
concerned(Reed, 1986; Gregory and Mitc hell, 1995). The distribution of a
spatial averageof monthly precipitation is lessskewed and hasa lower kurtosis
than that of monthly precipitation at a point.

Table 2.7 summarizesthe sample statistics for precipitation in the same



28 Chapter 2

Table 2.7. Mean, variance and kurtosis of monthly precipitation for CNA,
SEU and NEU. Here C refers to the control simulation and A to the anomaly
simulation of the UKTR experiment.

Area Data DJF MAM JJA SON Year

Mean (mm day� 1)
CNA C 1.16 3.00 3.07 1.52 2.19
CNA A 1.30 3.05 2.73 1.44 2.13
SEU C 2.98 2.31 2.01 1.93 2.30
SEU A 3.01 2.32 1.61 1.76 2.18
NEU C 1.34 1.72 2.34 2.24 1.91
NEU A 1.68 1.95 2.51 2.58 2.18

Variance (mm2 day� 2)
CNA C 0.31 1.03 1.63 0.76 0.93
CNA A 0.34 1.47 1.79 0.92 1.13
SEU C 0.91 0.82 1.17 0.85 0.93
SEU A 1.37 0.76 1.11 0.81 1.01
NEU C 0.29 0.44 0.67 0.46 0.46
NEU A 0.47 0.48 0.92 0.68 0.64

Kurtosis
CNA C 0.62 � 0.03 � 0.11 0.47 0.24
CNA A 1.19 0.20 0.12 0.33 0.46
SEU C 0.29 � 0.08 0.60 0.26 0.27
SEU A 0.16 � 0.06 1.49 0.79 0.59
NEU C � 0.19 � 0.07 � 0.03 � 0.22 � 0.13
NEU A � 0.06 0.08 0.06 0.14 0.06

way as for temperature in Section 2.3.1. For NEU the monthly mean precipi-
tation in the anomaly simulation is for all seasons5 to 25%higher than in the
control simulation. This increasein the mean is accompaniedby an increase
in the variance. Table 2.8 shows that the changesin variance vary between
10% (spring) and 60% (winter), and are, except for spring, statistically sig-
ni�can t. For CNA the anomaly simulation shows an increasein mean winter
precipitation of about 10% and a decreasein mean summer precipitation of
about 10%; for SEU there is a 20% decreaseof mean precipitation in summer
and an almost 10%decreasein autumn (Table 2.7). For thesetwo regionsthe
changesin the mean are not accompaniedby similar changesin the variance.
The largest changesin the variance are found in other seasons,namely a sta-
tistically signi�cant increaseof 44%in spring for CNA and an increaseof 50%
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Table 2.8. Ratios of the sample variances of monthly precipitation in the
anomaly simulation to those in the control simulation and results of jackknife
tests for equality of variances. Values in bold refer to statistically signi�cant
di�erences (two-sidedtest at the 5% level).

Area Statistic DJF MAM JJA SON Year

CNA ratio 1.09 1.44 1.09 1.22 1.21
CNA ~Tb 1.10 2.25 0.50 1.15 2.36
SEU ratio 1.50 0.93 0.95 0.95 1.09
SEU ~Tb 1.36 � 1.85 � 0.53 � 0.48 0.04
NEU ratio 1.61 1.09 1.37 1.49 1.37
NEU ~Tb 3.72 1.03 2.61 3.01 4.77

in winter for SEU (Table 2.8).
In the statistical tests above, a correction for correlation between pseu-

dovalues was applied using equation (2.15) for the normal distribution. The
kurtosis estimatesin Table 2.7 support this correction for most cases.Excep-
tions are CNA in winter and SEU in summer and autumn. In particular for
the SEU precipitation, the positive kurtosis cannot be attributed to within-
seasonvariations of the variance only. According to the simulation results in
Appendix B, a spatial average of 
̂ 2 in the range of 1 to 1.5 indicates that

 2 � 3, so that a correction for correlation between pseudovalues would not
be needed. For the casesmentioned above the correction only had a small
e�ect; the valuesof the test statistic Tb without correction are: 0.99 for CNA
in winter, � 0.47 for SEU in summer, and � 0.43 for SEU in autumn.

2.3.3 Comparison with other GCM simulations

The results for the UKTR experiment only partly agreewith those of Rind
et al. (1989), Gordon and Hunt (1994) and Liang et al. (1995) for mixed-layer
models. In contrast to a coupled model, as used in the UKTR experiment,
a mixed-layer model cannot produce variabilit y associated with dynamical
oceanprocessessuch as the Atlantic thermohaline circulation and the El Ni~no
Southern Oscillation. Sincesuch processescontribute to the interannual vari-
abilit y, they should be included in experiments that investigate the response
of atmospheric variabilit y to enhancedgreenhousegas concentrations, as is
demonstrated by Meehl et al. (1994). They found that the changesof (inter-
annual) temperature variabilit y in a mixed-layer versionof their model di�ered
from those in a coupled version, particularly in the tropics.
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However, particular responses,that can be understood from physical rela-
tionships, seemquite robust. Examples are: reduced temperature variabilit y
over areaswhere sea-iceretreats (Gordon and Hunt, 1994;Meehl et al., 1994;
Liang et al., 1995), enhancedsummer temperature variabilit y in areasof re-
duced soil moisture (Meehl et al., 1994; Liang et al., 1995), and enhanced
precipitation variabilit y due the enhancedhydrological cycle and greater at-
mosphericmoisture content in the extra-tropics (Rind et al., 1989;Liang et al.,
1995).

Liang et al. (1995), for example, found increased summer temperature
variabilit y over CNA, which they ascribe to reducedsoil moisture. In UKTR
there is an increasedtemperature variabilit y over CNA in summer, which is
accompaniedby a reduction in meanprecipitation, and this generally leadsto
reducedsoil moisture in a warmer climate. With respect to enhancedprecipi-
tation variabilit y, all substantial changesin precipitation variance(larger than
10%), in the three areasconsidered,are increases. Increasesin precipitation
variabilit y over CNA in spring and summer similar to those in UKTR were
also reported by Liang et al. (1995).

2.4 Discussion

A test for equality of variancesbasedon the jackknife hasbeendescribed that
is suitable for correlated time seriesof monthly climate data on a spatial grid
(e.g., those produced by GCMs). In contrast to other resampling techniques
the method doesnot require computer-intensive simulation to derive the sta-
tistical signi�cance of observed di�erences in variances. The null distribution
of the test statistic can be approximated by Student's t-distribution with an
e�ectiv e number of degreesof freedom. For a test on multiv ariate data this
approximation can be improved by a correction for correlation between the
pseudovalues in the jackknife procedure. The proposedcorrection does,how-
ever, not apply if there arestrong departuresfrom the normal distribution asis
for instance the casefor monthly precipitation data containing a considerable
fraction of zeros.

Besidesthe reported non-normality of monthly precipitation during the dry
seasonin SEU, more seriousproblems were encountered with the application
of the jackknife procedure to monthly precipitation in South-east Asia (5� {
40� N, 60� {101� E). Even for the wet monsoon the distributions of the monthly
precipitation of several grid points in the area appeared to be very leptokur-
tic. The area-averagekurtosis can be reducedby excluding the relatively dry
grid points from the analysis. Disregarding grid points with mean monthly
precipitation smaller than 0.5 mm day� 1, yields a 18% increasein monthly
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precipitation variance in summer (June{August) and a 25% increasein the
monsoon season(June{September). Both increasesare signi�cant at the 5%
level. These results are in line with the increasein interannual variabilit y of
the area-averagedsouth Asian or Indian monsoon precipitation reported by
Meehl and Washington (1993), and Bhaskaran et al. (1995).

Like the traditional F -test, the jackknife test in this chapter assumesthat
the monthly valuesfrom di�eren t yearsare independent. If there is a positive
correlation betweenthe valuesin successive years, then the jackknife variance
tends to underestimate the true variance, which results in a progressive test.

Tests for equality of variancesare known to have little power for typical
sample sizesencountered in climate change experiments. In a jackknife test
the low power is due to variabilit y of �̂ jack . The averaging of the pseudovalues
over calendar months and/or grid points in a region leads to a considerable
reduction in the standard error of �̂ jack . Becausemonthly data generally ex-
hibit no or only weakautocorrelation, averagingover three successive calendar
months reducesthe standard error of �̂ jack by about 40%. In the application
to the monthly values in the UKTR experiment, spatial averaging over the
grid points in each of the three regionsyields a reduction in standard error of
about 50% for temperature and 65% for precipitation. For temperature, the
total reduction in standard error is comparablewith that in the Monte Carlo
experiment in Section 2.2.4. Despite thesereductions in standard error quite
substantial di�erences in variances can pass the test. For instance, for the
monthly temperaturesof NEU the changesin variancefor the four seasonsare
32%, � 41%, 28% and � 34%, respectively. Only the largest of these changes
(corresponding to a changein standard deviation of about 20%) is signi�cant
at the 5% level. Furthermore, for precipitation the observed changesin the
variance of 37% (NEU, summer), 44% (CNA, spring) and 49% (NEU, au-
tumn) are statistically signi�cant at the 5% level, but this is not the casefor
the observed increaseof 50% in the variance of monthly precipitation in SEU
during winter.

Despite the focus on monthly values, the presented jackknife procedure
can, of course,alsobe usedto comparethe variancesof seasonalvalues. How-
ever, for nearly normally distributed data, a test on the seasonalvalues(e.g.,
winter temperatures) has only about the samepower as a test on the values
for a particular calendarmonth (e.g., January temperatures). This is because
var(�̂ ) � 2=J for both the monthly and seasonalvalues. For leptokurtic data,
a seasonalmean or total will have much smaller kurtosis than the individual
monthly values. It is therefore possiblethat the proposedcorrection for corre-
lation betweenpseudovaluescan be applied to the variancesof seasonalvalues
but not to the variancesof monthly values. Furthermore, var( �̂ ) will besmaller
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for the seasonalvaluesdue to their reducedkurtosis. This is advantageousfor
the power of a jackknife test on the seasonalvariances.

Although there is strong evidenceof an increasein the varianceof monthly
precipitation over NEU in the anomaly simulation, the relative variabilit y or
coe�cien t of variation (standard deviation divided by the mean) shows much
less change. In principle, a test for equality of variation coe�cien ts can be
developed along the samelines as that for the variance in this paper. In case
of absenceof zerovalues,a test on the relative variabilit y can alsobe obtained
by applying the jackknife procedure to the variance of the logarithms of the
monthly precipitation amounts.
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Abstract

Nearest-neighbour resampling is usedto generatemulti-site sequencesof daily
precipitation and temperature in the Rhine basin. The simulation is condi-
tional on the valuesof three continuous indicesof the atmosphericcirculation.
An advantage of nearest-neighbour resampling is that the spatial correlations
of the daily precipitation and temperature data are automatically preserved
in the simulated data. Comparison of di�eren t resampling models shows that
the simulation of the precipitation and temperature for a new day should not
only be conditioned on the circulation characteristics of that day but also on
the simulated precipitation and temperature for the previous day, in order to
achieve the appropriate level of persistenceand variabilit y in the generated
data.

With a hydrological application in mind, 980-year multi-site simulations
of daily precipitation and temperature were performed conditional on a simu-
lated time seriesof circulation indices that wasobtained with a secondresam-
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pling model. The distribution of the extreme10-day area-averageprecipitation
amounts in these long-duration simulations was compared with the distribu-
tion of the historical 10-day area-averages. Again, the models in which the
precipitation and temperature of the previously simulated day weretaken into
account performed best, but even these models somewhat underestimate the
quantiles of the distribution of the 10-day area-average precipitation. The
long-duration simulations demonstrate that nearest-neighbour resampling is
capable to produce much larger 10-day area-average precipitation amounts
than the historical maximum.

3.1 In tro duction

A wide rangeof stochastic models is in useto simulate synthetic daily time se-
ries of precipitation. Somemodelsare alsoable to simulate daily precipitation
simultaneously with other weather variables. A limited number of techniques
is available to generateweather variablessimultaneously at multiple locations,
which is of particular interest for hydrological applications. For assessments
of the e�ects of anthropogenic climate change, there has been considerable
interest to condition stochastic daily precipitation models on the large-scale
atmosphericcirculation. Quite often a classi�cation of observed pressure�elds
into weatherclasseshasbeenusedfor this purpose. The parametersof the pre-
cipitation model are then determined for each weather classseparately (e.g.,
B�ardossy and Plate, 1992; Wilson et al., 1992; Schubert, 1994; Corte-Real
et al., 1999;Fowler et al., 2000;Qian et al., 2002;Stehl��k and B�ardossy,2002).
An alternativ e is to resample from the observed precipitation in the appro-
priate weather class(e.g., Hugheset al., 1993;Conway et al., 1996;Palutik of
et al., 2002). A somewhatdi�eren t approach is to describe daily precipitation
by non-homogeneoushidden Markov models(e.g., Charleset al., 1999;Bellone
et al., 2000). The parametersof such a stochastic precipitation model alsode-
pend on a discreteset of weather states, but thesestatesare unobserved. The
sequenceof weather states is modelled as a �rst-order Markov chain of which
the transition probabilities are determined by atmosphericpredictor variables.
Wilb y et al. (1998)usedregressiontechniquesto link wet-dry transition proba-
bilities and the meansof a suite of weathervariablesto atmosphericcirculation
characteristics.

Zorita et al. (1995) and Zorita and von Storch (1999) used the analog
method for the conditional simulation of multi-site daily precipitation. The
word analogrefersto the historical day that is closestto the target day in terms
of atmospheric circulation characteristics. In this method the analog is sam-
pled rather than days in a speci�c weather class. An advantage of resampling
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methods is that no conceptualextensionsare required to generatemultiv ariate
and/or multi-site daily sequences.Neither do they require assumptionsabout
the underlying distributions and the spatial correlations. The analog method
can be seenasa special caseof nearest-neighbour resampling. The earliest ap-
plications of nearest-neighbour resampling to weather data wereon multiv ari-
ate single-sitesimulation, without conditioning on the atmosphericcirculation
(Young, 1994; Rajagopalan and Lall, 1999). Using nearest-neighbour resam-
pling Brandsma and Buishand (1998) comparedunconditional simulations of
daily temperature and precipitation with several simulations conditional on
the atmosphericcirculation. For the conditional simulations, it wasfound that
the autocorrelation coe�cien ts and extreme-value distributions of precipita-
tion were better reproduced if, apart from circulation characteristics of the
target day, the simulated precipitation and temperature of the previous day
were also taken into account. A multi-site extensionof unconditional nearest-
neighbour simulation of daily precipitation and temperature was presented in
Buishand and Brandsma (2001).

This chapter compares a stochastic version of the analog method with
more general nearest-neighbour resampling techniques for conditional multi-
site simulation of daily precipitation and temperature in the German part of
the Rhine basin. This area was chosenwith a speci�c application to rainfall-
runo� modelling in mind. Sincein the downstream areaof the river Rhine the
largest dischargesoccur in winter, the reproduction of precipitation statistics
is studied for the winter half-year (October{March). Temperature is generated
becauserainfall-runo� models often usetemperature to determine evapotran-
spiration, snow accumulation and snow melt.

The methodology and the data are presented in Section 3.2. Section 3.3
gives a description of the resampling models used and comparesstatistical
properties of simulated data with those of observed data. In Section 3.4,
�nally , the results are summarizedand conclusionsare drawn.

3.2 Metho dology

3.2.1 Nearest-neigh bour resampling

Nearest-neighbour resampling was originally proposed by Young (1994) to
simulate daily minimum and maximum temperaturesand precipitation. Inde-
pendently , Lall and Sharma(1996) discusseda nearest-neighbour bootstrap to
generatehydrological time series. Rajagopalan and Lall (1999) presented an
application to daily precipitation and �v e other weather variables. Basically
the samemethod was used by Buishand and Brandsma (2001) for multi-site



36 Chapter 3

generation of daily precipitation and temperature.
In the nearest-neighbour method weather variables like precipitation and

temperature are sampledsimultaneously with replacement from the historical
data. To incorporate autocorrelation, resamplingis conditioned on the days in
the historical record that have similar characteristics asthoseof the previously
simulated day. One of thesenearestneighbours is randomly selectedand the
observed valuesfor the day subsequent to that nearestneighbour are adopted
as the simulated values for the next day t. A feature vector (or state vector)
D t is usedto �nd the nearestneighbours in the historical record. D t wasbased
on the standardized weather variables generatedfor day t � 1 in Rajagopalan
and Lall (1999) and of summary statistics of precipitation and temperature in
Buishand and Brandsma (2001). Summary statistics are particularly needed
for multi-site simulations to avoid problems with the high dimensional data
space. As in earlier papers the k nearest neighbours of D t were selectedin
terms of a weighted Euclidean distance. For two q-dimensionalvectorsD t and
D u the latter is de�ned as:

� (D t ; D u) =

0

@
qX

j =1

wj (vtj � vuj )2

1

A

1
2

; (3.1)

where vtj and vuj are the j th components of D t and D u respectively and wj

scaling weights.
A discreteprobabilit y distribution or kernel is required to selectoneof the

k nearest neighbours. Lall and Sharma (1996) recommendeda kernel that
gives higher weight to the closer neighbours. For this decreasingkernel the
probabilit y pj that the j th closestneighbour is resampledis given by:

pj =
1=j

kP

i =1
1=i

; j = 1; :::; k : (3.2)

This probabilit y kernel was also adopted in earlier applications of nearest-
neighbour resampling for the Rhine basin (Buishand and Brandsma, 2001).

For the simulation of weather variablesconditional on the atmosphericcir-
culation (or CNNR: conditional nearest-neighbour resampling) the procedure
is slightly di�eren t. In that type of simulation onesearchesfor days in the his-
torical record that havesimilar atmosphericcirculation characteristics asthose
of the conditioning day. Again one of these nearest neighbours is randomly
selectedand the observed valuesof that nearestneighbour are adopted as the
simulated values for the conditioning day t. The feature vector D t should
therefore at least consist of circulation characteristics of the conditioning day
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t. In addition, simulated weather variables and/or circulation characteristics
of day t � 1 and earlier days could be included in the feature vector.

Apart from creating a feature vector, the number k of nearestneighbours
and the weights wj have to be speci�ed. The choice of k depends on the
type of probabilit y kernel f pj g, the number n of daily values from which the
nearest neighbours are selected,and the dimension q of the feature vector.
Lall and Sharma(1996) recommendedfor the decreasingkernel (equation 3.2)
k = n1=2 provided that 1 � q � 6 and n � 100. Young (1994) recommended
k = 3 using a uniform kernel, while q was 3 and n � 1200. A sensitivity
analysis in Buishand and Brandsma (2001), with the decreasingkernel and
similar valuesfor n and q as in our application, gave best results for k = 2 and
k = 5. In this study the decreasingkernel with k = 5 was adopted. To obtain
an equal contribution of all feature vector elements to the Euclidean distance,
the weights wj should be inverselyproportional to the variance of the feature
vector elements. This is usually a good starting point and Buishand and
Brandsma(2001)showedthat variation of the weights generallyhaslittle e�ect
on the statistical properties of the simulated data. In W�ojcik and Buishand
(2003) an alternativ e approach is intro duced that avoids speci�cation of the
weights by using the Mahalanobis distance instead of the Euclidean distance.

3.2.2 The analog metho d

The analog method (e.g., Zorita et al., 1995;Zorita and von Storch, 1999) is
basically a special caseof CNNR. In nearest-neighbour resampling, oneof the
k nearestneighbours is randomly selectedfrom the historical record, whereas
in the analog method, the closestone is always selected. The analog method
is therefore identical to CNNR with k = 1.

Zorita et al. (1995) and Zorita and von Storch (1999) basedthe search for
analog days on characteristics of a single conditioning day or a sequenceof
conditioning days. In thosepapers the conditioning characteristics referred to
the atmospheric circulation only. Since in the analog method no randomness
is involved, this method is in essencedeterministic. There is thus only one
realization of the simulated time seriesfor each conditioning time series.Con-
sequently , for simulation conditional on the historical time seriesof circulation
indices, the conditioning day itself must be excluded, becauseotherwise the
historical time seriesof weather data would be generated.

In this thesis the �v e best analog days were extracted from the historical
record and one of these analogswas randomly selectedusing the decreasing
kernel (equation 3.2) with k = 5. This stochastic version is better comparable
with the CNNR models than the originally deterministic analog method.
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3.2.3 Data

As in Buishand and Brandsma(2001)daily precipitation and temperature data
from 25Germanstations in the Rhine basin for the period 1961{1995wereused
(seeFigure 3.1). For the 22 stations that lie below 500 m, the mean annual
precipitation rangesfrom 542mm (Geisenheim)to 944mm (Freiburg) and the
meanannual temperature lies between8.2� C (Coburg) and 10.9� C (Freiburg).
The three remaining stations, at an altitude of about 800 m, have relatively
lower mean annual temperatures and higher mean annual precipitation, the
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Figure 3.1. Locations of the 25 German stations in the drainage basin of the
river Rhine usedin this study.
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latter due to orographic enhancement. The lowest mean annual temperature
(5.0� C) is observed for Kahler Asten and the largest meanannual precipitation
(1691 mm) for Freudenstadt.

For the same 35-year period three daily indices of the atmospheric cir-
culation were used: (i) strength of the westerly 
o w W; (ii) strength of the
southerly 
o w S; and (iii) relative vorticit y Z . As in Joneset al. (1993) these
circulation indices were derived from daily mean sealevel pressuredata from
the UK Meteorological O�ce on a 5� latitude by 10� longitude grid, except
that the grid was centered at the Rhine basin instead of the British Isles. In
a number of studies the samecirculation indices were used to obtain an ob-
jective versionof the Lamb classi�cation (e.g., Jenkinsonand Collinson, 1977;
Joneset al., 1993;Goodessand Palutik of, 1998;Linderson, 2001).

3.2.4 Standardization pro cedure

To reducethe seasonalvariation in the feature vector elements, precipitation,
temperature and circulation indices were standardized. The daily tempera-
tures and circulation indiceswerestandardizedby subtracting an estimate md

of the mean and dividing by an estimate sd of the standard deviation for the
calendar day d of interest:

~x t = (x t � md)=sd; t = 1; :::; 365J and d = (t � 1) mod 365+ 1; (3.3)

where x t and ~x t are the original and standardized variables for day t, respec-
tiv ely, and J is the total number of years in the record. The estimates md

and sd were obtained by smoothing the samplemean and standard deviation
of the successive calendardays in a similar way as in Brandsma and Buishand
(1998) and W�ojcik and Buishand (2003).

Daily precipitation was standardized by dividing by a smooth estimate
md;wet of the mean wet-day precipitation amount:

~x t = x t =md;wet ; t = 1; :::; 365J and d = (t � 1) mod 365+ 1; (3.4)

with wet days de�ned as days with 0.1 mm precipitation or more.
To facilitate the reproduction of seasonallyvarying weather characteris-

tics the search for nearestneighbours was restricted to days within a moving
window, centered on the calendar day of interest. The width of this win-
dow was 61 days as in Brandsma and Buishand (1998) and Buishand and
Brandsma (2001). Thus for the 35-year historical record the nearest neigh-
bours areselectedfrom n = 2135days. At the endof the resamplingprocedure
the simulated standardized variables are re-transformed to their original scale
using the inverseof equations (3.3) and (3.4).
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3.2.5 Summary statistics

For the 25 stations in Figure 3.1 precipitation P and temperature T obser-
vations were available for each day. Parsimony of feature vector elements
requires that the P and T �elds are described by a small number of summary
statistics, like the three circulation indiceswereusedto characterize the mean
sealevel pressure�eld (e.g., the atmospheric circulation). Otherwise, consid-
erable di�erences betweenthe k nearestneighbours may occur becauseof the
large dimension of D t . Computer time also increaseswith the dimension of
D t .

Two important summary statistics are the arithmetic meansof the stan-
dardized valuesof the P and T �elds:

~P =
1
25

25X

i =1

~Pi (3.5)

~T =
1
25

25X

i =1

~Ti ; (3.6)

where ~Pi and ~Ti are the standardized P and T values, respectively, for the
i th station. Becauseof the relatively large spatial variation of the P �eld,
there is someneedfor a more completesummary of this �eld than just ~P. An
additional statistic to summarizethe P �eld is the fraction F of stations with
precipitation above somethreshold as suggestedin Buishand and Brandsma
(2001). Here F was used with a threshold of 0.1 mm. The statistic F helps
to distinguish betweenlarge-scaleand convective precipitation. Buishand and
Brandsma (2001) also consideredtwo alternativ es to the ~P and F combina-
tion: a vector consisting of the daily averagesof the standardized valuesover
�v e di�eren t sub-regionsand a vector consisting of the �v e leading principal
components obtained from the sample covariance matrix of the ~Pi . With re-
spect to the reproduction of the standard deviation and the autocorrelation
coe�cien ts of both precipitation and temperature these two alternativ es did
not give better results than the simulations with the combination of ~P and F
(Buishand and Brandsma, 2001).

