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Abstract An original approach is proposed to estimate

the impacts of climate change on extreme events using an

hourly rainfall stochastic generator. The considered gen-

erator relies on three parameters. These parameters are

estimated by average, not by extreme, values of daily cli-

matic characteristics. Since climate changes should result

in parameters instability in time, the paper focuses on

testing the presence of linear trends in the generator

parameters. Maximum likelihood tests are used under a

Poisson–Pareto-Peak-Over-Threshold model. A general

regionalization procedure is also proposed which offers the

possibility to work on both local and regional scales. From

the daily information of 139 rain gauge stations between

1960 and 2003, changes in heavy precipitations in France

and their impacts on quantile predictions are investigated.

It appears that significant changes occur mainly between

December and May for the rainfall occurrence which

increased during the four last decades, except in the

Mediterranean area. Using the trend estimates, one can

deduced that these changes, up to now, do not affect

quantile estimations.

Keywords Climate change � Extreme rainfall � Hourly

rainfall generation model � Poisson–Pareto-Peak-Over-

Threshold model � Maximum-likelihood ratio test �
Regional trend test

1 Introduction

The great interest in climate change during the past

20 years has led to a quasi unanimous conclusion for sci-

entists: the Earth’s climate is changing (IPCC 2007). To

prevent hydrological risks, it is important to know if this

global change could lead to an increase in extreme events

(Groisman et al. 2005). In an hydrological context, it is

well known that return period estimations are of funda-

mental interest. To determine the dimensions of hydraulic

works such as dams or dikes, a preliminary study on

rainfall, particularly extreme rainfall, should not be missed.

The average temperature has increased 0.6�C (± 0.2�C)

since the end of the nineteenth century (IPCC 2007). This

change should have consequences on precipitations. Sim-

ply stated, in a hotter world, the water evaporation

increases which may lead to a global increase in precipi-

tation. On land, a small increase in annual precipitation has

been observed during the last century, but this trend is not

uniformly distributed across the Earth (IPCC 2007). The

increase in annual precipitation seems to be more signifi-

cant in the middle latitudes than tropical areas. In the

United States (Groisman et al. 2001), Canada (Zhang et al.

2000) and northern and western Europe (Schönwiese and

Rapp 1997), there was an increasing trend during the last

century. In Europe this can be explained by the persistence

of the positive phase of the North Atlantic Oscillation in

the last two or three decades (Cassou 2004). Unlike these

studies, decreases have been detected in China (Zhai et al.

1999) and the Mediterranean area (Xoplaki et al. 2004).

The above studies focused on the evolution of average

characteristics of precipitation and not on extreme values.

Global Climate Models (GCM) do not efficiently represent

extreme events (Moberg and Jones 2004). So GCM outputs

are of poor interest for extreme events. Dubuisson and
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Moisselin (2006) studied the trends of precipitation indices

in France and showed that there is no evidence of an

increase in heavy precipitation events. Here we are con-

cerned with the frequency of extreme events, looking for a

potential variation in time. Classical statistical methods

(fitting a probability law) are of limited interest because of

a lack of long time series, leading to inaccurate estimation

of distribution tails (Renard 2006; Pujol et al. 2007b). As

an example, following data quality criteria recommended

by Météo-France, only one time series of daily precipita-

tions could be considered to study a climate change in

France. This time series comes from 139 rain-gauge sta-

tions during the period of 1960–2003. Note that data from

2004 and later are not yet available because of actual

homogenization by Météo-France. In the sequel, an origi-

nal approach is proposed to estimate the impacts of climate

change on extreme events, based on the use of an hourly

rainfall stochastic generator (Arnaud et al. 2007). It can be

coupled with a rainfall-runoff model (Arnaud and Lavabre

2002). Climate evolution is then detected from the values

of the generator parameters. Unlike classical statistical

approaches, these parameters are estimated from average,

not extreme, values of daily climatic characteristics. As a

consequence, the estimations are less influenced by the

sample than those based on extreme values. The generator

parameters we consider are the following: event occur-

rence, event duration and event intensity. They are par-

ticularly well adapted to examine the rainfall signal. From

these three characteristics different types of climate that are

well known in France can be discriminate. For example the

‘‘oceanic’’ climate can be characterized by events with long

duration, the ‘‘alpine’’ climate by a large number of events,

and the ‘‘Mediterranean’’ climate by events with a strong

intensity. Conditionally to the values of these three

parameters, rainfall quantiles for every rainfall duration,

from 1 h to 10 days, can be estimated from the generator

precipitation outputs. It has been showed in a recent study

that the generator correctly estimate rainfall quantiles in

such a time range (Neppel et al. 2007).

The first aim of the present work is to study the stability in

time of the generator parameters. According to the definition

of parameters, we applied the Poisson–Pareto-Peak-Over-

Threshold model (POT). This model, commonly used in

extreme values theory (Coles 2001), is well adapted to our

framework. A linear trend for the generator parameters is

tested through a maximum-likelihood ratio test approach.

Parey et al. (2007) also applied such an approach on time

series of temperatures to detect a trend in extreme tempera-

tures. A procedure which allows us to work on a regional

scale is also proposed. Since many climates are present in

France, all landscapes might not be subject to the same

changes. A hierarchical clustering, based on average rainfall

characteristics, led us to divide France into four homogeneous

climatic zones. Then generator parameters can be estimated

over the period 1960–2003 under the climate change

hypothesis. This new estimation allows us to appreciate

rainfall distribution changes due to climate change.

The principle of the hourly rainfall generator is

explained in Sect. 2. The three generator parameters used

in the sequel are presented in details. In Sect. 3, we focus

on the test for the stationarity of the rainfall generator

parameters in both local and regional scales. Section 4

presents a data application. Data on which the trend test is

applied are presented in the Sect. 4.1. Section 4.2 illustrates

how the division of France into four homogeneous climatic

zones are obtained. Section 4.3 shows the parameters

evolution in time and compares the robustness between the

local and the regional trend test. Section 4.4 presents the

effects of the climate change hypothesis on the rainfall

distribution. A general discussion is proposed in Sect. 5. A

conclusion and some perspectives are given in Sect. 6.

2 The hourly rainfall generator: SHYPRE

In the literature, the rainfall quantiles can be estimated in

two ways. The most well-known method is to fit a proba-

bility law on data (Coles 2001). Another method is to

use a mathematical structure of rainfall representations

(Waymire and Gupta 1981; Wu et al. 2006; Sivakumar and

Sharma 2008). In this paper we are concerned with the

latter method. Our aim is to propose an original approach

for detecting trend in extreme rainfall. In the following, the

general principle of the rainfall generator we consider is

briefly presented (for details, see Arnaud 2008; Arnaud

et al. 2007) and the generator parameters are detailed.

2.1 Generator principle

SHYPRE is a model of rainfall hydrograph simulation

based on an hourly rainfall generation, which can be cou-

pled with a rainfall-runoff model. It has been developed at

Cemagref in Aix-en-Provence (Cernesson 1993; Arnaud

1997). The model is based on descriptive variables from

hourly information characterizing the rainfall signal such

as the rainfall depth or duration. Each variable was fitted by

a probability law (Cernesson et al. 1996). As in Monte-

Carlo methods, these variables were simulated, taking into

account dependencies. Then time series, statistically

equivalent to observations, can be reproduced for any

desired time period. Quantiles can be empirically estimated

from these simulated times series. The generator’s princi-

ple is illustrated in the Fig. 1.

A regionalized version of the rainfall generator was

parameterized according to daily data based on the

knowledge of three parameters, leading to relevant results
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(Arnaud et al. 2006). In fact, unifying the model makes it

perfectly applicable to regions with varied rainfall ranges,

such as metropolitan France, Reunion island in the Indian

Ocean, and Martinique island in the Caribbean (Arnaud

et al. 2007). The regionalization of the three model

parameters, using 2,812 daily rain gauge stations in the

whole of France (Sol and Desouches 2005), allows the

estimation of rainfall quantiles for different time durations

on a square of 1 km2 everywhere in the French territory

(Arnaud et al. 2006). For the Languedoc-Roussillon region,

the obtained results have been compared to those of an

another regional approach (Neppel et al. 2007). Results are

comparable and it appears that the regionalized generator

version correctly estimate rainfall quantiles for durations

from 1 h to 10 days. As a stochastic model, the rainfall

generator do not perfectly represent the rainfall reality but

bearing on many studies showing that it represents well

extreme rainfall for many types of climate (from temperate

to tropical), we assume in the sequel that it correctly

reproduce the behavior of extremes rainfall (Arnaud 2004).