3.3 Mo del iden ti�cation and simulation results

3.3.1 Mo dels used

Six resampling models were considered. Three analog-type models were dis-
tinguished: a �rst-order, a third-order and a �fth-order model. In the �rst-
order analog model (analog1) the circulation indices of the conditioning day
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(day t) were used to �nd the analog days. In the third and �fth-order ana-
log models (analog3 and analog5) the search for analog days was basedon
the circulation indices of respectively 3 and 5 consecutive conditioning days
(days t � 2; t � 1; t and t � 4; : : : ; t respectively). In the higher-order ana-
log models thus also a part of the evolution of the atmospheric circulation is
taken into account. Zorita et al. (1995) refer to the �fth-order model as a
`�v e-day-segment' model. The remaining three resampling models are CNNR
models. The �rst of these models (CNNR 1) contains the circulation indices
of day t and simulated precipitation and temperature characteristics of day
t � 1 as feature vector elements. The secondmodel (CNNR 2C) additionally
contains the circulation indices of day t � 1, yielding a second-ordermodel in
terms of the atmospheric circulation. Model CNNR 2F , �nally , usesin addi-
tion to CNNR 1 the fraction F of stations with precipitation of day t � 2 to
determine the nearestneighbours, resulting in a second-ordermodel in terms
of precipitation. Figure 3.2 schematically presents the feature vectorsof these
six models.

For a fair comparison of both types of models a stochastic version of the
analogmethod was used(seeSection3.2.2). Further, the selectionof the con-
ditioning day was excluded in the CNNR models as in the analog models.
Allowing the selectionof the conditioning day is consideredto generate`arti-
�cial skill' (Zorita et al., 1995). Consequently , the only di�erence betweenthe
analogmodelsand the CNNR modelsexaminedhere is the composition of the
feature vector (seeFigure 3.2).

The weights wj in equation (3.1) are in the CNNR models approximately
equal to the reciprocal of the variance of the feature vector elements. The
weights for ~P, F and ~T were rounded to 2, 5 and 1 respectively, and for
~Z , ~W and ~S the weights are 1 as a result of the standardization. For the
analog models all weights equal 1 since the feature vector elements involve
only standardized circulation indices.

In Section3.3.2, two typesof conditional simulations are investigated: sim-
ulations conditional on the 1961{1995 time seriesof circulation indices and
simulations conditional on simulated time seriesof circulation indices. The
simulated time seriesof circulation indices were obtained with an uncondi-
tional nearest-neighbour resampling model. A description of that model is
given in Appendix C. Time seriesof simulated circulation indices are needed
to generate longer time seriesof P and T than the historical time seriesof
circulation indices (seeSection 3.3.3). In the simulations conditional on sim-
ulated time series of circulation indices the conditioning day itself was not
excluded from being selectedsince no arti�cial skill can be inherited from a
simulated time seriesof circulation indices.
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Figure 3.2. Elements of the feature vector (solid boxes) for conditional simula-
tions of new variables (dashedboxes): (a) analog1; (b) analog3; (c) analog5;
(d) CNNR 1; (e) CNNR 2C and (f ) CNNR 2F . The vector C contains the
three circulation indicesZ , W and S; asterisk indicates that the corresponding
variable was simulated in a previous time step; tilde refers to a standardized
value.

3.3.2 Mo del results

With all six models two 980-year simulations were performed, a simulation
consisting of 28 runs of 35 years conditional on the same 35-year record of
circulation indices, and a single 980-year simulation run conditional on 980
yearsof simulated circulation indices. For comparisonswith the historical data
the latter wassplit into 28 independent 35-year records. Given the application
of rainfall-runo� modelling for the river Rhine, the presented statistics refer
to the winter half-year (October{March). Second-ordermoments (such as
standard deviations and autocorrelation coe�cien ts) were �rst calculated for
each calendarmonth separatelyasin Buishand and Brandsma(2001)and then
averagedover the six calendar months, the 25 stations and the 28 periods of
35 years in order to reducethe in
uence of the seasonalcycle in the mean on
thesestatistics.
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a. Mean and second-order moments

Table 3.1 gives an overview of the reproduction of the means, the standard
deviations of the monthly and daily values, sM and sD respectively, and the
lag 1 and lag 2 autocorrelation coe�cien ts of the daily values, r (1) and r (2)
respectively. The �rst part of the table refers to simulations conditional on
historical circulation indices,and the secondpart to simulations conditional on
simulated circulation indices. The table alsogivesthe historical estimatesand

Table 3.1. Di�erences in meansand second-ordermoments between the 980-
year simulations and the historical data for the winter (October{March), aver-
agedover the 25stations and the 28(35-year) runs. For the meanprecipitation
(monthly totals), the mean temperature and the mean lag 1 and lag 2 auto-
correlation coe�cien ts, r (1) and r (2), the absolute di�erences are given, and
for the meanstandard deviations of monthly and daily values(sM and sD ) the
percentage di�erences are given. Bottom lines: averagehistorical (1961{1995)
estimates and their standard error, se. Mean and standard deviations are in
mm for precipitation and in � C for temperature. se are in mm for precipita-
tion, in � C for temperature, in % for standard deviations and dimensionlessfor
the autocorrelation coe�cien ts. Valuesin bold refer to statistically signi�cant
di�erences.

mean sM sD r (1) r (2)
Model P T P T P T P T P T

Historical circulation indices (1961{1995)
CNNR 1 1.0 0.27 � 5.6 ��� 19.9 � 0.1 ��� 6.8 ��� 0.047 ��� 0.096 ��� 0.028 ��� 0.069
CNNR 2C � 5.3 0.31 � 8.8 ��� 24.6 � 4.6 ��� 7.8 ��� 0.048 ��� 0.123 ��� 0.026 ��� 0.120
CNNR 2F 0.2 0.29 � 2.1 ��� 22.0 0.0 ��� 7.5 ��� 0.042 ��� 0.104 ��� 0.012 ��� 0.087

Analog 1 � 1.7 0.02 ��� 15.4 ��� 42.4 � 0.9 � 1.4 ��� 0.181 ��� 0.493 ��� 0.078 ��� 0.397
Analog 3 ��� 7.9 0.20 ��� 14.8 ��� 34.4 ��� 5.4 � 2.5 ��� 0.156 ��� 0.352 ��� 0.057 ��� 0.288
Analog 5 ��� 12.1 0.21 ��� 18.5 ��� 28.5 ��� 9.4 � 2.2 ��� 0.161 ��� 0.326 ��� 0.063 ��� 0.248

Sim ulated circulation indices
CNNR 1 � 0.8 0.26 � 8.7 ��� 23.5 � 1.2 ��� 7.3 ��� 0.049 ��� 0.099 ��� 0.027 ��� 0.077
CNNR 2C � 6.1 0.24 ��� 13.6 ��� 27.6 � 5.0 ��� 7.2 ��� 0.054 ��� 0.118 ��� 0.030 ��� 0.118
CNNR 2F � 1.8 0.28 � 7.6 ��� 26.5 � 2.0 ��� 7.8 ��� 0.048 ��� 0.108 ��� 0.016 ��� 0.096

Analog 1 � 2.9 0.04 ��� 18.6 ��� 42.2 � 2.1 � 1.3 ��� 0.168 ��� 0.453 ��� 0.073 ��� 0.364
Analog 3 � 6.8 0.16 ��� 17.7 ��� 36.2 � 4.4 � 1.7 ��� 0.147 ��� 0.336 ��� 0.062 ��� 0.282
Analog 5 ��� 9.3 0.20 ��� 20.2 ��� 33.9 ��� 6.1 � 1.9 ��� 0.152 ��� 0.325 ��� 0.067 ��� 0.256

Historical 65.0 3.54 35.9 2.2 4.2 4.2 0.287 0.825 0.148 0.639
se 3.8 0.17 4.8 6.2 2.6 2.5 0.009 0.007 0.010 0.015
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their standard errors. The standard errors of the autocorrelation coe�cien ts
were obtained with the jackknife method of Buishand and Beersma(1993).
The standard errors of the standard deviations of the daily and the monthly
valueswerecalculated in a similar way following Buishand and Beersma(1996)
and Beersma and Buishand (1999b; Chapter 2 of this thesis) respectively.
Di�erences larger than twice the standard error of the historical data are
referred to as statistically signi�cant (this corresponds approximately to a
two-sidedtest at the 5% level).

For the three analog models the averagewinter precipitation is underes-
timated due to the selection e�ects discussedin Section 3.3.2.b. The under-
estimation increaseswith the order of the model and becomessigni�cant for
the simulation with the analog3 model basedon historical circulation indices
and for both simulations with the analog5 model. The largest underestima-
tion is 12.1%,whereasfor the CNNR models the di�erences in monthly mean
precipitation are not more than 6.1%. The standard deviations sM and sD

are generally underestimated. The underestimation of the monthly standard
deviations for precipitation and temperature in the analog models is about
twice as large as in the CNNR models. In the analogmodels the underestima-
tion of the daily standard deviation for precipitation is also somewhat larger.
But for temperature, the underestimation of the daily standard deviations is
at least two times smaller in the analog models. The biasesin the lag 1 and
lag 2 autocorrelation coe�cien ts for precipitation and temperature are in the
analog models about three times as large as in the CNNR models. But even
for the simulations with the latter models the autocorrelation coe�cien ts are
signi�cantly underestimated. The bias in the autocorrelation coe�cien ts is the
main causefor the underestimation of the standard deviations of the monthly
values.

For the CNNR models the biasesare generally somewhat larger for the
simulations based on simulated circulation indices than for those based on
historical indices. For the statistics in Table 3.1, the best performing analog
model on the whole is analog3. Its performanceis, however, still below that
of the weakest CNNR model (CNNR 2C).

Time seriesof the area-averagewinter precipitation totals and the area-
averagewinter temperatures for the simulations conditional on the historical
circulation indices are compared with the observed 1961{1995 winter area-
averageprecipitation and temperature in Figures 3.3 and 3.4 respectively. For
each simulation the coloured symbols represent the averagesof the 28 runs in
each winter. For the simulations with the CNNR 1 and analog1 models the
whiskers represent the range of the 28 runs. The skill scoreS in the �gures is
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Figure 3.3. Observed and simulated area-averagewinter precipitation totals.
(top) CNNR models; (bottom) analog models. Black line: historical values;
colouredsymbols: simulated valuesaveragedover 28 runs; red whiskers: range
of valuesin 28 runs (CNNR 1 and analog1 modelsonly). Valuesin parentheses
are skill scores(seetext).

de�ned as:
S = 1 �

X

j

(yj � ŷj )2=
X

j

(yj � �y)2 ; (3.7)

where the yj are the historical winter precipitation totals or temperature av-
erages,�y is the overall historical averageand the ŷj are the simulated values
for each winter, averaged over the 28 runs. Note that S = 1 for a perfect
predictor, and S = 0 if �y is taken as predictor.
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Figure 3.4. Observedand simulated area-averagewinter temperatures. Details
as in Figure 3.3.

The temporal variation of the area-average winter precipitation is well
described by the CNNR and analog1 models,with S ranging between0.60and
0.66. The higher-order analog models exhibit lessskill due to the signi�cant
underestimation of the mean precipitation amounts (see Table 3.1). This
underestimation is also visible in Figure 3.3. For most winters the whiskers
of the simulated precipitation amounts are considerably wider for the CNNR
models than for the analog models, as shown for the CNNR 1 and analog1
models. The di�erence in whisker width betweenthe CNNR and analogmodels
is even larger for the area-averagewinter temperature (Figure 3.4). The larger
width of the whiskers in the CNNR models is likely due to a larger variation
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in the potential analogs(seeSection 3.3.2.b).
The simulations overestimate the averagetemperature of the coldest win-

ters (1963 and during the mid 1980s)and underestimate the temperature of
the warm winters (around 1990). This conditional bias is weakest for the ana-
log5 model. As a result, this model has the highest skill score(S = 0:71). So
for the analogmodels, the highest order is favourable for the predictive skill of
the winter temperature, while the lowest order is favourable for the predictive
skill of the winter precipitation due to the large underestimation of the mean
precipitation in the higher-order models.

b. Selection e�ects

As a result of random sampling with replacement, somehistorical days will
appear more frequently in a simulation run than other days. In the standard
bootstrap such di�erences are purely random. Nearest-neighbour resampling
may, however, also lead to a systematic underselection of certain days and
an overselectionof other days (Young, 1994). This explains for instance that
the mean and the daily standard deviation sD of the historical data are not
necessarilyreproduced in the simulations.

The selection e�ects of the simulations in this chapter are studied in the
same way as in Buishand and Brandsma (2001). Let K t be the number of
times that day t (t = 1; : : : ; 365J ) appearsin a simulation run of J � years. In
the caseof random sampling, K t hasa binomial distribution which can be can
be approximated by a Poissondistribution with parameter � = J � =J:

Pr(K t = r ) �
� r e� �

r !
: (3.8)

Note that the distribution of K t does not depend on the use of a moving
window. For nearest-neighbour resampling the number of historical days that
is drawn r times can be comparedwith the number expectedfrom the Poisson
distribution with parameter � . The latter equals365J � Pr(K t = r ).

In Table 3.2 the frequency distributions of r for the 980-year simulations
are compared with the frequenciesfor the Poissondistribution with � = 28.
The frequency distributions are wider than the theoretical frequency distri-
bution for random sampling as a result of selection e�ects. In the CNNR
models the selection e�ect is slightly larger for the simulations basedon his-
torical circulation indices than for those basedon simulated indices. Of the
CNNR models CNNR 2C (second-order in the atmospheric circulation) has
the largest selectione�ect. In the analog models the selectione�ect increases
considerably with the order of the model. Thus, the more information of the
evolution of the atmospheric circulation is used, the larger the selection ef-
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Table 3.2. Number of historical days drawn r times in 980-year simulations
comparedwith the number expected for the standard bootstrap. The largest
number of times that a historical day is drawn is given in the last column.

r
Model 0 1-10 11-20 21-30 31-40 41-50 > 50 r max

Historical circulation indices (1961{1995)
CNNR 1 44 1096 2995 3857 2683 1220 880 152
CNNR 2C 155 1814 2830 2913 2301 1443 1319 131
CNNR 2F 37 1128 2949 3795 2671 1324 871 131

Analog1 107 903 2787 3820 3004 1511 643 92
Analog3 716 1993 2576 2413 1922 1378 1777 133
Analog5 1078 2330 2498 2041 1528 1187 2113 179

Sim ulated circulation indices
CNNR 1 13 1021 2999 4002 2636 1270 834 144
CNNR 2C 17 1432 3127 3272 2429 1394 1104 120
CNNR 2F 12 1135 2952 3809 2698 1314 855 127

Analog1 0 224 2187 5620 3792 843 109 65
Analog3 6 1335 3162 3254 2464 1520 1034 94
Analog5 20 2305 3256 2523 1771 1218 1682 154

Bootstrap 0 1 928 7890 3797 158 1 -

fects tend to grow. Further, the di�erences in the selection e�ects between
the simulations basedon the historical circulation indices and those basedon
simulated indices are much larger than in the CNNR models. This is mainly
due to the relatively large selectione�ect in the analogsimulations conditional
on historical circulation indices. Recall that in that caseeach simulation con-
sists of 28 runs basedon the same35 years. In the analog models the nearest
neighbours (or analogs)aredeterminedby the circulation characteristics of the
historical record only. A particular conditioning day therefore has in each of
the 28 runs the samenearestneighbourhood, i.e., the samepotential analogs.
In the CNNR models the nearestneighbourhood of a particular conditioning
day varies among the 28 runs, since the precipitation and temperature char-
acteristics of the previously simulated day determine the potential analogsas
well. This larger variation in potential analogsis probably responsible for the
smaller selectione�ect.

Surprisingly, large di�erences in the selectione�ects do not necessarilylead
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to large di�erences in the standard deviations and autocorrelation coe�cien ts.
In particular for the analog1 model the selectione�ect for the simulation based
on historical indices is much larger than for the simulation basedon simulated
indices, but the di�erences betweenthe second-ordermoments (Table 3.1) are
relatively small. In the simulations with the largest selectione�ects, however,
the averagemonthly precipitation amount is signi�cantly underestimated, in-
dicating an underselectionof days with large rainfall and an overselectionof
relatively dry days.

c. Temporal dependence of spatial patterns

A resampling technique automatically preserves the spatial patterns of the
daily precipitation and temperature �elds, but it does not necessarilyrepro-
duce the dependencebetweenthe patterns of successive days. Two measures
of the temporal dependencebetweenthe spatial patterns wereconsidered:the
pattern correlation of two days that lie l days apart (for precipitation, days
with no rainfall were excluded), and the length of the di�erence vector of two
days that are l days apart. The pattern correlation correlatesthe spatial �elds
relative to their respective spatial means(centered statistic). The reproduc-
tion of the pattern correlation and the di�erence vector of the precipitation
and the temperature �elds is presented in Table 3.3.

There is always an underestimation of the pattern correlation. The bi-
asesin the lag 1 precipitation pattern correlation are similar in both types
of models. For temperature the biasesare somewhat larger, in particular for
the analog models. The biases in the lag 2 pattern correlation coe�cien ts
are about half of those in the lag 1 coe�cien ts. The simulations based on
simulated circulation indices have similar biases(not shown).

Most laggeddi�erence vectors are overestimated. Overall, the overestima-
tion is worsefor temperature than for precipitation, and worsefor the analog
models than for the CNNR models. This overestimation is mainly due to the
underestimation of the autocorrelation coe�cien ts (Table 3.1). The underes-
timation of the latter also contributes to the underestimation of the pattern
correlation. However, unlike the di�erence vector, the pattern correlation also
dependson laggedcross-correlationsbetweenthe daily temperatures (or daily
precipitation) at di�eren t locations. From a �rst-order approximation of the
expected value of the pattern correlation, it can be shown that the e�ect of
the underestimation of the autocorrelation is partly compensated by biases
in the laggedcross-correlations.As a result the pattern correlation looks less
sensitive to biasesin the temporal dependencethan the di�erence vector.
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Table 3.3. Di�erences in the lag 1 and lag 2 pattern correlations, r p(1) and
rp(2) respectively, and the lengths of the lag 1 and lag 2 di�erence vectors,
d(1) and d(2), between the 980-year simulations and the historical data for
the winter (October{March), averagedover the 28 (35-year) runs. Absolute
di�erences are given for r p(1) and r p(2), and percentage di�erences for d(1)
and d(2). Bottom line: averagehistorical (1961{1995) estimates. r p(1) and
rp(2) are dimensionless,and d(1) and d(2) are given in mm for precipitation
and in � C for temperature.

rp(1) r p(2) d(1) d(2)
Model P T P T P T P T

Historical circulation indices (1961{1995)
CNNR 1 � 0.089 � 0.128 � 0.044 � 0.065 6.2 18.4 3.2 3.4
CNNR 2C � 0.083 � 0.121 � 0.041 � 0.070 0.5 22.0 � 2.3 8.1
CNNR 2F � 0.087 � 0.122 � 0.040 � 0.060 5.2 19.3 1.2 4.7

Analog1 � 0.100 � 0.167 � 0.040 � 0.087 16.0 90.1 5.6 42.2
Analog3 � 0.089 � 0.141 � 0.039 � 0.082 7.6 66.6 � 1.2 30.6
Analog5 � 0.088 � 0.145 � 0.040 � 0.082 3.7 61.9 � 4.9 26.9

Historical 0.271 0.774 0.196 0.672 86.3 53.0 98.3 75.2

d. Dry spell counts and dry spell lengths

Table 3.4 presents the relative biases of the average number of dry days
(P = 0 mm); the average number of dry spells (i.e., series of consecutive
dry days); the averagedry spell length DSL; the longestdry spell in a 35-year
period DSLmax 35; and the bias of the lag 1 wet-dry autocorrelation coe�-
cient r wd (1). These statistics were again calculated for the winter half-year
(October{March). The number of dry days is nearly correct in the CNNR
and �rst-order analog models, but the third and �fth-order analog models
overestimate this by 4 to 6%. This overestimation partly explains the under-
estimation of the mean precipitation (seeTable 3.1) and is due to the earlier
discussedselection e�ects. In both types of models the number of dry spells
is overestimated: in the CNNR models somewhatmore than 10%, and in the
analog models more than 30%. As a result the averagespell length is under-
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Table 3.4. Di�erences in the number of dry days, the number of dry spells,
the averagedry spell length, DSL, the maximum dry spell length in 35 years,
DSLmax 35, and the lag 1 wet-dry autocorrelation coe�cien t, r wd (1), between
the 980-year simulations and the historical data in winter (October{March).
Absolute di�erences are given for r wd (1), and relative di�erences (%) for the
other statistics. Absolute and relative di�erences are averaged over the 25
stations and the 28 runs of 35 years. Bottom line: historical (1961{1995)esti-
mates; counts are per winter, lengths are in days and r wd (1) is dimensionless.

Model No. of No. of DSL DSLmax 35 rwd (1)
dry days dry spells

Historical circulation indices (1961{1995)
CNNR 1 � 1:6 13:3 � 13:1 � 8:8 � 0:082
CNNR 2C 1:1 12:5 � 10:1 � 4:7 � 0:074
CNNR 2F � 1:0 13:2 � 12:4 � 5:3 � 0:081

Analog1 1:1 38:1 � 26:8 � 28:1 � 0:227
Analog3 3:8 33:7 � 22:3 � 16:0 � 0:198
Analog5 5:8 35:4 � 21:8 � 15:6 � 0:208

Historical 83:8 26:6 3:1 24:4 0:411

estimated: in the CNNR models slightly more than 10%, and in the analog
models slightly more than 20%. Apart from the analog1 model, the relative
underestimation of DSLmax 35 is considerablysmaller than that of the average
dry spell length.

Like the lag 1 autocorrelation coe�cien t of the daily precipitation amounts
in Table 3.1, the lag 1 wet-dry autocorrelation coe�cien t is signi�cantly un-
derestimated in all simulations (the jackknife se of the lag 1 wet-dry autocor-
relation for the historical data is 0.010). The underestimation of both r wd (1)
and DSL can be understood from the relation (Buishand, 1978):

rwd (1) = 1 � 1=DSL � 1=WSL ; (3.9)

with WSL the average wet spell length. If, as in Table 3.4, the number of
dry spells is overestimated then the number of wet spells is alsooverestimated
(since by de�nition a wet spell follows a dry spell and vice versa). As a
result both DSL and WSL are underestimated and consequently r wd (1) is
underestimated.
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In terms of spell counts and spell lengths there is very little di�erence
between the simulations basedon historical circulation indices and those on
simulated circulation indices (not shown).

3.3.3 Long-duration simulations

Monte Carlo techniquesenableus to produce synthetic time seriesof precipi-
tation and temperature that are much longer than the observed records. Using
such long-duration simulations as input into a rainfall-runo� model o�ers the
opportunit y to get more reliable estimatesof the probabilities of extreme river
discharges.

The 980-year simulations conditional on simulated circulation indices that
were split into 28 independent 35-year records earlier are now used as sin-
gle long-duration simulations. The distribution of the extreme 10-day area-
averageprecipitation amounts in thesesimulations is examinedin this section.
An interval of 10 days was chosenbecause
o oding of the river Rhine is often
causedby large rainfall in winter over periods of about 10 days. An analysis
of the January 1995Rhine 
o od in Germany (Fink et al., 1996)demonstrated
that in parts of the basin the monthly totals were more than three times as
large as the climatological averagesand that about 70 to 80% of these high
monthly totals fell within a period of only 10 days.

The largest 10-day area-averageprecipitation amounts (averageof all 25
stations) in each winter (October{March) were extracted from the 980-year
simulations and the 35-year historical data. Figure 3.5 presents Gumbel plots
of these winter maxima (the horizontal scale in these plots is such that the
ordered maxima follow a straight line in the caseof a Gumbel distribution).
The Gumbel plots show that much larger 10-day area-averageamounts (up to
35%) are simulated than the historical (1961{1995)maximum. Such unprece-
dented rainfall events can be very useful for hydrological design. Figure 3.5
further shows that all modelsunderestimatethe 10-day area-averageprecipita-
tion amounts for return periods between5 and 20 years. The underestimation
is largest for the analogmodels and the CNNR 2C model. The analogmodels
systematically underestimate the 10-day area-averageprecipitation amounts
for all return periods, indicating that these models are not very suitable for
applications where the extreme multi-day precipitation amounts are of inter-
est.
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Figure 3.5. Gumbel plots of the 10-day winter precipitation maxima for 980-
year simulations conditional on simulated circulation indices and for the his-
torical 1961{1995data. Tr represents the return period in years.