2.2 The three generator parameters

The descriptive analysis of rainfall was based on observed

rainfall events selected on daily criteria. An event is

defined as a succession of daily rainfall depths of more than

4 mm, including one daily rainfall depth of at least

20 mm.1 This definition allow us to assume that events are

mutually independent. The three following daily variables

were considered:

– NE (event occurence) is the average number of event

per year,

– lPJmax (event intensity) is the average of the maxi-

mum rainfall in 1 day of each event,

– lDTOT (event duration) is the average of event

duration.

Moreover we selected two seasons: summer from June to

November (when extreme events usually occur), and

winter from December to May. From the 3 9 2 daily

parameters, say NEW, lPJmaxW, lDTOTW for winter and

NES, lPJmaxS, lDTOTS for summer, it was possible to

run the hourly rainfall generation model for periods as long

as needed, leading to a probabilistic study on the extreme

rainfall with daily information.

To conclude, from these 3 9 2 daily parameters, we can

generate very long time series to estimate rainfall quantiles

for different durations and any return periods.

3 Detecting a trend for the generator parameters

We wanted to test the null hypothesis H0: the parameters

are stationary versus the alternative hypothesis H1: the

parameters vary in time. Many studies present an overview

of statistical approaches available for detecting and esti-

mating trends in environmental data. However, the trend

test power varies according to the nature of the studied

data. As in Hess et al. (2001) and Yue and Pilon (2004), a

Fig. 1 Principle of the hourly

rainfall generator. Figure from

Arnaud et al. (2007)

1 The threshold 20 mm is a compromise to have enough event (*5

events per years) and to focus on extreme events.
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simulation study was done to determine which test

appeared as the most powerful when respecting a fixed

false rejection rate (type I error). The maximum likelihood

ratio test (Coles 2001) appeared as the best approach for

our study. Note that Renard (2006) arrived at the same

result regarding runoff data.

3.1 Maximum likelihood ratio test: ML test

Let M0 and M1 designate two alternative models, of size d0

and d1 (the size is the number of parameters) and assume

that M0 is nested into M1 (i.e., simply stated, M0 can be

obtained from M1 when assigning particular value for some

of his parameters). We test the null hypothesis H0: M0

explains well the considered phenomenon versus the

alternative H1: M1 is a better model. Let LiðX; hiÞ be the

log-likelihood of a sample X for model Mi, i = 0, 1. Let ĥi

be the vector of size di maximizing LiðX; �Þ: The deviance

statistic is defined as

D ¼ �2 L0ðX; ĥ0Þ � L1ðX; ĥ1Þ
� �

ð1Þ

The basic principle is parsimony. The model is chosen

according to the value of D. Under H0 and with a

sample size large enough, D �H0 v2
d1�d0

: Therefore

hypothesis H0 is rejected, with a type I error a, if D [ ua

where Pðv2
d1�d0

[ uaÞ ¼ a: The p-value notion is used

to decide on rejecting or not H0: the p-value is the

probability of obtaining a result at least as large as the

one actually observed, given that the null hypothesis is

true. In our case, it corresponds to Pðv2
d1�d0

[ DÞ: We

decide to reject H0 with a fixed type I error a if the

p-value is less than a.

3.2 ML test for the local approach

The hourly rainfall generator is parameterized through the

three above mentioned daily variables NE, lPJmax

and lDTOT. Since the parameter lDTOT influences little

the extreme behavior of the generator, we restricted our

investigations on the non-stationarity of the two following

parameters: NE and lPJmax. The approach we used is

based on the POT model.

Let n be the number of events between the year A1 and

the year (A1 ? A). Let (X1, …, Xn) be the depth of the

maximum daily rainfall in millimeters for these n events.

Let (t1, …, tn) be dates (in days) corresponding to

(X1, …, Xn). The time t = 1 corresponds to the first of

January, A1, and ti corresponds to the position, into the

series, of the date of the maximum daily rainfall of the

event i. For example, if the first event occur the 10th of

January, A1 and the next event occur 10 days after, then,

t1 = 10 and t2 = 20. Let N½d1; d2� be the occurrence vari-

able of events between the beginning of the day d1 and the

end of the day d2. For example N[1,365] counts the number

of event occurring during the first year of the sample.

When working on values over threshold, it is usual to

model the number of events per time unit (frequently per

year) by a Poisson’s law (Ramachandra Rao and Hamed

1999; Lang et al. 1999). An event, according to its defi-

nition, must have at least a depth of daily rainfall over the

threshold 20 mm. Thus we can say N½t;t� ¼
def

N½t� follows a

non homogeneous Poisson’s law of parameter k(t).

k(t) corresponds to the average number of excess per day at

the time t. Therefore N[1,t] follows a Poisson’s law with rate

function tk(t). The stationarity of a Poisson process can be

tested through the stationarity of the process intensity or

the inter-arrival times. For a Poisson process with an

intensity k(t), waiting times are exponentially distributed

with parameter k(t) (Lang 1999). According to a study on

simulated data, the test on waiting times appears as the best

and we decide to use it. The log-likelihood to test the

stationarity of the number of events is given by:

LP
n ¼

Xn

i¼1

logðkðtiÞÞ �
Xn

i¼1

kðtiÞðti � ti�1Þ with t0 ¼ 1

ð2Þ

Concerning the parameter NE, we can test the stationary

hypothesis H0: (M0) k(t) = k0 versus the linear trend

hypothesis H1: (M1) k(t) = k0 ? k1t using the ML test

with d1 - d0 = 2 - 1 = 1.

For the parameter lPJmax, the stationary test is built as

follows. The variables (Xi)i=1,…, n are distributed according

to the same family of probability laws and are independent

since events are considered as independent. From the event

definition, we have Vi = 1, …, n, Xi [ 20 mm. We used

the Generalized Pareto Distribution (GPD) family to model

the threshold exceedances (Muller 2006; Coles 2001). The

GPD family has three parameters: a location parameter

u (here u = 20 mm), a scale parameter r and a shape

parameter n. The cumulative distribution function

PðXhxjXiuÞ ¼ Fðu;r;nÞðxÞ is given by:

Fðu;r;nÞðxÞ¼
1�ð1þ nðx�uÞ

r Þ
�1=n

with x�u
r \� 1

n for n\0;

1�ð1þ nðx�uÞ
r Þ

�1=n
with x�u

r [� 1
n for n[0;

expð�ðx�uÞ
r Þ for n¼0:

8>><
>>:

Moreover if X *F(u,r,n) then EðX�ujX[uÞ¼ r
1�n: Thus we

can estimate the generator parameter lPJmax by r̂
1�n̂
þu:

Following Renard (2006), we assumed the shape parameter n
to be constant because of sampling uncertainties. Climate

change is then characterized by the non-stationarity of the
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scale parameter: r(t) varies in time. Therefore the log-

likelihood we considered is given by:

LGPD
n ¼ �

Xn

i¼1

logðrðtiÞÞ

� 1þ 1

n

� �Xn

i¼1

log 1þ nðxi � uÞ
rðtiÞ

� �

with u ¼ 20 mm

ð3Þ

The stationary hypothesis H0 : ðM0ÞrðtÞ ¼ r0 : lPJmax ¼
r0

1�nþ u versus the linear trend hypothesis H1 : ðM1ÞrðtÞ ¼
r0 þ r1t : lPJmaxðtÞ ¼ r0þr1t

1�n þ u is tested using the ML

test with d1 - d0 = 3 - 2 = 1. The parameter k0 is the

only one which can be analytically estimated. For the

others parameters, k1, r0 and r1, an optimization algorithm

is needed and we use the Broyden–Fletcher–Goldfarb–

Shanno (BFGS) method (Broyden 1970; Fletcher 1970;

Goldfarb 1970; Shanno 1970) of the ‘‘optim()’’ function

implemented in the ‘‘stats’’ package from language R (http://

www.r-project.org/).

Remark 1 The two processes being independent

(Ramachandra Rao and Hamed 1999), it is possible to

analyse them separately.