3.4 Summary and conclusions

Multi-site simulation of daily precipitation and temperature conditional on
the atmospheric circulation has been studied for 25 stations in the German
part of the Rhine basin using CNNR and a stochastic version of the analog
method. To fully explore the di�erences between the CNNR and the analog
models the simulations weredivided into simulations conditional on historical
time seriesof circulation indicesand simulations conditional on simulated time
seriesof circulation indices. A secondresampling model was usedto generate
long-duration time seriesof circulation indices.

All conditional simulation models have a tendency to underestimate the
standard deviations and autocorrelation coe�cien ts of daily precipitation and
temperature and the standard deviations of the monthly precipitation totals
and the monthly meantemperatures. In general,the underestimation is larger
for the analog models than for the CNNR models, with the exception of the
underestimation of the standard deviation of the daily temperatures, which is



54 Chapter 3

much smaller in the analogmodels. The number of days that is never or almost
never selectedis relatively large for the analogmodelsconditional on historical
circulation indices. The mean precipitation amounts are signi�cantly under-
estimated in the simulations with the largest selectione�ects. All simulations
conditional on the historical circulation indicesunderestimatethe averagetem-
perature in the warmest winters and overestimate the averagetemperature in
cold winters. The reproduction of the temporal dependenceof the spatial pat-
terns of precipitation and temperature by both types of models turned out
favourably for the CNNR modelsalthough the di�erences werenot as large as
for the univariate autocorrelations. The biasesin the dry spell counts and the
dry spell lengths are for the analog models often more than twice as large as
for the CNNR models. The CNNR models also reproduced the extreme-value
distribution of the 10-day area-average winter precipitation amounts better
than the analog models. Despite an underestimation of the quantiles of this
distribution, the highest 10-day area-averageswere in most 980-year simula-
tions much larger than the highest observed 10-day area-average.

Since,the observedweatherof historical days is resampled,the dependence
betweendaily precipitation at di�eren t sitesand the dependencebetweendaily
precipitation and temperature is automatically preserved. Thesedependencies
often have a complicated structure, which may not be adequately described
by parametric models. For many hydrological applications the spatial depen-
dency is of crucial importance. This makes multiv ariate resampling models
particularly suitable for hydrological purposes. The comparison between the
analogmodelsand the CNNR models,however, demonstratesthat besidesthe
circulation characteristics of the target day, also the precipitation and tem-
perature characteristics of the previously simulated day should be taken into
account.

A few potential limitations of the methodology can alsobe identi�ed. The
method is rather data intensive and, resampling of multiv ariate data may
becomeproblematic if data are missing (which is quite common in observa-
tional records). The method does not produce new daily precipitation and
temperature �elds but merely reshu�es the historical days to form realistic
new sequencesof those �elds. As a result daily rainfall amounts cannot be
larger than those observed. Similarly, daily temperatures for a particular lo-
cation cannot be lower or higher than the observed minimum or maximum
value for that location. The latter limitation may seriously bias the results
of CNNR in climate change applications. To overcome this limitation, Lall
and Sharma (1996) suggestedto evaluate the meansof the required variables
�rst from the selectednearestneighbours and then to perturb thesevaluesby
a residual using nearest-neighbour resampling. For conditional simulation on
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atmosphericpredictors this strategy may needextensionto allow for predictor
valuesoutside their range in the historical data.

It should further be noted that several studies of climate change simula-
tions with General Circulation Models (GCMs) have revealed that changes
in precipitation usually cannot be explained by changesin the atmospheric
circulation alone. Consequently it becomesrecognizedthat the simulation of
precipitation should also be conditioned on (large-scale) predictors directly
related to the atmospheric moisture and the temperature (for an overview see
Giorgi et al., 2001). For similar reasonsthe simulation of temperature should
include predictors like the large-scale(2 m) temperature, geopotential height
or the thicknessof an atmospheric layer (e.g., Huth et al., 2001; Benestad,
2002).
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Abstract

The Netherlands are situated at the downstream end of the river Rhine. A
large part of the country can be supplied with water from the river in the case
of precipitation de�cits. For drought assessment it is therefore necessaryto
considerthe joint distribution of precipitation and dischargede�cits. A trans-
formed bivariate normal distribution aswell asa bivariate Gumbel distribution
are �tted to this data. In addition, nearest-neighbour resampling is used to
estimate joint probabilities of precipitation and discharge de�cits. Both the
reproduction of the marginal distributions and the dependencestructure are
explored. It is found that the transformed bivariate normal distribution un-
derestimatesthe probabilit y that both the precipitation and discharge de�cit
are extreme due to its asymptotic independence. Nearest-neighbour resam-
pling also underestimatesthis probabilit y, mainly becausethe upper tails of
the marginal distributions are not properly reproduced by the simulations.
From the two �tted bivariate distributions a novel bivariate distribution is
constructed with transformed normal marginals and a logistic Gumbel depen-
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dencestructure, which givesthe best description of the upper tail of the joint
distribution. The use of a failure region based on economic damage rather
than on joint exceedancesconsiderably reducesthe di�erences between the
probabilities of drought from the various bivariate models.

4.1 In tro duction

A large part of the Netherlands is situated in the delta of the river Rhine, the
largest river in northwestern Europe (drainage area 185000 km2). The Rhine
risesin the SwissAlps and 
o ws via Franceand Germany to the Netherlands,
where it divides a number of times. The Rhine plays a major role in the
overall water balance of the Netherlands; the amount of Rhine water that

o ws through the Netherlands is on averagetwice as large as the amount that
the country receivesas precipitation (Middelkoop and van Haselen,1999). As
a result, large parts of the country can be supplied with water from the river
in the caseof precipitation de�cits.

This chapter addressesthe probabilit y of drought in the Netherlands. For
droughts with a large economicimpact, it is important to consider the joint
distribution of the precipitation de�cit in the Netherlands and the discharge
de�cit of the river Rhine. Two approaches are compared to estimate joint
probabilities: (i) �tting bivariate distributions to the historical data, and (ii)
time seriessimulation.

In the �rst approach a transformed bivariate normal distribution and a
limiting bivariate Gumbel distribution are used. Both bivariate distributions
have beenapplied in the water resourcesliterature (Leytham, 1987;Kroll and
Stedinger,1998;Yue et al., 1999;Yue, 2001;Shiau, 2003),but a thorough com-
parison is lacking. Apart from di�erences betweenthe marginal distributions,
the dependencestructure of a limiting bivariate Gumbel distribution is quite
di�eren t from that of the classicalbivariate normal distribution, in particular
regarding the joint occurrenceof large values. To assessthe suitabilit y of the
dependencestructure of thesebivariate distributions new diagnosticsfrom the
statistical literature on multiv ariate extremes(Ledford and Tawn, 1996;Coles
et al., 1999) are used. The adequacyof the �t of the bivariate distributions
is further explored by comparing theoretical and empirical joint exceedance
probabilities.

In the second approach nearest-neighbour resampling is used to gener-
ate a long sequence(105 years) of precipitation and discharge de�cits. This
resampling technique has successfullybeen applied to simulate time series
of river 
o ws (Lall and Sharma, 1996) and weather variables (Young, 1994;
Rajagopalan and Lall, 1999;Buishand and Brandsma, 2001). In the nearest-
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neighbour resampling procedure the variables of interest (which in our case
include precipitation, evaporation and river discharge) are sampledsimultane-
ously with replacement from the historical data. A convenient characteristic
of resampling is that no assumptionshave to be made about the underlying
distributions of each of the variables and of the dependenciesbetween those
variables.

The sensitivity of joint probabilities to the form of the marginal distri-
butions and the dependencestructure is discussed. Besidesthe probabilit y
of joint exceedances,attention is given to the probabilit y associated with a
failure region basedon economicdamage.

In Section4.2 the historical data aredescribed, and the precipitation de�cit
in the Netherlands and the discharge de�cit of the Rhine are de�ned. Di�er-
ent probabilit y distributions for the precipitation de�cit are comparedin Sec-
tion 4.3. Section4.4presents probabilit y distributions for the dischargede�cit.
The joint distribution of the precipitation and discharge de�cits is discussed
in Section 4.5. Return periods for joint exceedancesestimated from the �tted
bivariate distributions and from nearest-neighbour resampling are given for a
number of extreme years in the historical record. In Section 4.6 the concept
of a failure region, basedon economicdamage,asan alternativ e for the classic
joint exceedanceis discussedand illustrated with the same historical years.
Section 4.7 concludeswith a summary and a discussionof the results.

4.2 Drough t characteristics

Two variables which describe drought in the Netherlands are consideredhere;
the country-averageprecipitation de�cit and the discharge de�cit of the river
Rhine. The precipitation de�cit is de�ned asthe cumulativ edi�erence between
precipitation and grassreferenceevaporation, from April, 1 onward. When the
precipitation de�cit becomesnegative it is resetto zero. The annual maximum
precipitation de�cit is the largest precipitation de�cit that occurs during the
summer half-year (April{Septem ber). Both for precipitation and evaporation
daily values were available for the period 1906{2000, giving 95 independent
annual maximum precipitation de�cits. For practical reasonsand for e�ciency
of the resamplingprocedureall daily data wereconverted into decadesof days
prior to the analysis. Decadesof days wereobtained by dividing each calendar
month into three decades;the �rst two decadesin a month always represent
10 days and the third decaderepresents the remaining days. Each year thus
contains 36 decades.

Averageprecipitation for the Netherlands was obtained by averaging the
precipitation sumsfrom 13 stations spreadover the country . The grassrefer-
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Figure 4.1. Evaporation and precipitation in the Netherlands in the summer
half-year (April{Septem ber) for the period 1906{2000. Estimated reference
and Makkink evaporation are explained in the text.

enceevaporation was derived from temperature and sunshineduration at De
Bilt using the Makkink formula (e.g., de Bruin and Stricker, 2000). The global
radiation in that formula was estimated from an empirical relation between
global radiation and sunshine duration due to Frantzen and Raa� (1982).
Figure 4.1 presents time seriesof precipitation and estimated referenceevapo-
ration for the summer half-yearsof the period 1906{2000. From 1958onward
the valuesof the original Makkink evaporation are also given. It can be seen
that thesevaluesare closeto the estimatesusedin this study. For most years
the referenceevaporation is larger than precipitation, giving rise to a precipi-
tation de�cit. A precipitation de�cit also builds up during dry periods in wet
summerhalf-years. Figure 4.1 further shows that the driest years(1911,1921,
1959and 1976) have above normal referenceevaporation.

The discharge de�cit of the river Rhine was basedon discharge measure-
ments at the German-Netherlands border (gauging station Lobith). Only
decadesfor which the discharge was below a threshold of 1800 m3 s� 1 con-
tribute to the dischargede�cit. For thosedecadesthe (nonnegative) di�erence
betweenthe threshold and the dischargeis addedto the dischargede�cit. The
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Figure 4.2. (top) Maximum precipitation de�cit and (bottom) dischargede�cit
in the summer half-year (April{Septem ber) for the period 1906{2000.

discharge de�cit was also calculated for the summer half-year and was avail-
able for the sameperiod (1906{2000)as the precipitation de�cit. A threshold
of 1800m3 s� 1 roughly corresponds to the 20%quantile of the decadeaverage
dischargeduring the summerhalf-year. In 8 yearsthe dischargeis never below
this threshold giving a zerodischargede�cit. A lower threshold would result in
many more yearswith a zero discharge de�cit. Figure 4.2 presents time series
of the maximum precipitation and dischargede�cits for the period 1906{2000.
No visible trends are found in these de�cits during the past century . As ex-
pected, there is a positive correlation betweenthe precipitation and discharge
de�cits.
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4.3 Probabilit y distributions for the precipitation
de�cit

Two distributions were �tted to the largest precipitation de�cit in each year;
the Gumbel distribution and the lognormal distribution, where the Gumbel
distribution is given by

F (x) = Pr(X � x) = exp
h
� e� (x � � )=�

i
: (4.1)

The parameters of the distributions were estimated by the maximum likeli-
hood (ML) method. In this section the �tted distributions are comparedwith
a simulated distribution basedon nearest-neighbour resampling of historical
precipitation (P), evaporation (E) and discharge(Q) data. Conditions are im-
posedon the resampling processto reproduce the temporal dependenceand
the annual cycle of thesevariables as well as possible. A detailed description
of the resampling model is given in Appendix D. With the resampling model,
105 years (i.e., 36 � 105 decades)were simulated to empirically estimate the
probabilit y distribution of the (annual maxima of the) precipitation de�cit
and the discharge de�cit. The simulated de�cits are occasionally larger than
those in the historical record as a result of reshu�ing of the historical decade
data (App endix D).

Figure 4.3 presents a Gumbel probabilit y plot of the maximum precipita-
tion de�cits. The horizontal axis in this plot is chosensuch that the Gumbel
distribution correspondsto a straight line. It canbeseenthat the �tted lognor-
mal distribution has a heavier upper tail than the �tted Gumbel distribution.
If one is interested in the exceedanceprobabilities of the largest historical val-
ues,one might argue to usethe lognormal distribution sincethis distribution
performs best in this range of the data. The �tted distributions were sub-
jected to the Anderson-Darling (A-D) test (as by Stephens,1986a) and the
`probabilit y plot correlation coe�cien t' (ppcc) test (Vogel, 1986). Thesetests
wereselectedbecausethey are known to be sensitive to deviations in the upper
tail. Both tests give for the lognormal distribution a signi�cant result at the
5% level, but not at the 1% level, while the Gumbel distribution passesboth
tests at the 5% level. Thus, although the lognormal distribution describesthe
tail of the distribution better, thesetests indicate that over the whole domain
the lognormal distribution does not properly �t the data while the Gumbel
distribution does.

The curvature in the plot for the simulated data from the resamplingmodel
is more or lessin agreement with that for the historical data, only the upper
tail of the simulated distribution seemsto be somewhat too light. The sim-
ulated distribution suggeststhat the precipitation de�cit is limited which is
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Figure 4.3. Ordered historical annual maximum precipitation de�cits, the �t-
ted Gumbel and lognormal distributions, and the simulated distribution from
a resampling model. The parameters � and � for the lognormal distribution
refer to the mean and standard deviation of the underlying normal distribu-
tion.

true in fact. When there would be no precipitation at all during the summer
half-year, the precipitation de�cit is completely determined by the reference
evaporation. Under present day climate conditions (in particular with respect
to temperature and global radiation), the largest precipitation de�cit is esti-
mated to be 600 mm. For the �tted lognormal distribution (heaviest tail) a
precipitation de�cit of 600 mm is exceededon averageoncein 2800years.

4.4 Probabilit y distributions for the discharge de�cit

Probabilit y distributions for the discharge de�cit were obtained in a similar
way as for the precipitation de�cit. A Gumbel distribution was �tted to the
annual discharge de�cits. A sqrt-normal distribution (which assumesthat
the square root of the data are normally distributed) was also �tted. The
choiceof this distribution wasbasedon the ML estimate of the optimal power
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Figure 4.4. Ordered historical annual dischargede�cits, the �tted Gumbel and
sqrt-normal distributions and the simulated distribution from a resampling
model. The parameters � and � for the sqrt-normal distribution refer to the
mean and standard deviation of the underlying normal distribution.

transformation in the Box-Cox family (Shumway et al., 1989).
To avoid a large in
uence of small values of the discharge de�cit on the

estimated parameters the sample was censoredat a low threshold of 0:03 �
109 m3 in the �t of the sqrt-normal distribution and at 0:6� 109 m3 in the case
of the Gumbel distribution. For data below the threshold only the information
that they are smaller than the threshold is then usedrather than their actual
values. The parameterswereestimated by the ML method, seee.g.,Shumway
et al. (1989) for a transformed normal distribution and Leese(1973) for the
Gumbel distribution.

Figure 4.4 presents a Gumbel probabilit y plot of the discharge de�cits.
For values larger than 1:0 � 109 m3, the �tted Gumbel and sqrt-normal dis-
tributions are nearly indistinguishable. The simulated distribution from the
resampling model agreeswell with the two �tted distributions for return pe-
riods up to about 100 years. For longer return periods they start to deviate.
The dischargede�cit is alsobounded. Applying the lowest observed discharge
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(725 m3 s� 1) to the whole summer half-year leads to a discharge de�cit of
17� 109 m3. The largest historical dischargede�cit (of 1921)amounts to 71%
of this practical upper limit, and the largest simulated dischargede�cits in the
resampling model are about 85% of this limit.

Becauseof the censoring the goodness-of-�t tests used in the previous
sectioncan not be applied. Both the Gumbel and the sqrt-normal distribution
passthe adapted ppcc test for censoreddata in Stephens(1986b) at the 5%
level.

4.5 Biv ariate probabilit y distributions

So far univariate probabilities have been considered. In the intro duction it
was noted that from a drought impacts point of view it is more interesting to
look at joint exceedanceprobabilities. Drought events that have the largest
economicimpact are those events that have both a large precipitation de�cit
and a largedischargede�cit. The latter makescompensationof the local water
shortageby water from elsewherein the Rhine basin very di�cult.

A logical way to proceedis to combine the univariate (marginal) probabil-
it y distributions into a bivariate probabilit y distribution. In the casethat the
maximum precipitation de�cit is described by a lognormal distribution and
the discharge de�cit by a sqrt-normal distribution it would be natural to con-
sider the bivariate normal distribution. The joint density of the standardized
transformed precipitation and discharge de�cits is then given by:

� 2(x; y) =
1

2�
p

1 � � 2
exp

�
�

1
2(1 � � 2)

(x2 � 2�xy + y2)
�

; (4.2)

where � is the correlation coe�cien t of the transformed values.
A family of bivariate extensions of the Gumbel distribution is provided

by the theory of multiv ariate extremes(e.g., Tawn, 1988; Coles, 2001). This
family can be represented as

F (x; y) = Pr(X � x; Y � y) = exp
�
� (e� x + e� y)A

�
e� x

e� x + e� y

��
; (4.3)

where A(�) is the dependencefunction. A(w) = 1 implies that X and Y are
independent, whereasA(w) < 1 implies that X and Y arepositively associated
(0 < w < 1). Perfect dependence,e.g., Pr(X = Y) = 1, corresponds with
A(w) = max[w; (1 � w)]. Note that A(0) = A(1) = 1 both for independent
and dependent Gumbel variables.
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Several parametric models for A(w) have been proposedin the literature
(e.g., Kotz and Nadarajah, 2000). A popular one is the (symmetric) logistic
dependencemodel:

A(w) =
h
w1=� + (1 � w)1=�

i �
; 0 � w � 1; 0 � � � 1 (4.4)

which leadsto
F (x; y) = exp

h
� (e� x=� + e� y=� ) �

i
; (4.5)

where� characterizesthe strength of the dependencebetweenX and Y ; � = 1
corresponds with independenceand � = 0 with perfect dependence. The
correlation between X and Y equals 1 � � 2 (Tiago de Oliveira, 1980). Yue
(2001) used the logistic Gumbel model to describe the joint distribution of
storm peaks and amounts and Shiau (2003) applied this model to extreme

o od events (peaksand volumes).

The dependencestructure of the bivariate normal distribution di�ers from
that of bivariate Gumbel distributions. A classical result for the bivariate
normal distribution with � < 1 is that its components are asymptotically
independent (Sibuya, 1960). For the standard bivariate normal distribution
in equation (4.2) asymptotic independenceimplies that:

lim
u!1

Pr(Y > u j X > u) = 0: (4.6)

A looseinterpretation of this is that the probabilit y that Y is extreme given
that X is extreme tends to zero, or in other words, extreme valuesof X and
Y do not occur simultaneously. For the bivariate logistic Gumbel distribu-
tion in equation (4.5), however, Pr(Y > u j X > u) tends to 2 � 2� , and this
distribution is therefore asymptotically dependent if � < 1. Note that asymp-
totic dependenceholds for all limiting bivariate extreme value distributions
(including the logistic Gumbel distribution).

In this section the dependencestructure of the data is investigated �rst.
Then the observed joint exceedanceprobabilities are comparedwith the theo-
retical onesfrom the bivariate models,and with thosefrom the data simulated
by nearest-neighbour resampling.

4.5.1 Dep endence structure

Dependencemeasuresfor bivariate extremes have been discussedby Coles
et al. (1999). To remove the in
uence of the marginal distributions the vari-
ablesX and Y are transformed to standard uniform variables,via U = FX (X )
and V = FY (Y ). The joint distribution of U and V is called a copula. It con-
tains all information about the association between X and Y . Copulas have
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been applied recently in bivariate hydrological frequency analysis by Favre
et al. (2004). For the data (x i ; yi ); i = 1; : : : ; N the in
uence of the marginal
distributions can be removed in a similar way using the empirical distribution
functions:

ui = F̂X (x i ) =
# x j 's � x i

N + 1

vi = F̂Y (yi ) =
# yj 's � yi

N + 1
: (4.7)

Buishand (1984) intro duced a measureof dependenceto estimate the in-
terstation dependencein the extremesof daily precipitation. A slight modi-
�cation of this dependencemeasureis the quantit y � (u) suggestedby Coles
et al. (1999):

� (u) = 2 �
ln Pr(U < u; V < u)

ln Pr(U < u)
for 0 < u � 1: (4.8)

Independencecorrespondswith � (u) = 0 and perfect dependencewith � (u) =
1. For the bivariate Gumbel distributions � (u) = 2 � 2A(1=2), which reduces
to � (u) = 2 � 2� for the logistic dependencemodel. Further, for su�cien tly
large u,

� (u) � Pr(V > u j U > u): (4.9)

For asymptotically independent distributions like the bivariate normal distri-
bution � (u) ! 0 asu ! 1. The measure� (u) is not in
uenced by a monotonic
increasingtransformation of the data such as the log and sqrt transformation
applied to the precipitation and discharge de�cits to achieve normalit y.

An empirical estimate of � (u) can be constructed by substituting empir-
ical estimates of the probabilities in the right-hand side of equation (4.8).
Figure 4.5 presents such estimates of � (u) for the historical and simulated
data and the theoretical values for the �tted bivariate distributions. The pa-
rameters � and � in these distributions were estimated by the ML method,
taking into account the censoringof low dischargede�cits (App endix E). The
�gure shows that � (u) is almost constant for the historical precipitation and
dischargede�cits. For the resampleddata, the averagelevel of � (u) is slightly
lower, with a weak minimum near u = 0:5. For large u, the estimatesof � (u)
for the historical and the simulated data are more in line with the theoreti-
cal values for the bivariate Gumbel distribution than those for the bivariate
normal distribution. For the latter � (u) gradually decreases,but for u near
1 it abruptly drops to zero. From a physical point of view, this behavior is
not very realistic since a severe drought typically extends over a large area
and will thus a�ect the precipitation in the Netherlands as well as in the
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Figure 4.5. Dependencemeasure� (u) for the historical and simulated data
and for the �tted bivariate distributions. The value 0.667 for the parameter
� in the bivariate Gumbel model corresponds to a correlation coe�cien t of
0.555.

upstream Rhine catchment. The use of the multiv ariate normal distribution
to describe droughts over large geographic areas was already questioned by
Leytham (1987). He observed that this distribution underestimated the fre-
quencyof simultaneous low precipitation amounts or low river 
o ws at widely
separatedsites.

The questionwhether the data are asymptotically dependent or not can be
investigatedfurther by calculating for each yearTi = min (� 1=ln ui ; � 1=ln vi ).
For large z, the probabilit y that Ti > z can be approximated by the Pareto
distribution (Ledford and Tawn, 1996):

Pr(Ti > z) � cz� 1=� ; (4.10)

where c and � are the scaleand shape parameters. For the bivariate Gumbel
distribution � = 1, whereasfor asymptotically independent data � < 1; � =
(� + 1)=2 = 0:74 for the bivariate normal distribution. The parameter � can
be estimated from the k largest valuesof Ti using the ML method (Hill, 1975).
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A quantile plot suggeststhat k can be taken as large as 70. This results in
�̂ = 1:12 with a standard error of 0.13, which supports the bivariate Gumbel
distribution.

4.5.2 Symmetry of dependence

Both the bivariate normal distribution and the bivariate logistic Gumbel distri-
bution have a symmetric dependencestructure. Here symmetry implies that
the dependencestructure is such that the joint probabilities are unchanged
when X and Y are interchanged. For a limiting bivariate Gumbel distribution
this holds only if A(w) is symmetrical about w = 1=2. This can be explored
by estimating A(w) with a nonparametric method. Pickands (1981) observed
that Z (w) = min

�
e� X =(1 � w); e� Y =w

�
has an exponential distribution with

mean 1=A(w), for each w 2 (0; 1). Transforming again the original variables
to standard uniform variables, the following nonparametric estimate of A(w)
is obtained (Hall and Tajvidi, 2000):

Â(w) = n

"
nX

i =1

Z i (w)

#� 1

; (4.11)

where

Z i (w) = min
�

ln ui

(1 � w)ln u
;

ln vi

wln v

�
(0 � w � 1) ;

with (ui ; vi ) de�ned in equation (4.7) and ln u; ln v the arithmetic means
of f ln ui g, f ln vi g respectively. For discharge de�cits equal zero (yi = 0),
the numerator of vi in equation (4.7) is based here on their average rank,
i.e., [(# yj 's = 0) + 1]=2. Note that Â(0) = Â(1) = 1 (in agreement with
A(0) = A(1) = 1).

Figure 4.6 comparesÂ(w) for the historical and simulated data with A(w)
for the �tted logistic dependencemodel. Apart from the bump around w =
0:75, which is partly due to the zero discharge de�cits, Â(w) is nearly sym-
metrical. The �gure shows that the overall level of Â(w) agreeswith A(w) for
the logistic dependencemodel with � = 0:667. The minimum of Â(w) for the
resampleddata is somewhat larger than that of A(w) but this is consistent
with the lower averagevaluesof � (u) for the resampleddata in Figure 4.5.

4.5.3 Go odness-of-�t

In the previous subsectionscriteria were presented to discriminate between
di�eren t models for the dependencebetween two random variables. To test
the overall adequacyof a bivariate model, both the dependencestructure and
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Figure 4.6. Nonparametric estimatesof A(w) from the historical and simulated
data and A(w) for the �tted logistic dependencemodel.

the �ts of the individual marginal distributions should be taken into account.
Here the goodness-of-�t of a bivariate model is assessedwith joint exceedance
probabilities. This is similar to Yue et al. (1999) and Yue (2001) who tested
the validit y of a bivariate model with empirical nonexceedanceprobabilities.
Exceedanceprobabilities are preferred here becauseof the interest in discrep-
anciesin the upper tail of the joint distribution.

For each data pair (x i ; yi ), a joint exceedanceprobabilit y can be estimated
as:

p̂(x i ; yi ) =
# pairs (x j ; yj ) with x j � x i and yj � yi

N + 1
; (4.12)

and this can be compared with the theoretical value of Pr(X � x i ; Y � yi )
for the �tted bivariate model or a similar empirical estimate for the resampled
data.

Besidesthe bivariate normal distribution and the bivariate Gumbel distri-
bution a novel bivariate distribution is considered,namely a bivariate normal
distribution with a logistic Gumbel dependencestructure. The latter is a log-
ical combination of the other two bivariate distributions and it is constructed
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from the bivariate Gumbel model, using the transformations:

~X = Ĥ � 1
X

h
ĜX (X )

i
~Y = Ĥ � 1

Y

h
ĜY (Y )

i
; (4.13)

whereĜX and ĜY are the �tted Gumbel distributions, and ĤX , ĤY the �tted
lognormal and sqrt-normal distributions, respectively. Since these transfor-
mations are monotonic increasing, ( ~X ; ~Y) has the samelogistic dependence
structure as(X ; Y ). The transformations in equation (4.13) are similar to the
normal quantile transformation in Kelly and Krzysztofowicz (1997). The in-
verseof the normal quantile transform hasbeenusedto obtain variableshaving
marginal extreme value distributions and a multiv ariate normal dependence
structure (Hosking and Wallis, 1988;Bortot et al., 2000). Equation (4.13) is,
however, neededif a logistic Gumbel dependencestructure is required.

Figure 4.7 shows joint probabilit y plots for the three bivariate models and
for the simulated data from the resampling model. To emphasizethe upper
tail, the exceedanceprobabilities are plotted on a logarithmic scale. In this

Figure 4.7. Joint probabilit y plots for the �tted bivariate normal and Gum-
bel distributions, for the bivariate normal distribution with logistic Gumbel
dependencestructure, and for the data simulated with the resampling model.



72 Chapter 4

tail region, the modeled probabilities tend to deviate systematically from the
empirical probabilities, partly becausetheseempirical probabilities are biased.
The bias of p̂(x i ; yi ) dependson the degreeof association of largevalues. From
each bivariate distribution 104 samplesof 95 yearswere generatedto explore
this bias. Figure 4.8 shows the bias for the three bivariate distributions. The
bias is identical for the bivariate Gumbel distribution and the bivariate normal
distribution with logistic Gumbel dependenceand somewhatlarger for the bi-
variate normal distribution. By comparing Figures 4.7 and 4.8 it is clear that
the observed di�erences betweenthe modeled and empirical joint exceedance
probabilities in the upper tail region (in Figure 4.7) are larger than the sim-
ulated bias (in Figure 4.8), in particular for the bivariate normal distribution
and the resamplingmodel. This lack of �t in the upper tail for the resampling

Figure 4.8. Bias of the empirical joint exceedanceprobabilities for the �tted
bivariate normal and Gumbel distributions and for the bivariate normal distri-
bution with logistic Gumbel dependencefrom a Monte Carlo experiment (104

simulations of 95 years). For each of the 95 empirical exceedanceprobabilities
the symbols refer to the median value of the simulated theoretical exceedance
probabilities and the lines denote a pointwise 95% interval for the theoretical
exceedanceprobabilities.
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Table 4.1. Mean return periods (yr) of joint exceedancesof the observed
precipitation and dischargede�cits in given yearsfor di�eren t bivariate distri-
butions and the resampling model.

Year Precipitation Discharge Normal Gumbel Normal, Resampling
de�cit de�cit logistic
(mm) (109 m3) dependence

1921 321:6 12:1 824 318 281 757
1976 361:1 10:7 760 296 221 676
1959 351:7 5:1 143 139 90 116
1947 296:1 7:8 142 78 65 90
1949 226:7 9:2 111 72 68 68

model is mainly the result of light tails of the simulated marginal distributions
(seeFigures 4.3 and 4.4), and for the bivariate normal distribution it is due
to its asymptotic independence(Figure 4.5). Although all four models have
a tendency to underestimate the joint exceedanceprobabilities in the upper
tail region, the bivariate normal distribution with logistic Gumbel dependence
performs best.

For 5 extreme years in the historical record the return periods of joint
exceedancesof the observed precipitation and discharge de�cit, i.e., T =
1=Pr(X > x i ; Y > yi ) were determined. Table 4.1 comparesthe estimates
of T from the di�eren t bivariate models. The return periods for the most ex-
treme years (1921 en 1976) are more than 600 years for the bivariate normal
distribution and the resampling model. These return periods reduce to less
than 300 years if a bivariate normal distribution with logistic Gumbel depen-
dencestructure is assumed.Apart from a large sensitivity to model choice, the
return periods are very uncertain due to sampling variabilit y (see,for the uni-
variate case,Stedingeret al., 1993). Yet this doesnot entirely explain why the
estimatesin Table 4.1 considerablyexceedthe length of the historical records
from which they werederived. An important point is that the probabilit y that
two di�eren t variables exceedsomehigh level simultaneously is smaller than
the marginal exceedanceprobabilities for each of the two variables. The mag-
nitude of this e�ect can be estimated from the sameMonte Carlo experiment
that wasusedto determine the bias of p̂(x i ; yi ). For each 95-year samplefrom
the normal distribution with logistic dependence,the return periods of the
joint exceedancesof the simulated precipitation and discharge de�cits were
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determined. The median of the longest return period in the 104 simulations of
95 years is 320 yearswhich is quite large comparedto the sizeof the sample.
As a result of this e�ect all 5 yearsconsideredin Table 4.1 have return periods
longer than 60 years.

4.6 Failure regions

In practical applications, the joint probabilit y that X and Y lie in a `failure
region' di�eren t from the rectangle de�ned by (X > x; Y > y) might be of
interest. For example,structures often fail if a combination of the constituent
variablesbecomesextreme. This combination then marks the boundary of the
failure region. For the assessment of droughts in the Netherlands it is useful
to basethe failure region on the economicdamageDE .

The economic damage from 7 historical years (1949, 1959, 1967, 1976,
1985,1995and 1996(T. Kro on, personalcommunication, 2004)) reveals that
DE can be approximated as:

DE = ax + by+ c; (4.14)

with x the maximum precipitation de�cit and y the discharge de�cit. The
regressioncoe�cien ts a, b and c were estimated by a least squares�t. Let
x i and yi be the observed precipitation and discharge de�cits for the year of
interest. Events with a precipitation and discharge de�cit in the region above
the line through (x i ; yi ) and with slope � = � a=b should then be consid-
ered as more extreme in terms of economicdamage. For the years1976,1959
and 1949, Figure 4.9 comparesthe boundary of this failure region with the
rectangle (X > x i ; Y > yi ). The slope of the bounding line indicates that
the economicdamageis relatively more sensitive to the precipitation de�cit.
Table 4.2 presents, for each of the historical yearsin Table 4.1, the return peri-
ods for the failure region basedon equation (4.14). Thesereturn periods were
obtained empirically from 106 simulated pairs (x i ; yi ) from the corresponding
bivariate distribution and from the 105 simulated yearsin the caseof nearest-
neighbour resampling. The estimated return periods in Table 4.2 are much
shorter than those in Table 4.1, in particular for 1921and 1976. Using a fail-
ure region related to the economicdamagegivesthe longest return period for
1976 while in Table 4.1 the longest return period is found for 1921. This is
a result of the relatively smaller contribution of the discharge de�cit to the
economicdamage(seeFigure 4.9). In Table 4.1 the return periods are longest
for the bivariate normal distribution while in Table 4.2 the longest return
periods are found for the bivariate Gumbel distribution and the resampling
model. The shortest return periods are found in both tables for the bivariate
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Figure 4.9. Failure regions related to the economicdamage(equation 4.14)
and rectangles(X > x i ; Y > yi ) for the historical years1976,1959and 1949
(indicated as 76, 59 and 49).

normal distribution with logistic Gumbel dependence,but the di�erence from
the standard bivariate normal distribution is much smaller in Table 4.2. This
is in line with results of Tawn (1988) and Coles and Tawn (1994) that the
sensitivity of joint probabilities to assumptionsabout the dependencestruc-
ture varies considerably with the type of failure region. For the best �tting
model (bivariate normal distribution with logistic dependence),the estimated
return period of 110 years for the most extreme year in terms of economic
damage,1976,is closeto the length of the historical record. In contrast to the
return periods in Table 4.1, the estimates in Table 4.2 can be consideredas a
univariate exceedanceprobabilit y, namely that for the economicdamageDE .

Although the regressioncoe�cien ts in equation (4.14) di�er signi�cantly
from zero at the 10% level, the slope � is quite uncertain. To determine
the e�ect of this uncertainty on the estimated return periods, the latter were
recalculated with the 5th percentile � L and the 95th percentile � U of the
empirical distribution of the estimatedslope in 104 bootstrap samplesof size7.
The resulting spread in the return periods is presented in Figure 4.10. For
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Table 4.2. Mean return periods (yr) of situations where the precipitation and
discharge de�cits are more extreme than the observed de�cits in the given
years in terms of economicdamage(equation 4.14) for the di�eren t bivariate
distributions and the resampling model.

Year Precipitation Discharge Normal Gumbel Normal, Resampling
de�cit de�cit logistic
(mm) (109 m3) dependence

1921 321:6 12:1 99 113 79 98
1976 361:1 10:7 147 172 110 178
1959 351:7 5:1 66 75 55 67
1947 296:1 7:8 41 46 36 46
1949 226:7 9:2 17 19 17 24

1959, a year with a relatively small discharge de�cit, a failure region with
slope � L leadsto a longer return period and a region with slope � U shortens
the return period, while for the other years in Table 4.2 the return periods
change the other way round. Within the uncertainty of �, 1976 always has
the largest economicdamageand thus the longest return period. However,
1959becomesmore extreme than 1921 if the failure region has slope � L and
it becomeslessextreme than 1947 if the failure region has slope � U . So the
ranking of the drought events also dependson the slope of the failure region.

4.7 Discussion and conclusions

Di�eren t probabilit y distributions have been �tted to the annual maximum
precipitation de�cit in the Netherlands and the annual discharge de�cit of
the river Rhine. The �tted distributions have been compared with an em-
pirical bivariate distribution obtained with a resampling model. It is found
that the degreeof association between large values is too weak if the depen-
dencestructure of a bivariate normal distribution is assumed.This results in
a strong underestimation of the probabilities of joint exceedancesof extreme
values. The joint occurrenceof large values is better described by the depen-
dence structure of a limiting Gumbel distribution. Its symmetric nature is
also in agreement with the data. This dependencefunction has therefore not
only been studied with Gumbel marginals but also with transformed normal
marginals. The latter describes the upper tail of the precipitation de�cit dis-
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Figure 4.10. Spread in return periods due to the uncertainty of the failure
region slope �. The single horizontal bars correspond with � L , the double
horizontal bars with � U and the crosses(� ) with the return periods in Ta-
ble 4.2.

tribution better, leading to shorter return periods betweenextreme bivariate
events than the Gumbel distribution. The assumption of Gumbel marginals
is, however, not rejected by the Anderson-Darling and the ppcc tests. For
the resampling model the dependencestructure and its symmetry agreewell
with the data. The resampling model is the only model which can (to some
extent) reproduce the curvature in the tail of the historical distribution of the
maximum precipitation de�cit, although it underestimatesthe most extreme
quantiles of this distribution. The tail of the simulated distribution of the dis-
chargede�cit seemstoo light aswell, in particular near the most extremeevent
(1921). This discrepancyseemsto be related with di�erences in the strength
of the autocorrelation between the variables E � P and Q. Decade values
of E � P exhibit only weak autocorrelation whereasfor discharge Q there is
still considerableautocorrelation at a lag of 10 decades(seeAppendix D). A
much better simulation of the upper tails of the marginal distributions can be
achieved when E � P and Q are resampledindividually rather than simulta-
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neously (seeSection 5.4). This is, however, not of interest for the estimation
of the drought probabilities consideredin this chapter.

The useof a failure region basedon economicdamagehas beenstudied as
an alternativ e to ordinary joint exceedances.This failure regionnot only short-
ens the estimated return periods of historical drought events, it also reduces
the di�erences between the various bivariate models. For the most extreme
year in terms of economicdamage,1976,the return period is 172yearsfor the
bivariate Gumbel distribution, 110 years for the transformed normal distri-
bution with logistic Gumbel dependenceand 178 years for nearest-neighbour
resampling. A detailed study of the uncertainty of these return periods was
beyond the scope of this chapter, but the uncertainty is dependent on lack of
�t in the upper tail of the joint distribution, the limited samplesize,and the
uncertainty in the slope of the failure region. The sizeof the latter uncertainty
depends on the type of distribution and may vary considerably from year to
year (seeFigure 4.10).
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Abstract

The distribution of the annual maximum precipitation de�cit is studied for six
districts within the Netherlands. Gumbel probabilit y plots of this precipitation
de�cit show a common extraordinary curvature in the upper tail. A regional
frequencyanalysisyields a regional growth curve that can be approximated by
a spline consisting of two linear segments on the standard Gumbel scaleand
a smooth transition between them. Alternativ ely, the application of a time
seriesmodel basedon nearest-neighbour resampling is explored. To reproduce
the curvature of the precipitation de�cit distributions it is necessaryto include
a 4-month memory term in the resampling model. This memory term leads,
however, to a considerable increase of the standard error of large quantile
estimates.

Much attention is given to the use of the bootstrap and the jackknife to
determinethe standard errorsof quantile estimatesbasedon nearest-neighbour
resampling. A simulation experiment with a �rst-order autoregressive time
seriesmodel shows that thesestandard errors can be biased, in particular for
the bootstrap. The relative standard errors of quantile estimatesare large in
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the area of large curvature of the Gumbel probabilit y plots. This holds both
for nearest-neighbour resampling and regional frequency analysis. When the
two methods are usedfor extrapolation, nearest-neighbour resampling clearly
outperforms the regional frequency analysis. The latter then shows a strong
increasein the relative standard error of quantile estimates with increasing
return period due to the large uncertainty of the parameters in the spline
model.

Using nearest-neighbour resampling and the bootstrap, con�dence inter-
vals are constructed for the return periods of the largest observed precipita-
tion de�cit for each of the six districts. Although these con�dence intervals
are quite wide, they are on averagea factor of two narrower than the interval
expected from the sizeof the sampleonly.

5.1 In tro duction

The probabilit y of drought events is a regularly recurring topic in drought
studies. Quite often there is particular interest in the frequencyof occurrence
of the most extreme historic events. Since such events are by de�nition rare
it is not so easyto obtain accurate estimatesof their frequencyof occurrence.
Furthermore, one should keep in mind that the severity of a drought, and
thus its associated probabilit y, also depends on the sector that su�ers from
the drought. In addition, drought is usually not only controlled by lack of
precipitation but also by evaporation.

In the Netherlands a frequently used measureof the severity of drought
of a certain year is the maximum cumulativ e di�erence between potential
evaporation and precipitation in the summer half of that year. This measure
of drought is strongly related to moisture de�cits for the vegetation during
the growing season. In the previous chapter (Beersma and Buishand, 2004)
it was used as a measureof drought for the country as a whole while in this
chapter it is used to investigate and quantify regional di�erences within the
Netherlands. In Section 4.3 it was already noted that a Gumbel probabilit y
plot of the annual maximum country-averageprecipitation de�cit contains an
extraordinary curvature at large de�cits. For return periods beyond 20 years,
the distribution is much heavier tailed than the Gumbel distribution (which
would represent a straight line) while for very long return periods the tail is
becoming thinner again (see Figure 5.1). To guide the eye Figure 5.1 also
presents the distribution obtained with the time seriessimulation model that
is intro duced in Section 5.4.

To study the regional di�erences in the Netherlands, the country is divided
into six geographic districts. It turns out that the extraordinary curvature
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Figure 5.1. Gumbel probabilit y plot of the annual maximum country-average
precipitation de�cit together with a plot of the annual maxima from a 100000-
year sequencegenerated with the time series model in Section 5.4.1. The
numbers represent the year minus 1900;T refers to the return period.

in the upper tail of the distribution is a common characteristic for all six
districts (Section 5.2). This curvature posesthe question how to estimate
large quantiles of the six distributions reliably and e�cien tly . One approach
is a regional frequency analysis (e.g., Hosking and Wallis, 1997). For the
precipitation de�cits in the Netherlands this approach means that the six
probabilit y distributions have a common shape which implies that the most
uncertain parameters of the six distributions can be taken equal for the six
districts. To derive thesecommon parameters the records of the six districts
are combined. The resulting parameter estimates have a smaller uncertainty
comparedto thosefrom a singlerecord, which leadsto moreaccurateestimates
of extreme quantiles and exceedancefrequencies. Time seriessimulation is
another approach to obtain more accurateestimates. In Beersmaet al. (2004)
resampling of the original precipitation de�cits was considered. A reduction
of the variance of quantile and frequencyestimates is then expected from the
more e�cien t useof the available data (Buishand, 2006).



82 Chapter 5

In this chapter a comparison is made between time seriessimulation and
a regional frequency analysis. There is a focus on the accuracy of quantile
estimates given the limited sample size of the historic data. In Section 5.2
the geographicdistricts are de�ned and the historic data that were used to
calculate the precipitation de�cits for these districts are described. The re-
gional frequencyanalysisis performedin Section5.3and time seriessimulation
basedon nearest-neighbour resampling is presented in Section5.4. Section5.5
comparesthe accuracy of quantile estimatesobtained with both methods for
di�eren t quantiles, and concludeswith a discussionand a summary of the
results.

5.2 Historic data and choice of districts

The precipitation de�cit in any period is the di�erence between precipita-
tion and potential evaporation in that period. Potential evaporation which is
routinely calculated for short grassis also known as the grassreferenceevap-
oration. Around early April the daily averagepotential evaporation becomes
larger than the daily averageprecipitation in the Netherlands. The de�cit is
therefore accumulated from April 1 onward. After 30 September the average
cumulativ e precipitation de�cit tends to decreasebecauseglobal radiation and
thus potential evaporation are reduced. The annual maximum precipitation
de�cit is the largest precipitation de�cit that occurs during the summer half-
year (1 April { 30 September). This period largely coincideswith the growing
seasonin the Netherlands. The vegetation will generally not grow optimally
during periods with a positive cumulativ e de�cit. If there is no positive cu-
mulativ e de�cit, precipitation surpluseswill lead to runo�. Without retention
measures,thesesurplusescan not compensatefor future positive de�cits. The
cumulativ e precipitation de�cit is therefore reset to zerowhen it becomesneg-
ative.

Both for precipitation and evaporation daily valueswere available for the
95-year period 1906{2000. The grassreferenceevaporation was derived from
temperature and sunshineduration at station De Bilt using the Makkink for-
mula (e.g., de Bruin and Stricker, 2000). The global radiation in that formula
was estimated from an empirical relation between global radiation and sun-
shine duration due to Frantzen and Raa� (1982). In Chapter 4 (Beersma
and Buishand, 2004) it was shown that this referenceevaporation compares
very well with the original Makkink evaporation which is available from 1958
onwards only.

Daily precipitation for the 1906{2000period was available for 18 stations
spread over the country . Thirteen of these stations were used to calculate
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Figure 5.2. Map of annual meanevaporation together with the position of the
18 precipitation stations and the six geographicdistricts usedin this chapter.

the daily country-averageprecipitation for the Netherlands in Section4.2 and
the country-average precipitation de�cit in Figure 5.1. In this chapter, the
Netherlands is divided into six geographicdistricts; North West (NW), North
East (NE), Central West (CW), Central East (CE), South West (SW) and
�nally South East (SE). For each district, time seriesof daily averageprecipi-
tation were obtained by averaging the precipitation amounts at three stations
in that district. Time seriesof daily referenceevaporation for each district
were derived by adjusting the referenceevaporation of station De Bilt using
the spatial di�erences in annual mean evaporation for the 1971{2000normal
period. A map of the mean evaporation in the Netherlands including the
position of the 18 precipitation stations and the six districts is presented in
Figure 5.2. The evaporation adjustment factors that were used are: NE and
CE: � 1.5%; SE: +3%; CW: +5%; NW: +6% and SW: +9%.

Analogous to Figure 5.1 Gumbel plots of the annual maximum precipita-
tion de�cit for all six districts are presented in Figure 5.3. This �gure clearly
shows the common curvature in the tail of the distributions. Physically one
can understand this behaviour. It is reasonableto assumethat at a certain
level of the precipitation de�cit a positive feedback develops in which, as a
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Figure 5.3. Gumbel probabilit y plots of the annual maximum precipita-
tion de�cit for the six districts together with plots of the annual maxima
from a 100000-year sequencegeneratedwith the 2d-resamplingmodel in Sec-
tion 5.4.1. The coloured numbers represent the year minus 1900 for each
district.

result of drying of the soil, cloudinessand the occurrenceof precipitation are
reduced,and temperature and global radiation (and thus the potential evap-
oration) are increasing. Both the reduction of precipitation and the increase
of the potential evaporation enhancethe precipitation de�cit. It is also clear
that such a feedback cannot go on inde�nitely sinceit is boundedby zeropre-
cipitation and maximum potential evaporation (the latter of which is mainly
bounded by global radiation). To determine the individual contributions of
precipitation and potential evaporation to the assumedfeedback, the annual
maximum country-averageprecipitation de�cits were also calculated for the
hypothetical case where the referenceevaporation is �xed according to its
1906{2000 climatology as well as the hypothetical casewhere the country-
averageprecipitation is �xed according to its 1906{2000climatology. In the
�rst casethe drought related referenceevaporation feedback is eliminated but
the precipitation feedback is still present while in the secondcasethe precip-
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Figure 5.4. As Figure 5.1, together with the hypothetical case with �xed
climatological referenceevaporation (red) and the hypothetical casewith �xed
climatological precipitation (blue). Seetext for details.

itation feedback is eliminated but the evaporation feedback is still present.
Figure 5.4 presents the Gumbel plots for thesetwo hypothetical cases.These
plots demonstrate that the annual maximum de�cit is mainly controlled by
precipitation variabilit y. The four largestvaluesin the casewith �xed evapora-
tion (red curve) show that it is most likely that a drought related precipitation
feedback is responsible for the curvature of the Gumbel probabilit y plot of the
annual maximum precipitation de�cit. The casewith �xed precipitation (blue
curve) shows that the e�ect of a potential evaporation feedback, if present at
all, is much lesspronouncedthan that of the precipitation feedback.

Besidessimilarities in the shape of the probabilit y distribution of the an-
nual maximum precipitation de�cit for the six districts there are also some
clear climatological di�erences between the coastal (western) and the inland
(eastern) districts. Evaporation is on average larger in the western districts
compared to the eastern districts (seeFigure 5.2) while precipitation in the
summer half-year is on averagesomewhat larger in the easterndistricts com-
pared to the western districts (not shown). As a result, the annual maximum
precipitation de�cit is on average larger in the western part of the country
than in the easternpart. Table 5.1 summarizesthe averageannual maximum
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Table 5.1. Sample mean, standard deviation, coe�cien t of variation (CV)
and skewnessof the annual maximum precipitation de�cits in each of the six
districts. Mean and standard deviation are given in mm, CV and skewness
are dimensionless.

District Mean Std. deviation CV Skewness

North West (NW) 194:1 67:2 0:346 0:829
Central West (CW) 165:5 67:9 0:410 0:919
South West (SW) 186:9 73:2 0:392 1:044
North East (NE) 133:6 61:6 0:461 1:244
Central East (CE) 124:2 63:4 0:511 1:254
South East (SE) 151:7 70:4 0:464 1:134

Averageover districts 159:3 67:3 0:431 1:071
Std. dev. betweendistricts 28:1a 4:3a 0:059a 0:173

a Signi�cant at the 5% level (seeAppendix F)

precipitation de�cit and a few other relevant statistics for each of the six dis-
tricts. The largest di�erences, in terms of thesestatistics, are those between
districts NW and CE. The NW district has the largest averageprecipitation
de�cit and the smallest coe�cien t of variation (CV, i.e., the standard devia-
tion divided by the mean) and skewness,while district CE has the smallest
precipitation de�cit and the largest CV and skewness. It should be noted,
however, that for a sample of size 95, the sample skewnessis a biased and
very variable statistic. Wallis et al. (1974) indicate that there is a negative
bias of about 10%. The average skewnessin Table 5.1 equals 1.07. After
bias correction, this averageis quite closeto the theoretical value of 1.14 for
the Gumbel distribution. Simulation shows that the di�erences between the
skewnessestimatesfor the six districts are not signi�cant at the 5% level (see
Appendix F). The di�erences between the means, standard deviations and
CVs are however, signi�cant at the 5% level.

Finally, note that prior to the analysesall daily data were converted into
decadesof days. Decadesof days were obtained by dividing each calendar
month into three decades;the �rst two decadesin a month always represent
10 days and the third decaderepresents the remaining days. Each year thus
contains 36 decadesof days. The main reasonfor using decadesof days instead
of the daily data is that it savesa factor of ten on the computer running time
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of the resampling procedure(in Section 5.4.1) without lossof performanceof
the simulated precipitation de�cits. The e�ect of the conversion into decades
of days on the annual maximum precipitation de�cit is negligible.

5.3 Regional frequency analysis

5.3.1 Basic extreme-v alue distributions

First, it was investigated if a common and simple probabilit y distribution ap-
plies to all six districts. Although the curvature in the Gumbel probabilit y
plots (seeFigure 5.3) suggeststhat the Gumbel distribution may not beappro-
priate, its skewnessis closeto the averagebias-correctedskewnessof the six
districts. The Gumbel distribution was therefore �tted for all six districts to-
getherwith the 2-parameterlognormal and GeneralizedExtreme Value (GEV)
distributions, where the GEV distribution is de�ned by:

F (x) = Pr(X � x) = exp

(

�
�
1 �

k(x � � )
�

� 1=k
)

; (5.1)

with � , � and k respectively its location, scaleand shape parameter. For k = 0
the GEV distribution reducesto the Gumbel distribution:

F (x) = Pr(X � x) = exp
h
� e� (x � � )=�

i
: (5.2)

The GEV distribution hasa heavier upper tail than the Gumbel distribution if
k < 0. For k > 0 it hasa relatively light upper tail with an upper bound. The
lognormal distribution assumesthat the logarithm of the data are normally
distributed. The GEV distribution was �tted using probabilit y-weighted mo-
ments (Hosking et al., 1985) while the Gumbel and lognormal distributions
were �tted by maximum likelihood (ML),

As in Chapter 4 (Beersma and Buishand, 2004) the �tted distributions
were subjected to the Anderson-Darling (A-D) goodness-of-�t test (e.g., Kotz
and Nadarajah, 2000). For the Gumbel and lognormal distributions the per-
centage points of the A-D statistic in Stephens(1986a) were usedand for the
GEV distribution those in Ahmad et al. (1988). The A-D test is known to be
sensitive to deviations in the tails of the distribution. Despite this sensitivity
the A-D test gave favourable results for the Gumbel distribution comparedto
the lognormal distribution. The lognormal distribution resulted in signi�cant
values(at the 5% level) for the districts NW, NE and CW while for the Gum-
bel distribution this was only the casefor district NW. The �tted lognormal
distributions have a heavier upper tail than the Gumbel distribution. This
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Figure 5.5. Gumbel probabilit y plots of the annual maximum precipitation
de�cit for two districts together with plots of the annual maxima from a
100000-year sequencegeneratedwith the 2d-resamplingmodel in Section5.4.1
(solid), the �tted lognormal distributions (dotted) and the �tted GEV distri-
butions (dashed). The coloured numbers represent the year minus 1900.

is also expressedby their relatively large skewnesswhich rangesbetween1.17
and 1.81 comparedto 1.14 for the Gumbel distribution. Apart from the NW
district, the GEV distributions are closeto the Gumbel distribution, with the
shape parameter ranging between� 0.035and 0.032. For the NW district, the
GEV distribution has the largest shape parameter (k = 0:105) and there is a
considerablereduction in the value of the A-D statistic. This statistic remains,
however, signi�cant at the 5% level. Figure 5.5 shows the lognormal and GEV
�ts for the two districts that di�er most, NW and CE. Note, in particular,
that due to their di�eren t shapes, the two �tted GEV distributions intersect
at a return period of about 500 years.

In summary, none of the three distributions provides an adequate �t to
the observed distribution for all six districts. For the NW district the GEV
distribution tends to underestimate the quantiles in the upper tail of the dis-
tribution (Figure 5.5), whereasthe GEV �t is almost indistinguishable from
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the Gumbel �t for the other �v e districts.

5.3.2 Regional growth curv e

A key assumption in regional frequencyanalysisis often that the distributions
of the annual maxima becomeidentical after somestandardization. Here it is
assumedthat the distribution of the standardized annual maximum precipi-
tation de�cit X � = (X i � � i )=� i , with X i the annual maximum precipitation
de�cit for district i (i = 1; : : : ; 6), is the samefor all districts. Here � i is a
location parameterand � i is a scaleparameter. A Gumbel plot of the standard-
ized maxima is usually denoted as the regional growth curve, a dimensionless
quantile function common to every site. The regional growth curve may form
the basisof a regional frequencyanalysis.

For each district standardized values were derived by replacing � i and � i

by the ML estimatesof the location and scaleparameter of the Gumbel distri-
bution, and thesewereranked in increasingorder asx �

1 � x �
2 � : : : � x �

95. The
regional growth curve in Figure 5.6 is obtained by averagingthe x �

j over the six
districts for each j (j = 1; : : : ; 95). As expected from Figure 5.3, the regional
growth curve deviates from the straight line for the Gumbel distribution due
to its heavy upper tail.

Two Component Extreme Value (TCEV) distributions have beenused in
the literature to describe data with a heavy upper tail. In its most simple
form the TCEV distribution function consistsof the product of two Gumbel
distribution functions; a basic component which covers most of the data and
an outlier component which is more heavily tailed than the basic component
(e.g., Rossi et al., 1984; Fiorentino et al., 1987). Given the curvature of our
regional growth curve, the GEV distribution with a positive shape parameter
k seemsa more appropriate choice for the outlier component.

However, attempts to �t the TCEV distribution with this outlier compo-
nent were not successful. A crucial point is that a rather large value of k
(k > 1) is neededto catch the amount of curvature of the growth curve. In
this situation, ML estimation meetsa seriousproblem (Coles, 2001) due to a
singularity in the likelihood equation.

As an alternativ e, the regional growth curve can be approximated by linear
segments on the standard Gumbel scale(Reed et al., 1999). In our caseone
linear segment was used for return periods up to about 15 years (which is
standard Gumbel due to the standardization) and a secondone was used for
return periods of about 30 yearsonward. For return periods between15 and
30 years a non-linear relationship is needed to obtain a smooth transition
betweenthe two linear segments. This leadsto a cubic regressionspline with



90 Chapter 5

Figure 5.6. Gumbel probabilit y plot of the standardized annual maximum
precipitation de�cit together with the �tted regional 2-parameter spline. The
plussesrepresent the averagestandardizedde�cits of the six districts, and the
dotted lines the position of the two knots of the spline model.

two knots, m1 and m2. In formula the spline model is given by:

X � =

8
>>>><

>>>>:

Y ; Y � m1

Y + a(Y � m1)2 + b(Y � m1)3 ; m1 < Y � m2

Y + a(m2 � m1)(2Y � m1 � m2)

+ b(m2 � m1)2(3Y � m1 � 2m2) ; Y > m2

(5.3)

where Y is the standard Gumbel variable, i.e.,

Pr(Y � y) = exp
�
� e� y �

: (5.4)

Due to the cubic part the growth curve and its �rst derivative are continuous
everywhere. Given the knots m1 and m2, the two spline parameters a and b
were estimated by minimizing the sum of the squareddi�erences:

SS=
6X

i =1

95X

j =1

(x �
i;j � x �

model;j )2 ; (5.5)
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Figure 5.7. Gumbel probabilit y plot of the annual maximum precipitation
de�cit for the six districts together with the corresponding rescaled �tted
regional spline. The coloured numbers represent the year minus 1900for each
district.

with x �
i;j the j th ordered standardized annual maximum precipitation de�cit

for district i and x �
model;j the standardized value from equation (5.3) with

Y = � ln[� ln(pj )] and pj the plotting position, pj = (j � 0:3)=95:4. The
knots m1 and m2 were found by �tting the spline iterativ ely. Figure 5.6 shows
the optimal spline, with m1 = 2:6 and m2 = 3:4, on the standard Gumbel
scale(corresponding with return periods of 14.0 and 30.5 years,respectively).
For each of the six districts, Figure 5.7 compares the Gumbel plot of the
annual maximum precipitation de�cits with the rescaled�tted regional spline.
The latter �ts generally well. Discrepanciesare however found in someof the
upper tails, in particular a tendency to underestimate large quantiles of the
distribution for the CE district for which the skewnessin Table 5.1 is rather
largeand a similar tendencyto overestimatelargequantiles for the NW district
for which the skewnessis rather small.

The improved correspondencein the upper tail betweenthe regional spline
and the data comparedto the Gumbel distribution is, however, not su�cien t to
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concludethat the splinemodel shouldbepreferredto the Gumbel distribution.
Compared to the Gumbel distribution the spline model has two additional
parameters which unfortunately leads to additional uncertainty (i.e., larger
standard errors, se). The spline model may therefore not necessarilybe better
in terms of root-mean-squareerror, rmse = (se2 + bias2)1=2. To compare the
uncertainty of the quantile estimates from the two distributions a simulation
experiment was performed. In this experiment it was assumedthat the �tted
spline model represents the true distribution. The results from the Monte
Carlo (MC) method werecomparedwith thoseof the bootstrap and jackknife
methods. The most essential details of the three methods are:

� MC simulation: 10000 samplesfrom the �tted spline model were gen-
erated. As in the original data, each MC sample consists of six 95-
year sequencesrepresenting the annual maximum precipitation de�cits
of the six districts. The standardized Gumbel variables Y in the spline
model (equation 5.3) weregeneratedfrom the logistic multiv ariate Gum-
bel distribution (Stephenson,2003). This distribution assumesthat the
precipitation de�cits of the six districts are equicorrelated. The correla-
tion coe�cien t of the multiv ariate Gumbel distribution was set equal to
the averagecorrelation coe�cien t of the annual maximum precipitation
de�cits (0.889). Both the Gumbel distribution and the spline model were
�tted to the data in each MC sample. For the spline the knots were the
sameas in the �t to the observed data, i.e., m1 = 2:6 and m2 = 3:4 but
the two spline parameters were estimated for each sample individually .
For each MC samplethe quantile estimatesfrom the two �tted distribu-
tions were compared with the quantile estimates from the spline �tted
to the original data.

� Bootstrap: 10000samplesweredrawn (with replacement) from the orig-
inal data. Again, each bootstrap sample consistsof six 95-year annual
maximum precipitation de�cits for the six districts. In order to preserve
the correlation between the precipitation de�cits of di�eren t districts,
the samehistorical years are drawn for each district. The Gumbel dis-
tribution and the spline model were �tted to the data in each bootstrap
sample in the sameway as in the MC method. The comparison of the
estimated quantiles was also identical to that in the MC method.

� Jackknife: The generalidea behind the jackknife method is that a statis-
tic of interest is recalculated repeatedly after omitting a part of the
original data (e.g., Beersmaand Buishand, 1999b;Chapter 2 of this the-
sis). In our caseestimated quantiles from the Gumbel distribution and
spline model were recalculatedafter omitting oneyear of historical data
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each time. So, for each �tted distribution we have in total 95 estimates,
�̂ � j , of the quantile of interest from (jackknife) samples in which the
annual maximum precipitation de�cit for one year is omitted. These
95 estimates are then used to obtain a jackknife estimate, V̂1=2

jack , of the
standard error of the quantile estimate, where

V̂ jack =
J � 1

J

JX

j =1

�
�̂ � j � �̂ �

� 2
(5.6)

with �̂ � = 1=J
P J

j =1 �̂ � j and J = 95. The jackknife further provides an

alternativ e estimate of the quantile, �̂ jack = J �̂ � (J � 1)�̂ � where �̂ is the
estimate from the complete sample.

Table 5.2 presents the relative bias, standard error and root-mean-square
error of the 98% quantile (corresponding to a return period of 50 yr) for the
�tted Gumbel distribution and the spline model basedon MC and bootstrap
simulations of 10000 sampleseach as well as the jackknife method. For the
MC simulation the sameperformancemeasuresare also given for the second
largest valueof each simulated 95-yearsequenceasan empirical estimateof the
98% quantile. The table shows that despite the smaller bias for the regional

Table 5.2. Bias, standard error and root-mean-squareerror (rmse) of the 98%
quantile of the annual maximum precipitation de�cit for the �tted Gumbel
distribution and the spline model basedon MC, bootstrap and jackknife sam-
ples. The results are expressedas a percentage of the 98% quantile under the
spline model and represent averagesof the six districts.

Monte Carlo (MC) Bootstrap Jackknife

Gumbel bias � 6:1 � 6:8 � 6:3
std. error 5:5 5:1 5:1
rmse 8:2 8:5 8:1

Spline bias � 0:6 � 3:0 1:6
std. error 8:5 8:4 9:3
rmse 8:5 8:9 9:4

Empirical bias 1:0 - -
std. error 8:3 - -
rmse 8:4 - -
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spline model the Gumbel distribution has slightly smaller root-mean-square
errors. In the caseof the regional spline model the root-mean-squareerrors
are almost completely determined by the standard error while for the Gumbel
distribution the standard error contributes less than half to the root-mean-
squareerror. The bootstrap and jackknife standard errorsagreequite well with
thosefrom the MC simulation. Only for the spline the jackknife overestimates
the standard error by 10%. The MC simulation shows that the empirical
estimate of the 98%quantile performs equally well as the �tted regional spline
model.

Thus in terms of root-mean-squareerrors of estimatesof the 98% quantile
the regional spline gives comparable results as the Gumbel distribution and
the empirical estimates. The root-mean-squareerrors for the regional spline
may in fact be larger becausethe optimization of the locations of the knots
m1 and m2 is not accounted for in the MC experiment and the bootstrap and
jackknife methods. The next sectiondealswith time seriessimulation and how
quantile estimatesbasedon time seriessimulation perform in this respect.

5.4 Time series simulation

5.4.1 Nearest-neigh bour resampling

The previous sectionwas restricted to the annual maxima of the precipitation
de�cit. In this section the time seriesof decadevalues of the precipitation
de�cit are considered. Synthetic sequencesof this de�cit were generatedby
nearest-neighbour resampling. The nearest-neighbour algorithm usedis closely
related to the onein Chapter 4 (Beersmaand Buishand, 2004). In the nearest-
neighbour method the precipitation de�cit is resampledwith replacement from
the historical data. The simplest way to incorporate temporal correlation is
to condition resamplingon the latest simulated value. This is doneby search-
ing the historical precipitation de�cits that are similar to that value. One of
thesenearestneighbours or analogsis then randomly selectedand its histor-
ical successoris the next simulated value. Since only a single characteristic,
i.e., the latest simulated precipitation de�cit, is usedto generatethe next pre-
cipitation de�cit, this type of resampling is referred to as 1d-resampling. To
incorporate longer-term variabilit y in the simulated time series,the search for
nearestneighbours is not only basedon the precipitation de�cit simulated in
the previous (time) step but also on the averageof the precipitation de�cits
simulated during the preceding4 months. The latter acts asa memory for the
simulation as in, e.g., Harrold et al. (2003a), Beersmaand Buishand (2004;
seealso Appendix D of this thesis), and Leander et al. (2005). This type of
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resampling, where basically two characteristics are used to �nd the nearest
neighbours is therefore referred to as 2d-resampling.

The nearestneighbours in the resampling procedureare selectedin terms
of an Euclidean distance. For 2d-resampling the two contributions to the
Euclidean distance have weights inversely proportional to the variance of the
two characteristics. One of the k = 5 nearestneighbours is selectedrandomly
using the decreasingkernel intro ducedby Lall and Sharma(1996) and applied
by Buishand and Brandsma (2001) and Beersma and Buishand (2004). A
7-decadewide moving window, centered on the latest simulated decade, is
used to restrict the search for nearest neighbours to the seasonof interest.
Note that a resampling technique cannot produce smaller or larger decade
values than those found in the historical record. However, for periods longer
than a decade,such as the summer half-year, the precipitation de�cit can be
larger than the largest historical de�cit becauseof rearranging extremedecade
valuesfrom di�eren t parts of the historical record. Moreover, extreme annual
precipitation de�cits are in fact due to new combinations of decadeswith large
or moderately large precipitation de�cits rather than a single decadewith an
unprecedented precipitation de�cit becauseof the boundednessof precipitation
by zero and the light tail of the distribution of potential evaporation (which
is bounded by global radiation). This makes nearest-neighbour resampling
suitable for exploring the upper tail of the distribution of the annual maximum
precipitation de�cits. This useof nearest-neighbour resampling requires that
the simulated seriesare much longer than the return periods of the quantiles
of interest. To meet this requirement time seriesof the decadeprecipitation
de�cit of 100000 yearswere generatedwith the resampling procedure.

5.4.2 Accuracy of quan tile estimates

The annual maxima in the 100000 year generatedsequenceof precipitation
de�cits were comparedwith the historical annual maxima. The annual max-
ima of the resampledsequenceswereobtained from the 18 consecutive decade
precipitation de�cits that constitute the summer-half year in the sameway as
for the observed data. Figure 5.8 presents Gumbel plots of the annual maxima
from 2d- and 1d-resampling for the two districts that di�er most. The Gum-
bel plots clearly demonstrate that the 4-month memory in the 2d-resampling
algorithm is neededto reproducethe heavy upper tail of the annual maximum
precipitation de�cit distributions. Figure 5.3 (Section 5.2) presents for each
of the six districts Gumbel plots of the annual maximum precipitation de�cit
from 100000-year sequencesgeneratedwith the 2d-resamplingmodel.

Quantile estimatesare derived 'empirically' from the orderedannual max-
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Figure 5.8. Gumbel probabilit y plots of the annual maximum precipitation
de�cit for two districts together with plots of the annual maxima from 100000-
yearsequencesgeneratedwith the 2d-resampling(solid) and the 1d-resampling
(dash-dot) models. The coloured numbers represent the year minus 1900.

imum precipitation de�cits in the 100000-year simulated series. In contrast
to the regional frequency analysis of the previous section there is no under-
lying parametric model from which Monte-Carlo samples can be drawn to
determine biasesand standard errors. However, the bootstrap and jackknife
can still be used to obtain the standard error of quantile estimates based
on nearest-neighbour resampling. The combination of nearest-neighbour re-
sampling with a bootstrap or jackknife procedure is closely related to the
double-bootstrap and the jackknife-after-bootstrap methodologies(Efron and
Tibshirani, 1993; Davison and Hinkley, 1997). In the caseof the bootstrap,
N di�eren t 95-year (bootstrap) samplesare generatedby choosing yearsran-
domly with replacement from the historical record, and in the caseof the
jackknife 95 samplesof 94 years are consideredin which a single historical
year is omitted. The resampling procedure then usesthese (sub)samplesof
the historical data to generatelong time seriesfrom which the quantiles are
again empirically derived. For the jackknife thus 95 quantile estimates from
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the 95 jackknife samplesare obtained while for the bootstrap N quantile esti-
mates from the corresponding bootstrap samplesare derived. Standard errors
of quantile estimates,�nally , are estimated in the sameway asin Section5.3.2.
Note that these bootstrap and jackknife proceduresare computer intensive,
sinceinstead of a single100000-year simulation with the nearest-neighbour re-
sampling model, N (bootstrap) or 95 (jackknife) 100000-year simulations are
neededto determine the accuracyof the estimated quantiles. In the caseof the
bootstrap it is possibleto reducethe number of simulations by requiring that
all 95 historical yearsare equally represented. This variant of the bootstrap is
known as the balanced bootstrap (Efron and Tibshirani, 1993). To obtain a
comparableamount of simulated data for both procedures,N = 499balanced
bootstrap samples were resampled for 100000 years while the 95 jackknife
sampleswere resampledfor 500000 years. The bootstrap and jackknife stan-
dard errors of the 98% quantile obtained in this way are respectively 9.0 and
9.9%. Thesestandard errors are slightly larger than thosefor the spline model
in Table 5.2, and again the jackknife standard error is slightly larger than the
bootstrap standard error. A statistical model that describes the distribution
and dependenceof the precipitation de�cits is neededto determine how reli-
able these bootstrap and jackknife standard error estimates are. In the next
subsectiona systematic analysis of the combination of nearest-neighbour re-
sampling with the bootstrap and jackknife proceduresis given using synthetic
data obtained with an autoregressive time seriesmodel.

5.4.3 Reliabilit y of jackknife and bootstrap standard error es-
timates

In this section a �rst-order autoregressive, AR(1), processis intro duced to
investigate: (i) the accuracy of quantile estimates of the distribution of the
annual maximum precipitation de�cit basedon resamplingof di�eren t 95-year
sequencesof decadeprecipitation de�cits, and (ii) the abilit y of the bootstrap
and jackknife methods to estimate the accuracy of these quantile estimates
from a single 95-year sequence.

The AR(1) model preserves the lag 1 autocorrelation coe�cien t (r (1) =
0:128) of the observed decadeprecipitation de�cits during the summer half-
year. In contrast to Sections5.4.1 and 5.4.2, where precipitation de�cits for
di�eren t districts were considered,a single precipitation de�cit is generated
representing the country-average precipitation de�cit. Details of the AR(1)
model are given in Appendix G. The annual maxima of the simulated pre-
cipitation de�cits were obtained from the 18 consecutive decadeprecipitation
de�cits that constitute the summer half-year in the sameway as for the ob-
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Figure 5.9. Gumbel probabilit y plot of the annual maximum country-average
precipitation de�cit together with plots of the annual maxima of a 100000-year
sequencesimulation with the AR(1) model �tted to the observed decadepre-
cipitation de�cits (green), the annual maxima of a single95-year sub-sequence
of the 100000-year AR(1) simulation (green crosses),the annual maxima of a
100000-year sequencegeneratedwith the 1d-resamplingmodel using the same
95-year sequence(red), and a GEV distribution �tted to this 95-year sequence
(blue). Error bars indicate 98%con�dence intervals basedon the 999di�eren t
95-year sequencesof the 100000-year AR(1) simulation (red for 1d-resampling
and blue for the GEV distribution).

served and resampled data. Figure 5.9 presents a Gumbel probabilit y plot
of the annual maximum of the country-averageprecipitation de�cit together
with a plot of the annual maxima from a 100000-year simulation with the
AR(1) time seriesmodel (represented by the greencurve). Up to return peri-
ods of about 20 yearsthere is a very good correspondencebetweenthe AR(1)
model and the observed precipitation de�cits but the AR(1) model does not
reproduce the heavy upper tail of the observations. Despite this di�erence
the AR(1) model will be regarded to represent the true distribution of the
annual maximum precipitation de�cit for the remainder of this section. Fig-
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ure 5.9 also shows Gumbel plots of the annual maxima of a single 95-year
sub-sequenceof the 100000-year AR(1) simulation (green crosses),a GEV
distribution �tted to this 95-year sequence(blue curve) and the annual max-
ima from a 100000-year sequencegenerated with the 1d-resampling model
using the same95-year sequence(red curve). Note that the distribution ob-
tained with the 1d-resampling model is much closer to the true distribution
than the (�tted) GEV distribution. This is generally true as is demonstrated
with the following experiment.

The �rst 94905 years of the AR(1) simulation were split into 999 non-
overlapping 95-year sequences.For each 95-year sequence,the 98% quantile
of the annual maximum precipitation de�cit was estimated by �tting a GEV
distribution to the 95 annual maxima of the sequenceand by generating a
100000-year sequenceof decadeprecipitation de�cits with the 1d-resampling
model. Fitting a GEV distribution results in a standard error of the 98%quan-
tile of 6.1% while generation of a 100000-year serieswith the 1d-resampling
model results in a standard error of only 3.1%. For the 98% quantile, resam-
pling is thus almost twice as accurate as �tting a GEV distribution; in other
words resamplinghasa gain in accuracyof almost 50%. This gain dependson
the quantile of interest becausefor the GEV distribution the relative standard
error of the estimated quantile rapidly increaseswith increasingreturn period
simply becauseof the growing in
uence of the uncertain shape parameter on
the quantile. The gain of resampling varies from 20% for the 90% quantile
to more than 60% for the 99.5% quantile. The 98% con�dence intervals in
Figure 5.9 also show thesedi�erences in accuracy of quantile estimates. The
reduction of the variance of quantile estimates as a result of resampling is
extensively described by Buishand (2006).

The 100000-year AR(1) simulation was further usedto test the reliabilit y
of the bootstrap and jackknife proceduresthat wereemployed in Section5.4.2
to estimate the accuracyof quantile estimatesderived from the resampledob-
servations. For each of the above 999 di�eren t 95-year AR(1) sequencesthe
bootstrap or jackknife procedurecould beperformed. However, to perform the
full experiment with N bootstrap samplesand 95 jackknife samplesfor each of
the 999di�eren t 95-year sequencesis too expensive to run on most present day
computers taking into account that for each bootstrap and jackknife sample
serieswith a length of � 100000 years need to be generatedwith the resam-
pling model. The bootstrap experiment (with N = 199 balanced samples
and 100000 yearsnearest-neighbour resampling) and the jackknife procedure
(with 95 samplesand 200000yearsnearest-neighbour resampling) were there-
fore only performed for the �rst 20 of the 999di�eren t 95-year sequences.The
averageand the standard deviation of the bootstrap and jackknife estimatesof
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Table 5.3. Relative standard errors (%) of the 98% quantile of the annual
maximum precipitation de�cit in an AR(1) model for the country-averagepre-
cipitation de�cits. The quantile is estimated by nearest-neighbour resampling
of 95-year AR(1) sequences,and its standard error is based on the sample
standard deviation of the quantile estimate from the 999 di�eren t 95-year
AR(1) sequences(MC), the bootstrap or the jackknife. The values for the
bootstrap and the jackknife are the averagesof 20 estimatesfrom di�eren t 95-
year AR(1) sequences;the values in parenthesesgive the standard deviations
of theseestimates.

True (MC) Bootstrap Jackknife

1d-resampling 3:1 5:0 (1:5) 3:6 (0:6)
2d-resampling 5:1 5:3 (1:4) 6:0 (1:6)

the relative standard error of the 98%quantile from resamplingthese20 di�er-
ent 95-year sequencesare presented in Table 5.3 together with the true stan-
dard error obtained from resampling all 999 di�eren t 95-year sequencesfrom
the full AR(1) simulation. The table shows that in the caseof 1d-resampling
the bootstrap and the jackknife overestimate the standard error of the 98%
quantile, in particular the bootstrap for which the overestimation is aslarge as
60%. Including a 4-month memory in the resampling model (2d-resampling),
as was done for the precipitation de�cit data of the six districts, leads to a
60% larger standard error. The di�erence in the standard error between the
1d- and 2d-resampling models depends, however, on the quantile of interest.
It increasesfrom 20% for the 90% quantile to 90% for the 99.5% quantile.
In the caseof 2d-resampling the bootstrap slightly outperforms the jackknife
but more important, the standard errors in Table 5.3 are almost a factor of
two smaller than the bootstrap and jackknife standard errors of respectively
9.0 and 9.9% found in Section 5.4.2 for nearest-neighbour resampling of the
observed precipitation de�cits. The standard deviations of 1.4 to 1.6% of the
bootstrap and jackknife estimates in Table 5.3 indicate that this large dif-
ference is unlikely due to random variations of these estimates. Something
that presumably contributes to this di�erence is that the distribution of the
observed annual maximum precipitation de�cits has a heavier upper tail than
that simulated with the AR(1) model. Despite this discrepancy, the AR(1)
simulation provides a good picture of the quality of the bootstrap and jack-
knife standard error estimates of estimated quantiles from nearest-neighbour
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resampling. In contrast with the results in Table 5.2, wherethe bootstrap and
jackknife were used in combination with parametric models, the bootstrap
and jackknife in combination with nearest-neighbour resampling give rather
uncertain and occasionally somewhatbiasedresults.

5.5 Discussion and conclusions

Regional frequency analysis and time seriessimulation by meansof nearest-
neighbour resampling were studied to estimate a large quantile of the distri-
bution of the annual maximum precipitation de�cit. A regressionspline was
used to describe the regional growth curve. Regional estimation of the com-
mon parameters of this spline only slightly reducesthe uncertainty of large
quantile estimatesbecauseof the relatively small number of districts (six) and
the strong spatial correlation of the annual maximum precipitation de�cits. To
reproducethe heavy upper tail of the distribution of the annual maximum pre-
cipitation de�cits with nearest-neighbour resampling, a 2d-resampling model
was needed, i.e., a model with an additional 4-month memory to �nd the
nearestneighbours. A disadvantage of this memory term is that the standard
error of quantile estimates is considerably larger than for 1d-resampling. To
determine the standard error of quantile estimates in the caseof resampling,
bootstrap or jackknife techniques are required. The combination of nearest-
neighbour resampling with thesetechniques is computationally expensive and
the results turn out to be rather uncertain and possibly somewhatbiased.

Relative standard errors of the estimate of the 98% quantile were com-
pared in Sections 5.3 and 5.4. For other quantiles the results can be quite
di�eren t as is shown in Figure 5.10. The �gure shows a strong increaseof the
relative standard errors for the spline model in the region of the curvature
of the regional growth curve. After a local minimum near the 70-year event,
the standard error increasessteadily up to 17% for the 1000-year event. This
increaseis obviously related to the relatively large uncertainty of the parame-
ters a and b in the spline model. Apart from a larger amplitude, the standard
errors of quantile estimates obtained with 2d-resampling show a similar be-
haviour as those for the spline model up to the 100-year event, but for larger
quantiles the relative standard error slowly decreasesto approximately 6% for
the 1000-year event, which is only slightly larger than the relative standard
error for the 10-year event. For very large quantiles 2d-resamplingthus clearly
outperforms the spline model. In the region around the 30-year event, where
the standard errors are large, the empirical samplequantile performs equally
well as the spline model and 2d-resampling. For 2d-resampling,the bootstrap
provides a considerably smaller standard error of the estimated quantiles in
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Figure 5.10. Relative standard errors of the estimated quantiles of the annual
maximum precipitation de�cit from a spline approximation to the regional
growth curve, from the sample quantiles under the assumption that the re-
gional spline represents the true distribution and from 2d-resampling. The
relative standard errors are averagesover the six districts. The dotted lines
represent the position of the two knots of the spline model.

this region than the jackknife. Beyond this region the jackknife and bootstrap
standard error estimatesare of comparablesize.

Thus, for return periods between20 and 100 years, the standard errors of
the estimated quantiles are relatively large, which seemsto be related to the
`uncertain' curvature of the distribution of the annual maximum precipitation
de�cits. Up to the 97% quantile (which corresponds roughly with a return
period of 30 years) the spline model turns out to be superior. But, for very
large quantiles, where sample quantiles are unavailable and extrapolation is
required, the uncertainty of quantile estimates obtained with 2d-resampling
becomesmuch smaller than the uncertainty of quantile estimates from the
spline model.

This discussion is concluded with a practical example of 2d-resampling
in combination with the bootstrap. Bootstrap con�dence intervals are given
for the return period of the largest observed precipitation de�cit for each of
the six districts, i.e., the 1959 drought for the CE and NE districts and the
1976drought for the other districts. The return periods of theseevents were
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Figure 5.11. Con�dence intervals for the return period of the largest precip-
itation de�cit in each of the six districts obtained with the combination of
2d-resampling and the bootstrap procedure in Section 5.4.2. The boxes and
the whiskers represent the 50% and 90% con�dence interval respectively. The
coloured plussesrepresent for each district the return period obtained from a
100000-year sequencegeneratedwith the 2d-resamplingmodel. For compari-
son the harmonic averageof the six con�dence intervals and the 50%and 90%
con�dence bounds of the return period associated with the largest value in a
sampleof size95 (Stedinger et al., 1993) are given as well.

empirically derived from the 100000-year sequencesgenerated with the 2d-
resampling model for each of the 499 bootstrap samplesin Section 5.4.2. The
bootstrap con�dence bounds in Figure 5.11 are based on the percentiles of
these bootstrap estimates. Besidesthe 50% and 90% con�dence bounds for
the largest precipitation de�cit in each of the six districts and their harmonic
averages,the �gure alsopresents the corresponding boundsof the return period
associated with the largest value in a sampleof size95 as given by Stedinger
et al. (1993). The con�dence intervals are quite wide, e.g., the 90%con�dence
interval for the 1976 drought in the NW district rangesbetween 42 and 735
years. The average50% and 90% con�dence intervals are narrower than the
corresponding intervals for the return period of the largest value in a sample
of size95. Both intervals di�er in particular regarding their upper limits. The
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width of the 2d-resampling bootstrap con�dence interval is on averagemore
than a factor of two smaller (on a linear scale) than that of the interval ob-
tained without useof the information in the data.
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Chapter 6

Summary and synthesis

6.1 Summary

Resampling techniques are used to determine statistical uncertainty and to
simulate very long hydro-meteorological time series that contain unprece-
dented extreme events. An advantage of a frequencyanalysis of the extremes
of such long time seriesis that the statistical uncertainty of the result (e.g., a
T-year event) is generallysmaller than for a frequencyanalysisof the observed
extremesonly. In addition, resampling techniques do not needvarious, more
or lessfalse, assumptionsabout the statistical properties of the data.

By combining time seriesof resampledhydro-meteorologicaldata with suit-
able hydrological models, this time seriesresamplingapproach can be usedfor
a wide range of studies regarding the e�ects of extreme hydro-meteorological
events such as extremely high or low river discharges,extremely high or low
ground-water levels or other extreme hydrological events. An additional ad-
vantage of this approach is that hydro-meteorological e�ects can be distin-
guishedfrom human induced changesin the hydrological systemsuch ascanal-
ization, urbanization and deforestation.

The �rst application of resampling (Chapter 2) involves the statistical uncer-
tainty of variance estimates. The standard error (statistical uncertainty) of
the variance is determined with the jackknife, and is used to develop a test
for equality of variancesof monthly valueswhich can be useful for both model
validation and climate change assessment. Since extreme events are related
to the variance, it can even be used as a �rst indication in the detection of
changesin extreme events. The test is of great practical use becauseit has
a simple and straightforward multiv ariate extension, meaning that it can be
applied to an area, consisting of several locations without complications. As



106 Chapter 6

an example, the multiv ariate test is applied to precipitation and temperature
variancesin the UKTR climate changesimulation with the �rst Hadley Centre
(UK) coupled ocean-atmosphereGeneral Circulation Model in three regions:
central North America, southern Europe and northern Europe. In particular,
a signi�cant increase(at the 5% level) of the variance of monthly precipita-
tion over northern Europe is found in the climate changesimulation for winter,
summerand autumn. Apart from theseincreases,a signi�cant decreaseof the
variance of the monthly near-surfacetemperature in spring is detected.

In Chapter 3 multi-site sequencesof daily precipitation and temperature in the
German part of the Rhine basin are resampledconditional on the large-scale
atmospheric circulation. The atmospheric circulation then acts as a predic-
tor for precipitation and temperature, i.e., the circulation determines largely
whether a day will be wet or dry and whether a day will be relatively warm
or cold. In the caseof a systematic changein circulation, e.g., due to anthro-
pogenicclimate change, this will automatically lead to a changein (extreme)
precipitation and temperature. Conditional nearest-neighbour resampling is
therefore potentially useful for climate change applications. Di�eren t condi-
tional nearest-neighbour resamplingmodelsare comparedwith each other and
with the so-calledanalog method (Zorita et al., 1995;Zorita and von Storch,
1999). Despite the fact that the analog method is originally a deterministic
method and conditional nearest-neighbour resamplinga stochastic onethe two
methods are closely related. An important conclusion of the comparison of
conditional nearest-neighbour resampling and a stochastic version of the ana-
log method is that the simulation of precipitation and temperature for a new
day should not only be conditioned on the circulation characteristics of that
day (as happensby de�nition in the analogmethod) but alsoon the simulated
precipitation and temperature for the previous day, in order to achieve the
appropriate level of persistenceand variabilit y in the generatedtime series.

It should also be recognizedthat for climate change applications, which
was a motivation for conditional nearest-neighbour resampling, there are a
few limitations regarding its use. A serious one is that (future) changesin
precipitation may not result from changesin the atmosphericcirculation alone
as is shown by several climate change simulations with general circulation
models (van Ulden and van Oldenborgh, 2006;van Ulden et al., 2007),and by
simulations of historical precipitation trends by meansof conditional nearest-
neighbour resampling (Beersmaand Buishand, 1999a).

In 980-year multi-site simulations of daily precipitation and temperature,
representativ e of the current climate, up to 35% larger 10-day area-average
precipitation amounts are produced than observed in the historical 35-year
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referenceperiod. In combination with rainfall-runo� models, such unprece-
dented precipitation extremes can be very useful for determining extremely
rare river dischargesand thus for planning and designof the hydrological in-
frastructure.

Chapter 4 deals with (extreme) drought. The joint probabilit y of precipita-
tion de�cits in the Netherlands and discharge de�cits of the river Rhine is
the central theme in this chapter. These joint probabilities are estimated us-
ing nearest-neighbour resamplingand comparedwith estimatesobtained from
�tting bivariate probabilit y distributions. The asymptotic dependencestruc-
ture between precipitation and discharge de�cits was found to play a crucial
role in estimating the joint exceedanceprobabilities. A clear advantage of
nearest-neighbour resampling is that it doesnot needassumptionsabout the
dependencestructure since it is inherited from the data. In the framework of
�tting bivariate probabilit y distributions, satisfactory resultscould beachieved
only by intro ducing a new bivariate distribution which is a mixture of a bi-
variate normal and a bivariate Gumbel distribution, i.e., a bivariate normal
distribution with a (logistic) Gumbel dependencestructure. This bivariate
distribution gives a better estimate of the probabilit y that the precipitation
and discharge de�cits are both extreme than nearest-neighbour resampling.
This is due to the fact that the upper tails of both marginal (i.e., univariate)
distributions arenot properly reproducedby the nearest-neighbour resampling
model.

Thus, nearest-neighbour resampling performs superior regarding the de-
pendencestructure, but overall the novel bivariate distribution turns out to
be more suitable to estimate the joint exceedanceprobabilities of large pre-
cipitation and discharge de�cits. Based on this bivariate distribution small
probabilities are found (once every 200{300 years) for the joint exceedance
of the precipitation de�cit and the discharge de�cit that occurred during the
driest historical years (1921 and 1976). When a failure region basedon the
economicdamageis usedthe probabilit y of thesedroughts increasesto about
once every 100 years. Besides, the di�erences between the probabilities of
drought obtained with the di�eren t methods are smaller with such a failure
region than with the ordinary joint exceedancesof the corresponding precipi-
tation and discharge de�cits.

Spatial variation in the probabilit y distribution of precipitation de�cits in the
Netherlands is the subject of Chapter 5. This spatial variation is addressedby
dividing the Netherlandsinto six districts. Apart from di�erences in the return
levels, the probabilit y distributions for all of the six districts have a common
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extraordinary curvature in the upper tail. Thesedistributions resemble neither
lognormal nor extreme value distributions. To reproduce both the di�erences
in return levels between the districts and the extraordinary curvature in the
tail two alternativ es are considered: a regional frequency analysis and time
series simulation by nearest-neighbour resampling. The regional frequency
analysis yields a regional growth curve that can be approximated by a spline
on the Gumbel scale. To reproduce the common curvature in the upper tail
of the distribution the resampleddata needadditional long-term persistence.
This is achieved by intro ducing a 4-month memory term in the resampling
procedure. This memory term leadsto an increaseof the statistical uncertainty
(standard error) of largereturn levelsof the precipitation de�cit. But whenthe
two methods are used for extrapolation (larger return levels than observed),
nearest-neighbour resamplingstill outperformsthe regional frequencyanalysis.
This is due to a strong increasein the relative standard error of return level
estimateswith increasingreturn period as a result of the large uncertainty in
the parametersof the spline that approximates the regional growth curve. In
terms of statistical uncertainty nearest-neighbour resamplingthusoutperforms
a regional frequencyanalysis. And this is the type of results that demonstrates
the added value of resampling.

Using nearest-neighbour resampling and the bootstrap procedure, con�-
denceintervals are constructed for the return periods of the largest observed
precipitation de�cit for each of the six districts. Depending on the district,
the largest precipitation de�cit occurred in 1959or 1976. Although thesecon-
�dence intervals are quite wide, they are on averagea factor of two narrower
than the expected interval of the largest observation in a seriesof this length.

6.2 Synthesis

The length and the speci�c period of the data sample that is used for any
statistical analysis has an in
uence on the accuracy of the end-result. This
also holds for results obtained with resampling procedures. The statistical
uncertainty generally decreasesif the length of the referencerecord that is
used for resampling increases. A related point is the representativit y of the
referenceperiod used for resampling. Without trends, one can generally say
that the longer the referenceperiod, and the more natural variabilit y may be
captured, the more representativ e the data.

In practice, we generally have not much more than one hundred years of
recorded instrumental hydro-meteorological data. The record length usually
decreasesto only 30{50 years when the data are neededwith su�cien t tem-
poral (e.g., daily) resolution and su�cien t spatial coverage. In Chapter 3 the
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resamplingmodelsmake useof 35 years(1961{1995)of daily precipitation and
temperature for a number of stations in the German part of the Rhine basin.
In Chapters 4 and 5 daily precipitation and (potential) evaporation data for
95 years(1906{2000)are usedwhich are supplemented in Chapter 4 with daily
dischargesof the river Rhine at gauging station Lobith for the same95-year
period.

The bootstrap and jackknife proceduresthat are presented and applied in
Chapter 5 make it possibleto systematically investigate the statistical uncer-
tainty resulting from the referenceperiod being used. In combination with
nearest-neighbour resampling the bootstrap is used to construct con�dence
intervals for the return periods of the largest observed precipitation de�cit in
each district. In general, it should be a challenge to supply extreme quan-
tiles, return levels or return periods from nearest-neighbour resampling with
such bootstrap or jackknife uncertainty analyses. This can and should make
usersmore aware of the (large) uncertainty involved in `extrapolating' extreme
events from relatively small historical samples. In future work, it would be
interesting in this respect to perform similar uncertainty analysesbased on
the, relatively short, 35-year referenceperiod that is used in Chapter 3. One
should however be aware that such uncertainty analysescan becomequite
computer intensive. Moreover, the results in Chapter 5 show that the result-
ing uncertainty estimatescan be biased.

In Chapter 4 daily precipitation data for the 95-year referenceperiod from
thirteen stations are used. For the analysis in Chapter 5 this set is augmented
with �v e stations. Since no long (homogeneous)seriesof daily evaporation
exist, such a long seriesis constructed from the Makkink formula for potential
evaporation using daily global radiation estimated from the daily sunshinedu-
ration at station De Bilt. Sunshineduration and global radiation are closely
related sincethe latter mainly dependson the presenceof cloudsand the solar
elevation. This is con�rmed by measurements of daily global radiation at De
Bilt which are available from 1958onwards. For the period 1958{2000there is
a good correspondencebetween the Makkink evaporation basedon the mea-
sured global radiation and that basedon the global radiation estimated from
the sunshineduration at De Bilt (Beersmaand Buishand, 2004;Chapter 4 of
this thesis,page60). For the regional analysisin Chapter 5 the singleevapora-
tion seriesis scaledbasedon the spatial variation in the climatological mean
(1971{2000) of the Makkink evaporation. And although this scaling of the
evaporation seriescan be justi�ed, sincethe spatial variabilit y of precipitation
is much larger than that of evaporation, this situation is not desirable.

The lack of long (daily) evaporation serieshasa historical background. For
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several practical reasonsKNMI decidedin 1987(CHO-TNO, 1988) to provide
routinely daily (potential) evaporation basedon the Makkink formula rather
than the Penmanopen water evaporation which had beenprovided until then.
For De Bilt the Makkink evaporation serieswasextendedback until 1958,i.e.,
the year in which the global radiation measurements started. For extension
further back in time (both useful for trend analysis and extreme value analy-
sis) there seemsno other option than to use estimated global radiation from
sunshineduration as performed in Chapter 4 and usedin Chapter 5.

Besides for De Bilt, daily sunshine duration is available from 1900 or
slightly earlier for four other principal climatological stations in the Nether-
lands (Beek, De Kooy, Eelde and Vlissingen). Somecorrections for the homo-
geneity of these seriesmight be necessary. With a reasonablee�ort it seems
possible to supplement the long seriesof estimated daily Makkink evapora-
tion for De Bilt with four similar seriesfor di�eren t locations in the Nether-
lands. Apart from this, there is at least one known measurement site in the
Netherlands, i.e., station `Duivendaal-Haarweg' from WageningenUniversity,
for which a much longer daily global radiation seriesexists than that for De
Bilt. For the growing season(April{Septem ber) this seriesalready starts in
1928. From 1938 onwards the data are available throughout the year. Al-
though, the design of the solarimeter instrument changed a few times, the
site was relocated in 1980,and the seriescontains someperiods with missing
data (de Bruin et al., 1995), it would be interesting to check its quality and
homogeneity. Due to its length this seriesis quite unique and could be very
useful for the type of analysesdescribed in Chapters 4 and 5.

Very long time seriessimulated with nearest-neighbour resamplingare station-
ary in nature, unlessresampling is conditioned on a non-stationary predictor.
There is a good reasonfor the emphasison `stationary' in the previous sen-
tence. Although stationary time seriesare simulated we know that climate is
in fact not stationary, at leastnot in the long run. Stationarit y largely depends
on the time scalethat oneconsiders.For practical reasonsclimatologists often
look at 30-year periods, for which they assumethat the climate is stationary.
But even though the climate might seemstationary in a 30-year period this is
not necessarilyso for a 100-year or longer period. And if the time scaleis ex-
tended to that of the ice-agesclimate is de�nitely not stationary. This brings
us to the issueof climate variabilit y versusclimate change. Two terms both
related to non-stationarit y but with a very thin distinction in meaning. In the
IPCC view climate change refers to a persistent and statistically signi�cant
changein the meanclimate or its variabilit y, while climate variabilit y refersto
variations (either natural of anthropogenic) in the mean state (seeglossaryin
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IPCC, 2001). Other terminology refers to internal forcings, or 
uctuations, of
the climate systemas climate variabilit y and to external forcings, e.g., due to
anthropogenic emissionof greenhousegasesand aerosols,as climate change.
In reality both type of forcings act simultaneously and one e�ect might mask
the other which makes it di�cult to distinguish, or even detect, them.

Climate is thus not stationary in the long run and, due to anthropogenic
climate change, probably not even in the near future. A relevant example of
the non-stationarit y of climate in the recent history is the winter rainfall in
the Netherlands and over large parts of the Rhine basin which shows signif-
icant increasing trends over the 20th century (Rapp and Sch•onwiese, 1995;
Widmann and Sch•ar, 1997; Schmidli et al., 2002; Klein Tank and Sluijter,
2003;Hundecha and B�ardossy,2005). The causesof thesetrends are not fully
understood yet but they are assumedto be related to both natural variabilit y
and global warming. Apart from the causes,thesetrends are often thought to
be the result of changesin the large scaleatmospheric circulation. By condi-
tioning nearest-neighbour resamplingof precipitation and temperature on the
observed atmosphericcirculation for the period 1891{1995,in a similar way as
described in Chapter 3 for the sub-period 1961{1995,Beersmaand Buishand
(1999a) showed that the (change in) atmospheric circulation can explain on
averageonly slightly more than 50%of the trends in meanwinter rainfall over
the German part of the Rhine basin.

Should such trends in the observations be corrected if these observations
are usedto generatelong stationary time seriesby meansof nearest-neighbour
resampling? Detrending of the observed data is only useful if a trend is caused
by a persistent changeof climate. In that casethe data should be detrended
towards `the time period in the observations for which the resampled data
should be representativ e'. For the resampling conditional on the 35 years of
historical circulation indices in Chapter 3, the trends in the winter precipita-
tion over the German part of the Rhine basin werenot correctedbecausepart
of these trends can be explained by long-term changesin these indices (see
above) and becausethe causefor the remaining trend is unknown. In the his-
torical time seriesof summerprecipitation and evaporation in the Netherlands
that wereusedfor nearest-neighbour resamplingin Chapters 4 and 5 no trends
were detected. A trend in the observed data usedfor resampling that cannot
be explained adds (someunknown) uncertainty to the end-result. The uncer-
tainty obtained with jackknife and bootstrap proceduresthen underestimates
the true uncertainty.

Despite the intrinsic non-stationarit y of climate, the need for long sta-
tionary hydro-meteorological time seriesremains. Such long time seriesare
certainly not meant as `predictions' into the far future, rather they are repre-
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sentativ e of the `current' or a particular historical state of the climate system.
The great length of the time seriesis neededto represent extreme events with
a very low probabilit y of occurrencewhich in turn are neededfor the design
of protective measures. In a period of (anthropogenic) climate change the
generatedtime seriesmay be representativ e of relatively short periods only,
say a few decades,depending on the speedof the climate change.

Apart from the application of the variancetest (in Chapter 2) and recognition
of the potential use of conditional nearest-neighbour resampling (Chapter 3)
in the context of climate change, future climate change was not considered
in this thesis. At the sametime, the demand for information regarding the
future changesin extreme (hydro-meteorological) events due to anthropogenic
climate changeis steadily increasing. And although resampling can de�nitely
be of help here, it is considereda subject on its own. Work on this topic for
the Meusebasin is in progress(Leander and Buishand, 2007).
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App endix A

Estimation of correlation
between pseudovalues

The estimates of the correlation coe�cien ts � in Tables 2.2 and 2.3 were ob-
tained from the Monte Carlo experiment as follows. Let � �

j ;m be the average
pseudovalue for year j in the mth simulation (j = 1; : : : ; J ; m = 1; : : : ; M ),
taken over N independent sequences.A natural estimate of � is then:
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For computational purposesit is moreconvienient to obtain �̂ by (Koch, 1983):
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the mean of the pseudovalues in the mth simulation. Equation (A.2) can not
be usedto estimate � from a single record, becausethe result �̂ = � 1=(J � 1)
for M = 1 doesnot depend on the true value of � .
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App endix B

Prop erties of kurtosis
estimates

In a Monte Carlo study, Pearson(1935) observed that kurtosis estimatescan
be heavily biased. For the normal distribution, it can be shown (Cram�er,
1946) that E(
̂ 2) = � 6=(J + 1). Table B.1 comparesthe mean of 
̂ 2 with the
true kurtosis 
 2 for sample sizesencountered in Chapter 2. For leptokurtic

Table B.1. Mean (�rst row) and standard deviation (secondrow) of kurtosis
estimatesfor sequencesof independent observations from various distributions
(5000 simulations).


̂ 2, Eq. (2.3) 
̂ 2, Eq. (2.16)
Distribution Kurtosis J = 5 J = 10 J = 30 J = 10; ns = 3

Uniform � 1.2 � 1.11 � 1.01 � 1.11 � 0.97
0.53 0.54 0.26 0.33

Normal 0 � 1.00 � 0.54 � 0.19 � 0.21
0.50 0.76 0.71 0.69

� 2
12 1 � 0.98 � 0.42 0.26 0.17

0.53 0.95 1.35 1.21
� 2

4 3 � 0.94 � 0.16 1.12 0.89
0.56 1.21 2.12 1.86

Laplace 3 � 0.87 0.08 1.41 1.15
0.54 1.13 1.86 1.67

Exponential 6 � 0.88 0.19 2.27 1.88
0.62 1.46 2.94 2.56
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distributions (
 2 > 0) the true kurtosis is seriously underestimated. The
bias grows with increasing 
 2. For J = 5, E(
̂ 2) � � 1 for all distributions
consideredin Table B.1, no matter their true kurtosis. This bias is partly
causedby the boundednessof 
̂ 2. Expressionsfor the bounds of standardized
sample moments are given in Dal�en (1987). The upper bound of 
̂ 2 is 0.25,
5.11 and 25.03 for J = 5, 10 and 30, respectively. The sample kurtosis of a
sample of size 5 from a Laplace distribution is thus always smaller than the
true kurtosis.

The last column in Table B.1 givesthe mean of the pooled estimate 
̂ 2 in
equation (2.16) for ns = 3 samplesof size10 from the samedistribution. The
bias is roughly of the sameorder as that in a single sample of size 30. Note
that for this samplesize,E(
̂ 2) � 1 for the two distributions with 
 2 = 3.

Besidesthe bias, the large variabilit y of kurtosis estimates is a point of
concern. For the leptokurtic distributions in Table B.1, the standard deviation
of 
̂ 2 increaseswith increasingJ as a result of the growth of its upper bound.
It is only for larger samples than those in Table B.1 that var(
̂ 2) becomes
proportional to 1=J. Further, the standard deviation of the pooled estimate
of 3 � 10 observations is somewhat smaller than that of a single sample of
size 30. Spatial averaging over grid points will strongly reduce the standard
deviation of 
̂ 2.
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App endix C

Simulation of daily circulation
indices

C.1 In tro duction

A typical feature of air pressureis that the day-to-day variabilit y is relatively
small during periods of high pressureand generally large during periods of
low pressure. Such state-dependent behaviour cannot be reproduced by clas-
sical autoregressive (AR) processes.Al-Aw adhi and Jollife (1998) therefore
studied the use of threshold autoregressive (TAR) models to describe time
seriesof surface pressure in the UK. Zwiers and von Storch (1990) applied
this classof models to time seriesof the Southern Oscillation index. It seems
reasonableto suspect that the statistical properties of the circulation indices
(which are basedon air pressuremaps) are also state dependent. In contrast
to the univariate applications of the TAR models mentioned above usually
more than one index is neededto characterize the atmospheric circulation.
Lall and Sharma (1996) showed that nearest-neighbour resampling is able to
reproduce the nonlinear behaviour of a TAR model. Becausethe extensionof
nearest-neighbour resampling to the multiv ariate situation is straightforward,
this method was used to simulate time seriesof the daily circulation indices
Z , W and S.

C.2 Mo del construction

Three unconditional nearest-neighbour simulation models for generating Z ,
W and S were examined. The di�eren t feature vectors D t are schematically
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Figure C.1. Elements of the feature vector (solid boxes) for unconditional sim-
ulation of circulation indices Z; W; S (dashedboxes): (a) CIRC 1; (b) CIRC 2
and (c) CIRC 3. Asterisk indicates that the circulation index was simulated
in a previous time step; tilde refers to a standardized value.

shown in Figure C.1. In the �rst-order model (CIRC 1) the feature vector
contains the three standardized circulation indices on day t � 1 with equal
weights wi . The feature vector of the second-ordermodel (CIRC 2) contains
standardized circulation indices for day t � 1 and for day t � 2. The weights
for ~Z t � 1, ~Wt � 1, ~St � 1, ~Z t � 2, ~Wt � 2 and ~St � 2 are 1, 2, 1, 1, 0 and 1 respectively.
The weight for ~Wt � 2 was set to zero becausethe autocorrelation structure of
the W index closely resembles that of a �rst-order AR process.Finally, there
is a third-order model (CIRC 3) for which ~Z t � 3 and ~St � 3 are included in the
feature vector both with unit weight (and the weight for ~Wt � 1 was set to 3).
All models made again use of the decreasingkernel in equation (3.2) with
k = 5, and the search for nearest neighbours was restricted to days within a
91-day moving window, centered on the calendar day of interest.

C.3 Mo del results

C.3.1 Auto correlation of circulation indices

With the three models 980-year simulations were performed by resampling
from the historical circulation indices of the 35-year period 1961{1995. Ta-
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Table C.1. Di�erences between the lag 1 and lag 3 autocorrelation coe�-
cients of daily circulation indices in 980-year simulations and the historical
data. Bottom lines: historical (1961{1995) estimates of r (1) and r (3) with
their standard errors, se. Z , W and S denote the relative vorticit y, the west
component and the south component of the 
o w respectively. Valuesin bold
refer to statistically signi�cant di�erences.

r (1) r (3)
Model Z W S Z W S

CIRC 1 � 0.008 � 0.008 � 0.008 ��� 0.091 0.008 ��� 0.086
CIRC 2 � 0.018 � 0.008 � 0.021 � 0.014 0.017 � 0.013
CIRC 3 ��� 0.033 � 0.010 ��� 0.036 � 0.015 0.011 � 0.022

Historical 0.498 0.755 0.521 0.182 0.393 0.190
se 0.012 0.006 0.011 0.010 0.012 0.011

ble C.1 presents the di�erences between the lag 1 and lag 3 autocorrelation
coe�cien ts of the simulated circulation indices and those of the historical
record. The historical estimates and their jackknife standard errors (Buis-
hand and Beersma,1993) are also given.

In the �rst-order model, the lag 3 autocorrelation coe�cien ts of the Z and
S indices are signi�cantly underestimated. The other autocorrelation coe�-
cients di�er only slightly from the historical ones. For the second-ordermodel
there are no signi�cant di�erences. The third-order model is no improvement
comparedto the second-ordermodel becausethe lag 1 autocorrelation coe�-
cients of Z and S are signi�cantly underestimated.

C.3.2 Run lengths of circulation typ es

Additionally , the reproduction of the averagerun length of six typical circula-
tion typeswasexamined. Days wereclassi�ed ascyclonic, strong westerly and
southerly if the standardized values of respectively Z , W and S were larger
than 1:0, and as anticyclonic, easterly and northerly if ~Z , ~W and ~S were
smaller than � 1:0. Table C.2 presents the percentage di�erences betweenthe
averagerun lengths of the simulated indicesand thoseof the historical indices.

The �rst-order model somewhat underestimatesthe averagerun lengths.
The underestimation of the run lengths in the second-ordermodel is worse
but signi�cant only for northerly 
o ws. The third-order model signi�cantly
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Table C.2. Relative di�erences (%) betweenaveragerun lengths of six typical
circulation types in the 980-year simulations and the historical data. Bottom
lines: historical (1961{1995) estimatesof the averagerun lengths (days) with
their relative standard errors, se (%). Values in bold refer to statistically
signi�cant di�erences.

Model Cyclonic Strong Southerly Anti- Easterly Northerly
westerly cyclonic

CIRC 1 � 1.20 � 1.00 � 0.65 � 0.39 � 2.17 � 1.35
CIRC 2 � 2.77 � 2.17 � 2.62 � 2.47 � 2.00 ��� 4.53
CIRC 3 ��� 5.26 � 4.25 ��� 4.00 ��� 4.71 � 3.50 ��� 6.87

Historical 1.74 2.14 1.69 1.62 2.70 1.81
se (%) 1.97 2.32 1.83 1.74 2.86 2.10

underestimatesthe averagerun lengths for the cyclonic and anticyclonic 
o ws
aswell asfor the southerly and northerly 
o ws. In the historical record the av-
eragerun length for easterly 
o ws is about 25%larger than for strong westerly

o ws. All models are able to reproduce this asymmetry between the average
duration of strong westerly and easterly 
o ws.

C.4 Conclusions

In conclusion, the third-order model (CIRC 3) performs worse both in terms
of lag 1 autocorrelation coe�cien ts and run lengths of circulation types. The
second-ordermodel performs better with respect to reproduction of the au-
tocorrelation coe�cien ts and the �rst-order model produces the run length
statistics somewhatbetter. For the simulations conditional on simulated cir-
culation indices in Sections3.3.2 and 3.3.3, the second-ordermodel (CIRC 2)
was usedto generate980 yearsof daily circulation indices.
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App endix D

Nearest-neigh bour resampling

D.1 In tro duction

In the nearest-neighbour method the variables of interest are sampledsimul-
taneously with replacement from the historical data. To incorporate temporal
correlation, resampling is restricted to the historical values that have similar
characteristics as those of the last simulated decade. One of these nearest
neighbours or analogsis randomly selectedand its historical successoris the
next simulated decade.

A feature vector (or state vector) D t is usedto �nd the nearestneighbours
in the historical data. D t is formed from standardized (weather) variables
generated for decadet � 1 and earlier decades. The latter is necessaryto
reproduce longer-term variabilit y (e.g., Harrold et al., 2003a,b). The nearest
neighbours of D t are selectedin terms of a weighted Euclidean distance. For
two q-dimensional vectors D t and D u this distance is de�ned as:

� (D t ; D u) =

0

@
qX

j =1

wj (vtj � vuj )2

1

A

1
2

(D.1)

where vtj and vuj are the j th components of D t and D u respectively and the
wj 's are scaling weights. To obtain an equal contribution of all feature vector
elements to the Euclidean distance, the weights wj are inversely proportional
to the variance of those elements. The weights are calculated separately for
each of the 36 calendar decadesto account for the seasonalvariation in the
variance. A decreasingkernel (Lall and Sharma, 1996) is usedto selectone of



122 Appendix D

the k nearestneighbours:

pj =
1=j

kP

i =1
1=i

; j = 1; :::; k (D.2)

with pj the probabilit y that the j th closestneighbour is resampled,and k = 5
(Buishand and Brandsma, 2001). To imposea realistic seasonalcycle upon
the simulated data the search for nearest neighbours was restricted to a 7
decadewide `moving window', centered on the calendar decadeto be sim-
ulated. This window prevents that `summer decades'are simulated during
winter and `winter decades'during summer (Buishand and Brandsma, 2001).
For the historical record of 95 years, the nearestneighbours are thus selected
from 7 � 95 = 665 decades.

A resampling technique cannot produce smaller or larger decadevalues
than those found in the historical record. However, for periods longer than
a decade,the precipitation or discharge de�cit can be larger than the largest
historical de�cit becauseof rearranging extreme decadevalues from di�eren t
parts of the historical record. In fact, this is the property that canmakeresam-
pling methods useful. In a number of simulation studies of daily precipitation
the generatedextreme multi-day precipitation amounts were well beyond the
extreme historical amounts and followed a Gumbel distribution, even outside
the range of the historical data (Brandsma and Buishand, 1998; W�ojcik and
Buishand, 2003).

D.2 Mo del iden ti�cation

Sincethe objective of the resampling model is to simulate valuesof precipita-
tion P, evaporation E and discharge Q simultaneously, certain characteristics
of these variables should be included in the feature vector. Several simula-
tions were performed with di�eren t feature vectors. Best results, regarding
the upper tails of the distributions of both the precipitation de�cit and the
discharge de�cit (Figures 4.3 and 4.4) are obtained when the feature vector
contains the following three elements: (i) the standardized discharge (Q) of
the latest simulated decade, (ii) the average standardized discharge during
the previous 18 decades,and (iii) the averageof the standardized di�erence
between precipitation and evaporation (E � P) in the 13 decadesprior to
the decadeof interest. The discharge was standardized by dividing by the
mean discharge for the calendar decadeof interest. The variable E � P was
standardized by subtracting the mean and dividing by the sample standard
deviation for the calendar decadeof interest.
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Besidesthis model, which is usedin Chapter 4, alsomodelswith Q, E and
P as individual feature vector elements, and models with di�eren t memory
lengths (ranging between2 and 12 months) were investigated but all of them
gave poorer results.

D.3 Mo del results

To give an impression of the model performance, Table D.1 compares the
averagevaluesand the standard deviations of evaporation minus precipitation
(E � P) and of the Rhine discharge (Q) for the summer half-year in the
simulated serieswith those in the historical series.

The averagesand the standard deviations at various time scalesin the
simulated data are generally within one standard error from those in the his-
torical data, pointing to a good correspondencebetween the simulated and
historical data.

Figure D.1 presents, also for the summer half-year, the autocorrelation
functions of E � P and Q for the historical and simulated data. As expected,
the autocorrelation is much larger for the Rhine discharge(Q) than for E � P.
For all lags the autocorrelation of Q is very well reproducedby the resampling
model. For E � P the lag 1 autocorrelation is somewhatunderestimatedwhile
the lag 2 autocorrelation is slightly overestimated. Overall, the autocorrelation
functions are well reproduced by the resampling model.

Table D.1. Averagesand standard deviations of evaporation minus precipi-
tation (E � P) and of the Rhine discharge (Q) in the historical records and
the simulated seriesfor the summer half-year (April{Septem ber). E � P is
in mm decade� 1, and Q is in m3 s� 1. For the historical data the standard
errors are given betweenparentheses.The standard errors of the standard de-
viations werecalculated following Buishand and Beersma(1996) and Beersma
and Buishand (1999b; Chapter 2 of this thesis).

Historical Simulated
E � P Q E � P Q

Average 4:1 (0:5) 2114 (50) 3:7 2117
� decade 18:7 (0:4) 731 (33) 18:6 720
� month 11:7 (0:4) 657 (31) 11:2 652
� summer 5:2 (0:5) 488 (33) 5:2 472
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Figure D.1. Auto correlation functions of E � P and Q for the historical and
simulated data.
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App endix E

Maxim um lik eliho od
estimation of the dependence
parameters � and �

The estimation of the dependenceparametersfor the bivariate distributions, in
Chapter 4, was carried out after the estimation of the marginal distributions.
The likelihood is then basedon the joint distribution of the standardizeddata,
i.e., equation (4.2) for the bivariate normal distribution and equation (4.5) for
the bivariate logistic Gumbel distribution. The standardizeddata are denoted
as (x1; y1); (x2; y2); : : : ; (xN ; yN ).

Censoring was necessaryto estimate the parameters of the marginal dis-
tributions for the discharge de�cit (Section 4.4). Let yn+1 < t; yn+2 <
t; : : : ; yN < t correspond to the censoreddata. The likelihood for the pa-
rameter � in the logistic dependencemodel is then given by (Smith, 1994;
Ledford and Tawn, 1996;Coles,2001):

L (� ) =
nY

i =1

f (x i ; yi )
NY

i = n+1

@F
@x

�
�
�
�
(x i ;t )

; (E.1)

where f (x; y) = @2F
@x@y is the joint density:

f (x; y) = e� (x+ y)=�
�

e� x=� + e� y=�
� � � 2 h�

e� x=� + e� y=�
� �

+ 1=� � 1
i

� exp
h
�

�
e� x=� + e� y=�

� � i
: (E.2)
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For the bivariate normal distribution the likelihood (E.1) can be written:

L (� ) =
nY

i =1

� 2(x i ; yi )
NY

i = n+1

Pr(Y � t j X = x i ) � (x i ) ; (E.3)

where � (x) is the standard normal density. Becausethe conditional distribu-
tion of Y in equation (E.3) is normal with mean �x i and variance 1 � � 2, the
likelihood becomes:

L (� ) =
nY

i =1

� 2(x i ; yi )
NY

i = n+1

�

 
t � �x ip

1 � � 2

!

� (x i ) ; (E.4)

with �( x) =
Rx

�1 � (x)dx the distribution function of a standard normal vari-
able.
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App endix F

Signi�cance of di�erences
between districts

The di�erences in mean, standard deviation, CV and skewnessbetween the
six districts were tested using the standard deviations in the bottom row of
Table 5.1. The MC experiment in Section 5.3.2 was used to determine the
statistical signi�cance of thesevalues. In this experiment 10000samplesfrom
the �tted spline model were generated. Each MC sample consistsof six 95-
year sequencesrepresenting the standardized precipitation de�cits of the six
districts. Thesestandardized95-year sequenceswere for each district rescaled
with their estimates of the location and scaleparameter of the Gumbel dis-
tribution, respectively � i and � i , i = 1; : : : ; 6 (seealso the secondparagraph
of Section 5.3.2). Sinceunder the spline model all six districts have the same
skewness,the null hypothesis for a test for di�erences in skewnessis ful�lled
automatically. A test for di�erences in the mean, standard deviation or CV
requires equal means, standard deviations or CVs under the null hypothe-
sis, which was achieved by adjusting the � i and � i to have a common (i.e.
the district-a verage)mean, standard deviation or CV. For each of the gener-
ated 10000 MC samplesand each of the statistics in Table 5.1 the standard
deviation betweendistricts wascalculated. The signi�cance level wasthen ap-
proximated as the proportion of MC samplesin which this statistic exceeded
the corresponding value in the bottom row of Table 5.1.

For the skewnessthe standard deviation between districts in Table 5.1 is
0.173. This value is exceededin 12% of the 10000 samplesand is thus not
signi�cant at the 5% level. For the mean, standard deviation and CV the
standard deviations between districts in Table 5.1 are respectively 28.1, 4.3
and 0.059. These values correspond respectively with signi�cance levels of
< 0:1, 1.4 and < 0:1%.
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App endix G

AR(1) simulation mo del

Prior to �tting a �rst-order autoregressive, AR(1), time seriesmodel to the
decadeof days time seriesof the country-averageprecipitation de�cits, these
de�cits were standardized by subtracting the long-term decade-average and
subsequently dividing by the decadestandard deviation. The AR(1) model
for the standardized values is given by:

yt = r (1)yt � 1 + at ; (G.1)

with yt the standardizedprecipitation de�cit for the t-th decadeof days during
the summerhalf-year, r (1) the lag 1 autocorrelation coe�cien t of the standard-
ized precipitation de�cits and at uncorrelated random noise with E(at ) = 0.
The at 's are known as random shocks or innovations. Sincethe yt 's are stan-
dardized, E(yt ) = 0 and var(yt ) = 1.

Estimates of the innovations at for the summer half-years of the period
1906{2000were obtained by substituting the observed lag 1 autocorrelation
coe�cien t of 0.128in equation (G.1). Figure G.1 presents a normal probabilit y
plot of these estimates. The �gure shows that the distribution of the inno-
vations from the observed data deviates from the normal distribution. With
a simple transformation of the normal distribution a much better correspon-
dencewith the distribution of the observed innovations is achieved:

at =
�

0:095+ et � 0:08e2
t if et � 0

0:095+ et � 0:11e2
t if et > 0

(G.2)

with et a standard normal variable. The transformed normal distribution
basedon equation (G.2) is presented in Figure G.1 as well. The AR(1) model
for simulating time seriesof precipitation de�cits used in Section 5.4.3 is ob-
tained by combining equations (G.1) and (G.2). The standardized precipi-
tation de�cits simulated with this model are �nally rescaledto their original
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Figure G.1. Normal probabilit y plot of the AR(1) innovations of the stan-
dardized country-average precipitation de�cit during the summer half-year
together with the standard normal distribution (dotted curve) and the trans-
formed normal distribution de�ned by equation (G.2) (solid curve).

level by inverting the standardization procedure (using the samedecadeav-
eragesand decadestandard deviations that were used in the standardization
procedure).
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Publications by the author
related to this thesis

In this chapter an overview is given of publications by the author that are
related to or relevant for this thesis. The referencesare followed by a short
(Dutch) summary or the original abstract and are presented in chronological
order.

Jules J. Beersma, 1992. GCM control run of UK Meterological O�c e com-
pared with the real climate in the NW European winter. KNMI publication:
WR-92-02, KNMI, De Bilt, 32 pp.
(Related to Chapter 2, Beersmaand Buishand, 1999b).

Abstract A method is presented to compare the statistical properties of
surfaceair temperature, seasurfacetemperature, precipitation, global radia-
tion, 500 mbar height, sealevel pressure,and wind from a GCM with those
of observations. As an illustration the control run of an 11-layer GCM from
the UK Met O�ce [Hadley Centre] for �v e successive winters (DJF) is com-
pared with observations for NW Europe. In this comparison large di�erences
are found in (monthly) mean values,standard deviations and autocorrelation
coe�cien ts for various elements. In general, this GCM winter run createstoo
low temperaturesover land, too high temperaturesover sea,large temperature
variabilit y but small pressurevariabilit y and too small autocorrelation coe�-
cients for time-lags of more than three days. Too many wet days are created
with too little precipitation. The 500 mbar circulation is veeredwith respect
to reality and shows a peculiar through over the North Sea.The wind at 100m
is backed and the geostrophic wind is somewhat underestimated. No realis-
tic transition of the surfacetemperature from land to seais observed. These
results suggestthat care has to be taken in interpreting direct model output
on a regional scalesuch as NW Europe. Given the limitations of this study,
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the relatively short GCM run and di�culties related to comparing GCM grid
points with station observations, further work along these lines is desirable,
preferably on the basisof the output of more recent GCM versions.

T. Adri Buishand and Jules J. Beersma, 1993. Jackknife tests for di�er ences
in autocorrelation between climate time series. J. Climate, 6, 2490{2495.
(Related to Chapter 2, Beersmaand Buishand, 1999b).

Abstract Two tests for di�erences in the lag 1 autocorrelation coe�cien t
basedon jackknife estimatesare proposed. These tests are developed for the
pooled sampleof all daily valuesin a certain calendarmonth (e.g., all January
data). Jackknife estimates of the autocorrelation coe�cien ts and their stan-
dard errors from such a sampleare obtained by omitting each year onceand
recomputing the autocorrelation estimates. Monte Carlo results for several
distributions show that the critical values of the test statistics can be based
on the Student's t-distribution. Regional analogsof these test statistics are
derived from the jackknife estimate of the mean lag 1 autocorrelation coe�-
cient for the sitesof interest. In a similar way onecan get a singletest statistic
for a seasonor the whole year. As an illustration it is shown that the lag 1 au-
tocorrelation coe�cien ts of the simulated daily temperatures of the Canadian
Climate Centre second-generationgeneral circulation model are signi�cantly
below those of the observed temperatures at De Bilt for most seasons.Over
westernEurope there is no statistical evidenceof di�erences in autocorrelation
betweenthe 1� CO2 and 2� CO2 runs of this model.

T. Adri Buishand and Jules J. Beersma, 1996. Statistical tests for comparison
of daily variability in observed and simulated climates. J. Climate, 9, 2538{
2550. (Corrigendum; J. Climate, 10, 818, 1997).
(Related to Chapter 2, Beersmaand Buishand, 1999b).

Abstract Testsfor di�erences in daily variabilit y basedon the jackknife are
presented. These tests properly account for the e�ect of autocorrelation in
the data and are reasonablyrobust against departures from normalit y. Three
measuresfor the daily variabilit y are considered;process,within-mon th and
innovation variance. The jackknife statistic comparesthe logarithm of these
measures.The standard errors of this logarithm are obtained by recomputing
the variance estimates for all subsampleswherein one month is omitted from
the completesample. A simple extensionof the jackknife procedureis given to
obtain a powerful multiv ariate test in situations that the di�erences in variance
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have the samesign acrossthe region consideredor over the year.
As an illustration the tests are applied to near-surfacetemperatures over

Europe simulated by the coupledECHAM/LSG model [from the Max-Planck-
institute for Meteorology in Hamburg, Germany]. It is shown that the control
run of the model signi�cantly overestimatesthe processvariancein winter and
spring, and the within-mon th variance in all seasons.Signi�cant di�erences
are also found for the innovation variancesof the daily temperatures, but the
sign of the di�erences varies over the year. In a perturb ed run with enhanced
atmospheric greenhousegas concentrations the daily temperature variabilit y
over Europe signi�cantly decreasesin winter and spring compared with the
control run.

Jules J. Beersma and T. Adri Buishand, 1999. Rainfal l generator for the
Rhine basin: Nearest-neighbour resampling of daily circulation indices and
conditional generation of weather variables. KNMI-public ation 186-III, KNMI,
De Bilt, 34 pp.
(Related to Chapter 3, Beersmaand Buishand, 2003).

Summary This study deals with multi-site conditional simulation of pre-
cipitation and temperature for 25 locations in the German part of the Rhine
basin. Nearest-neighbour resampling is also used to generate synthetic se-
quencesof daily circulation indices that are needed for long-duration con-
ditional simulations. Conditional simulations are performed to reconstruct
precipitation statistics for the period 1891{1995. These simulations explain
on averageslightly more than 50% of the trends in mean winter precipitation
at �v e stations for which monthly data during this century were available.
The sensitivity of simulated precipitation to changesin circulation indices is
studied by performing three simulations conditional on the 1961{1995circu-
lation indices, in which in each simulation only one of the three circulation
indices is systematically changed. Thesesimulations show that the simulated
precipitation is most sensitive to changesin the westerly 
o w index W, fol-
lowed by changesin the vorticit y index Z . The meanprecipitation is typically
much more sensitive to systematic changesin W and Z than the precipitation
extremes. This is becausea large part in the changein the meanprecipitation
is due to a changein the number of wet days, which has lessin
uence on the
extremes.

Jules J. Beersma, T. Adri Buishand and Rafa l W�ojcik, 2001. Rainfal l gen-
erator for the Rhine basin; multi-site simulation of daily weather variables by
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nearest-neighbour resampling. In: Generation of hydrometeorological reference
conditions for the assessmentof 
o od hazard in large river basins, P. Krahe
and D. Herpertz (Eds.). CHR-Report no. I-20, International Commission
for the Hydrology of the Rhine basin (CHR), Lelystad, The Netherlands, pp.
69{77.
(Related to Chapter 3, Beersmaand Buishand, 2003).

Abstract Nearest-neighbour resampling is used here for the joint simula-
tion of daily rainfall and temperature at 36 stations in Germany, Luxemburg,
France and Switzerland all situated in the Rhine basin. The daily tempera-
tures are used to determine snow accumulation and melt in winter. A major
advantage of a non-parametric resampling technique is that it preservesboth
the spatial association of daily rainfall over the drainagebasin and the depen-
dence between daily rainfall and temperature without making assumptions
about the underlying joint distributions. Both unconditional simulation of
daily rainfall and temperature and conditional simulations of these variables
on the atmospheric 
o w are discussed.In particular the unconditional simu-
lations reproducethe standard deviations and autocorrelation coe�cien ts and
properties of extreme 10-day rainfall and snowmelt well. The largest 10-day
rainfall amounts in 1000-year simulations are up to 40% larger than those in
the historical record (1961{1995).

JulesJ. Beersmaen T. Adri Buishand, 2002. Droog, droger, droogst - Bijdr age
van het KNMI aan de eerste fase van de Droogtestudie Nederland. KNMI
publicatie 199-I, ISBN 90-369-2221-6,KNMI, De Bilt, 42 pp.
(Related to Chapter 4, Beersmaand Buishand, 2004).

Samenvatting In de zomer van 2000heeft de commissie`Waterbeheer21e

eeuw' (WB21) advies uitgebracht over de organisatie en inrichting van het
waterbeheer in de 21e eeuw. De commissiegaf o.a. aan dat behalve te veel
water ook te weinig water eenbedreiging vormt voor de (toekomstige) water-
huishouding van Nederland. In de `startovereenkomst Waterbeleid 21e eeuw'
wordt ten behoevevan de laagwaterproblematiek (extreme drogesituaties) een
gezamenlijke verkenning van Rijk, provincies en waterschappen naar droogte
aangekondigd die later is omgedoopt tot de `Droogtestudie Nederland'.

De tot dan toegebruikte schattingen van dekansop extremedroogtestam-
men uit de PAWN studie van 1985. Dit rapport voorziet in de behoefte van de
Droogtestudieom de kans op (extreme) droogte opnieuw te schatten medeop
basis van de meest recente historische gegevens. Naast droogte in Nederland
wordt in dezeanalyse ook naar droogte in termen van lage afvoeren van de
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Rijn gekeken in verband met het belang van de Rijnafvoer bij het voorzien in
de Nederlandswaterbehoefte. Verder wordt voor het eerstook uitv oerig geke-
ken naar de kans op het simultaan optreden van extreme droogte en extreme
lage afvoeren van de Rijn, eencombinatie die de grootste economische schade
tot gevolg heeft.

De herhalingstijden van historische `schadejaren' zijn bepaaldop basisvan
frequentie analysesvan zowel historisch waargenomenextremen als van ex-
tremen uit lange gesimuleerde reeksenop basis van tijdreeks resampling. De
gesimuleerdereeksenblijk en minder geschikt om de kansop simultane gebeur-
tenissen te schatten. Nader onderzoek zal moeten uitwijzen of de simulatie
van met name het neerslagtekort door middel van tijdreeks resampling ver-
beterd kan worden. Het gebruik van eengetransformeerdetwee-dimensionale
normale kansverdeling heeft als bezwaar dat de afhankelijkheid tussen extre-
me neerslag-en afvoertekorten wordt onderschat, waardoor ook de kans op
simultane extreme gebeurtenissenwordt onderschat. Op basis van een van
de (geschatte) economische schade afgeleid faalgebied en verschillende twee-
dimensionalenormale verdelingen zijn de herhalingstijden voor de simultane
neerslag-en afvoertekorten van de schadejarenbepaald. Historisch gezienzijn
1976en 1921de droogste jaren gevolgd door 1959en 1947. Voor 1976 is een
herhalingstijd van bijna 200 jaar gevonden.

Indien de aanvoer van de Rijn geenrol van betekenis speelt zijn de her-
halingstijden gebaseerdop een getransformeerdenormale verdeling van het
neerslagtekort die op het oog de `beste' �t voor de grootste neerslagtekorten
geeft. Het droogste jaar is dan wederom 1976 (met een herhalingstijd van
ongeveer 75 jaar) gevolgd door 1959,1911en 1921.

Jules J. Beersma, T. Adri Buishand en Hendrik Buiteveld, 2004. Droog, dro-
ger, droogst - KNMI/RIZA bijdrage aan de tweede fase van de Droogtestudie
Nederland. KNMI publicatie 199-II, ISBN 90-369-2260-7,KNMI, De Bilt, 52
pp.
(Related to Chapters 4 and 5, Beersmaand Buishand, 2004,2006).

Samenvatting Dit rapport vormt het vervolg op het gelijknamige rapport
uit 2002en beschrijft de KNMI bijdrage aan de tweedefasevan de Droogte-
studie Nederland, inclusief eenbijdrage van RIZA die nauw bij het thema van
dezerapportage aansluit.

De statistiek voor het bepalenvan de kans op het simultaan optreden van
extreme droogte in Nederland en extreem lage afvoeren van de Rijn is verder
uitgewerkt met als resultaat verbeterde schattingen van simultane overschrij-
dingskansen. Voor de droogte van 1976 leidt dit tot een herhalingstijd van
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ongeveer 110 jaar (190 jaar in het vorige rapport).
Daarnaast is een verbeterd resampling model ontwikkeld dat goed bruik-

baar is voor het schatten van de overschrijdingskansen van het (maximale)
neerslagtekort in Nederland. Voor de droogte van 1976 in termen van alleen
het neerslagtekort in Nederland wordt nu eenherhalingstijd gevondenvan on-
geveer90 jaar (was75 jaar). Datzelfde model is ook gebruikt voor het schatten
van de overschrijdingskansenvan het neerslagtekort in eenzestal regio's bin-
nen Nederland. De regionaledi�eren tiatie laat zien dat er binnen Nederland
naast systematische verschillen ook verschillen van jaar tot jaar zijn. Zo is in
het westen van het land het maximale neerslagtekort meestal groter dan in
het oosten van het land. 1976was het droogst in Zeelanden het minst droog
in oost Nederland. In de regio's noordoost Nederland en oost Nederland was
1959het droogste jaar, voor de overige regio's was dat 1976.

De droogte van 2003kreegveelaandacht (in de media) vanwegeeenaantal
(bijna) problemen. Toch wasdezomervan 2003niet extreemdroog. Kijk enwe
alleen naar het (maximale) neerslagtekort van 2003dan vinden we gemiddeld
over Nederland eenherhalingstijd van ongeveer 10 jaar. In noordwest Neder-
land was met een herhalingstijd van 13 jaar de droogte relatief het grootst
en in het Maasgebiedmet een herhalingstijd van 4 jaar relatief het kleinst.
Houden we ook rekening met de (lage) afvoer van de Rijn dan neemt gemid-
deld over Nederland de herhalingstijd iets toe; van ongeveer 10 tot ongeveer
12 jaar.

In dit rapport worden ook de klimaatscenario's en toekomstscenario'sge-
presenteerd waarmeein de tweedefasevan de Droogtestudie is gewerkt. Voor
Nederland worden de standaard KNMI klimaatscenario's toegepast terwijl
voor de stroomgebiedenvan de Rijn en de Maas klimaatscenario's op basis
van de UKHI/IS92a projecties worden gebruikt. Voor het Controlist klimaat-
scenario(1� C temperatuurtoenamein 2050) is er voldoendeovereenstemming
tussenbeidetypenklimaatscenario's. Onder dat scenarioneemt degemiddelde
Rijnafvoer aan het eindevan de zomeren in het begin van het najaar met ruim
5% af, terwijl de gemiddeldeMaasafvoer dan nauwelijks verandert. Daarnaast
neemt onder het Controlist klimaatscenario het maximale neerslagtekort voor
alle schadejarentoe. Voor de meestextreme jaren (1959en 1976) is de toena-
me iets kleiner (� 5%) dan de gemiddeldetoenamevan 6.2%. Ondanks deze
systematische toename van het maximale neerslagtekort zijn de herhalings-
tijden voor de getransformeerdeschadejaren vrijw el onveranderd. Dit komt
doordat de kansverdeling van de maximale neerslagtekorten opschuift en wel
zodanig dat de rangorde van de schadejarenniet verandert.
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In dit proefschrift zijn resampling technieken gebruikt voor het bepalen van
de statistische onzekerheid van kenmerken van extreme waarden, en om zeer
lange hydro-meteorologische tijdreeksen te simuleren met extreme waarden
die nog niet eerderzijn waargenomen.Een frequentieanalysevan de extremen
in zulke lange tijdreeksen heeft als voordeel dat de statistische onzekerheid
van het resultaat in het algemeenkleiner is dan bij een frequentieanalyse
van uitsluitend de waargenomenextremen. Een resampling techniek heeft
daarnaast als voordeel dat het niet nodig is om allerlei, min of meer onjuiste,
aannameste maken over de statistische eigenschappen van de data.

Door tijdreeksenvan geresampledehydro-meteorologischedata te combine-
ren met geschikte hydrologische modellen, kan de tijdreeks resamplingaanpak
toegepastworden op eenbreed scalaaan studies met betrekking tot de gevol-
gen van extreme hydro-meteorologische gebeurtenissen,zoalsextreem hogeof
lagerivierafvoeren,extreemhogeof lagegrondwaterstandenof andereextreme
hydrologische gebeurtenissen.Een bijkomendvoordeelvan dezeaanpak is dat
hydro-meteorologische e�ecten kunnen worden gescheiden van door de mens
veroorzaakte veranderingenin het hydrologische systeem,zoals kanalisering,
verstedelijking en ontbossing.

Het eerste hoofdstuk vormt de inleiding waarin de bredere context van het
proefschrift geschetst wordt. Tevens wordt in dit hoofdstuk een overzicht
gegeven van de historische ontwikkelingenvan de resampling technieken waar-
van gebruik wordt gemaakt. Met eensimpel voorbeeldop basisvan het gooien
met eendobbelsteenwordt de kracht van resampling technieken ge•�llustreerd.
Hoofdstuk 1 sluit af met een overzicht van de onderwerpen, en de daarbij
gebruikte resampling technieken, die in de volgendehoofdstukken aan bod ko-
men.

De eerstetoepassingvan resampling (Hoofdstuk 2) betreft de statistische on-
zekerheid van variantie schattingen. De `standard error' (een maat voor de
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statistische onzekerheid) van de variantie wordt bepaald met behulp van de
`jackknife' en wordt gebruikt voor het opzetten van eentoets die de gelijkheid
van varianties van maandwaarden kan vaststellen. Zo'n toets kan nuttig zijn
bij het valideren van modellen of bij het detecteren van klimaatverandering.
En omdat het veelof weinig optreden van extreme gebeurtenissenafhangt van
de variantie kan zo'n toets zelfsals eeneersteindicatie gebruikt worden bij de
detectie van verschillen of veranderingenin de frequentie van extreme gebeur-
tenissen. Deze toets heeft een brede praktische toepasbaarheidmede omdat
hij een simpele en degelijke multiv ariate uitbreiding heeft. Hiermee wordt
bedoeld dat de toets zonder problemen kan worden toegepastop een gebied
waarvoor op verschillende locaties varianties bepaald zijn. Door de varianties
op de verschillende locaties in �e�en (multiv ariate) toets te combineren neemt
het onderscheidend vermogen(zeg maar, de gevoeligheid) van de toets in het
algemeensterk toe.

Ter illustratie is demultiv ariate toets toegepastop neerslagentemperatuur
varianties in een simulatie van klimaatverandering met het EngelseHadley
Centre klimaatmodel. Voor verschillende gebiedenen seizoenen zijn signi�-
cante verschillen (op het 5% niveau) tussende varianties in tweeverschillende
10-jaar periodesgeconstateerd.Meest opvallend daarbij is de signi�cante toe-
namevan de variantie van maandwaardenvan de neerslagover Noord-Europa
in drie van de vier seizoenen: zomer, herfst en winter.

In Hoofdstuk 3 worden, voorwaardelijk op de grootschalige atmosferische cir-
culatie, reeksenvan dagwaardenvan de neerslagen de temperatuur simultaan
gegenereerdvoor verschillende locaties in het Duitse deel van het stroomge-
bied van de Rijn. In dit type voorwaardelijke tijdreeks resampling treedt de
atmosferische circulatie op als een predictor voor neerslagen temperatuur.
Met andere woorden, de atmosferische circulatie bepaalt in belangrijke mate
of eendag nat of droog is en of eendag relatief warm of koud is voor de tijd
van het jaar. In het geval er een systematische verandering optreedt in de
atmosferische circulatie, bijvoorbeeld als gevolg van antropogeneklimaatver-
andering, zal dit automatisch tot een verandering in (extreme) neerslagen
temperatuur leiden.

Voorwaardelijke tijdreeks resampling is daarom mogelijk nuttig in toepas-
singenwaar veranderingenin (extreme) neerslagen/of temperatuur van belang
zijn. Voorwaardelijke tijdreeks resampling is ook vergeleken met de nauw ver-
wante en al langer in gebruik zijnde analogemethode die tevens populair is
bij het maken van weersverwachtingen. Een belangrijke conclusievan die ver-
gelijking is dat de simulatie van neerslagen temperatuur voor eennieuwe dag
niet alleen gebaseerdmoet worden op de circulatie karakteristieken van die
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dag maar ook op de gesimuleerdeneerslagen temperatuur van de vorige dag.
Hiermee wordt de persistentie en variabiliteit in de gesimuleerde tijdreeksen
aanzienlijk verbeterd.

In gesimuleerdelange(980-jarige) tijdreeksen,van dagwaardenvan deneer-
slag en de temperatuur voor verschillende locaties in het Duitse deel van het
stroomgebiedvan de Rijn, die representatief zijn voor het huidige klimaat, ko-
men tot 35% grotere 10-daagsegebiedsgemiddeldeneerslagsommenvoor dan
waargenomenin de 35-jarige historische referentie periode. In combinatie met
neerslag-afvoer modellen zijn zulke niet eerder waargenomenneerslagextre-
men zeer nuttig bij het bepalen van extreem zeldzamerivierafvoeren en bij
het plannen en ontwerpen van de hydrologische infrastructuur.

Hoofdstuk 4 handelt over (extreme) droogte in Nederland. Omdat grote delen
van Nederland tijdens droge periodes voorzien kunnen worden van water uit
de Rijn, dient bij de beoordeling van droogte rekening te worden gehouden
met het simultaan optreden van neerslagtekorten in Nederland en afvoerte-
korten van de Rijn. De kans op het simultaan optreden van (grote) neerslag-
en afvoertekorten is bepaald op basis van tijdreeks resampling en is vergele-
ken met schattingen verkregenuit het �tten van tweedimensionale(bivariate)
kansverdelingen.

De asymptotische afhankelijkheidsstructuur tussen neerslag-en afvoerte-
korten blijkt eencruciale rol te spelenbij het bepalenvan simultane overschrij-
dingskansen. Een evident voordeelvan tijdreeks resamplingis dat geenaanna-
mesover de afhankelijkheidsstructuur gemaakt hoeven te worden omdat deze
afhankelijkheid automatisch van de historische data wordt overgenomen.Bij
het �tten van bivariate kansverdelingenkondenalleenbevredigenderesultaten
worden verkregendoor eennieuwe bivariate kansverdeling te intro ducerendie
bestaat uit een mengselvan een bivariate normale en een bivariate Gumbel
verdeling. Meer precies,een bivariate normale verdeling met de afhankelijk-
heidsstructuur van eenbivariate Gumbel verdeling. Dezenieuwe tweedimen-
sionale kansverdeling blijkt uiteindelijk het meest geschikt om de simultane
overschrijdingskansenvan grote neerslag-en afvoertekorten te schatten.

Op basis van deze tweedimensionalekansverdeling worden kleine kansen
gevonden (eensin de 200 tot 300 jaar) voor eensimultane overschrijding van
het neerslagtekort en het afvoertekort zoals voorgekomen in de meest droge
historische jaren (1921 en 1976). Bij eenfaalgebiedop basisvan de economi-
sche schade nemende kansenop eendergelijke droogte toe tot ongeveer eens
in de 100 jaar. Daarnaast zijn de verschillen in de kans op droogte op basis
van de verschillende methodesbij zo'n faalgebiedkleiner dan bij (standaard)
simultane overschrijdingen van het bijb ehorendeneerslag-en afvoertekort.
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Ruimtelijk e variatie in de kansverdeling van het neerslagtekort in Nederland
is het onderwerp van Hoofdstuk 5. De ruimtelijk e variatie wordt in kaart
gebracht door Nederland op te delen in zes regio's. Naast verschillen in de
grootte van het neerslagtekort, hebbendekansverdelingenvoor dezezesregio's
eenopmerkelijke maar gemeenschappelijke kromming in de rechter staart. De
kansverdelingenlijk en daardoor noch op eenlognormale noch op eenextreme
waardenverdeling. Om zowel de verschillen in terugkeerniveau1 van de regio's
als de opmerkelijke kromming in de staart van de verdelingente reproduceren
zijn twee alternatieve methodes beschouwd: een regionale frequentieanalyse
en tijdreeks resampling.

De regionale frequentieanalyse levert een voor Nederland representatieve
`growth curve' op die benaderdkan worden met eendi�eren tieerbare (spline)
functie op de schaal van de standaard Gumbel variabele. De tijdreeks resam-
pling methode heeft een extra geheugenterm van vier maanden nodig om de
gemeenschappelijke kromming in de staart van de neerslagtekortverdelingen
te kunnen reproduceren. Door dezegeheugenterm neemt de statistische on-
zekerheid (standard error) in schattingen van het terugkeerniveau ongewild
toe. Echter, wanneer de beide methodes worden gebruikt voor extrapolatie,
d.w.z. wanneerhet terugkeerniveaugroter is dan historisch waargenomen,dan
presteert tijdreeks resampling beter dan de regionale frequentieanalyse. Dit
komt door de sterke toenamevan de relatieve standard error van het terug-
keerniveaumet toenemendeherhalingstijd als gevolg van de grote onzekerheid
in de parameters van de functie die de `growth curve' benadert. Dus in ter-
men van statistische onzekerheid is tijdreeks resampling te verkiezenboven de
regionalefrequentieanalyse. Dit is het type resultaten waaruit de meerwaarde
van tijdreeks resampling blijkt.

Door tijdreeks resampling te combineren met de bootstrap procedure is,
voor elk van dezesregio'seenbetrouwbaarheidsinterval afgeleidvoor deherha-
lingstijd behorendebij het grootst waargenomenneerslagtekort. Afhankelijk
van de regio is dit het neerslagtekort van 1959of 1976. Hoewel dezebetrouw-
baarheidsintervallen tamelijk breed zijn, zijn ze gemiddeld een factor twee
smaller dan verwacht mag worden indien alleen rekening wordt gehoudenmet
de lengte van de waargenomenreeks.

In de synthese in Hoofdstuk 6 passeerteen aantal onderwerpen de revue die
mede van invloed zijn op de onzekerheid van statistische analysesin het al-
gemeenen van statistische analysesop basis van tijdreeks resampling in het

1Het niveau van het neerslagtekort dat hoort bij eenbepaaldeherhalingstijd of terugkeer-
tijd.
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bijzonder. Zo wordt uitv oerig stilgestaan bij de lengte en de periode van de
waarnemingsreeksendie worden gebruikt, en bij de gevolgen van de mogelijke
aanwezigheidvan (historische) trends in die reeksen.

In Hoofdstuk 6 wordt ook aandacht geschonken aan het gebrek aan met
name lange waarnemingsreeksenvan de potenti •ele (Makkink) verdamping in
Nederland. De oorzaak hiervoor is dat de benodigde globale straling voor de
bepaling van de Makkink verdamping pas vanaf 1958 structureel door het
KNMI wordt gemeten. In Hoofdstuk 4 is voor station De Bilt een lange
reeks(1906{2000)van deMakkink verdampinggeconstrueerddoor van (goede)
schattingen van de globale straling op basis van de zonneschijnduur uit te
gaan. Voor vier andere klimatologische hoofdstations in Nederland zijn ook
lange zonneschijnduur reeksenbeschikbaar en daarnaast bestaat er nog een
door WageningenUniversiteit gemetenreeksvan de globale straling die al in
1928begint. Voor beide geldt echter dat, voor de hier beoogdetoepassing,de
kwaliteit en de homogeniteit van dezereeksenonderzocht zou moeten worden.

Nu duidelijk is gemaakt dat tijdreeks resampling zeer nuttig kan zijn bij
het modelleren en analyseren van (nog niet waargenomen)extreme hydro-
meteorologische gebeurtenissen, zou bij toepassing van deze methode ook
structureel een onzekerheidsanalyseop basis van jackknife of bootstrap pro-
cedures,zoals beschreven in Hoofdstuk 5, moeten plaatsvinden. Dit kan, en
moet, gebruikers bewuster maken van de (grote) onzekerheid die `extrapola-
tie' van extreme gebeurtenissenuit relatief korte historische reeksenmet zich
meebrengt.
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