Remark 2 An exponential law is sometimes used to

model threshold exceedances. It corresponds to the case

where the shape parameter of the GPD is equal to 0. When

n = 0, a study on simulated data showed that the ML test

based on an exponential likelihood does not respect the

theoretical type I error. Since Muller (2006) showed that

the hypothesis n = 0 is often rejected in France, we prefer

to use the ML test with the GPD’s likelihood even if the

estimation of n is difficult.

Remark 3 The GPD model is often used in trend detec-

tion for extreme values (Pujol et al. 2007b; Coles 2001).

Here we use it to compute, from estimated parameters, an

average in a given time. Extreme quantile estimation from

tail distribution model is much more dependent on shape

parameter n than any average estimation. Then, assuming a

constant shape parameter n becomes a weaker hypothesis

compared to an extreme value framework.

To test locally the stationarity of the rainfall generator

parameters, we used the above tests on each station. For a

station S, we tested the stationarity of the time series XS ¼
ðXS

1 ; . . .;XnS

SÞ and tS ¼ ðtS
1; . . .; tnS

SÞ versus a linear trend

where XS corresponds to the maximum daily rainfall of the

nS observed events occurring at the station S on the dates tS.

We also noted TS ¼ ðtS
1 � 1; . . .; tS

nS
� tS

nS1
Þ the time series

of waiting times of an event occurring at S. Using the

above tests, we could conclude regarding to the stationarity

of these series according to a fixed type I error a.

3.3 ML test for the regional approach

3.3.1 Building the ‘‘regionalized’’ time series

In the regional approach, we had to build time series we

called ‘‘regional’’ by regrouping stations from each

homogeneous zone. The GPD model was used for the

maximum daily rainfall of an event. In a given zone, the

shape parameter was assumed to be constant and only the

scale parameter varies between stations (Onibon et al.

2004; Cunnane 1988). The aim of this step is to construct a

sample of exceedances identically distributed within each

zone.

Let Z be a homogeneous climatic zone. The shape

parameter was assumed to be constant in a same Zone and

it denotes nZ on Z. Let XZ be the set of stations which

belong to Z and VS [ XZ, let eXS ¼ XS � u; where

XS ¼ ðXS
1 ; . . .;XS

nS
Þ. Then, eXS�GPDð0; rS; nZÞ: It is easy

to show that 8S 2 XZ
eXS

EðeXSÞ
�GPDð0; 1� nZ ; nZÞ and

TS

EðTSÞ �Expð1Þ; where Exp(k) designates the exponential

law with parameter k. Using the strong law of large num-

bers, both laws can be used to approximate respectively

the laws of
eXS

eXS

and TS

TS
with eXS ¼ 1

nS

PnS

i¼1
eXS

i and

TS ¼ 1
nS

PnS

i¼1 TS
i :

To build ‘‘regional’’ time series for the Z zone, we

regrouped stations with the following method (Neppel

et al. 2007):

1. VS [ XZ, we divide eXS by its empirical mean eXS; the

same for TS.

2. We concatenate the reduced eXS; the tS and the reduced

TS. We obtain ‘‘regional’’ time series of maximum

daily rainfalls noted ðYZ
1:nZ
Þ occurring on dates ðtZ

1:nZ
Þ

and ‘‘regional’’ time series of waiting times between

two events observed on a same station belonging to Z,

denoted ðTZ
1:nZ
Þ with nZ ¼

P
j2XZ

nj:

The spatial dependence between stations of the same

zone can lead to a bias in the calculus of p-values: a same

event can take place on several neighbouring stations. To

obtain an independent and identically distributed sample,

we had to remove them from the ‘‘regional’’ time series.

Assuming that the distance from which two stations are

considered as spatially independent is known (below this

distance is called the station dependence distance), the

‘‘regionalized’’ time series for the Z zone is built as

follows:

3. for each day D [ tZ, we search for observed events

taking place in Z. We note XZ
D the set of stations where

an event occurred at one of the days D, D - 1 or

D ? 1.
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4. We choose randomly a station i in XZ
D. Then we

remove from TZ and YZ the events of stations

k [ XZ
D - {i} if and only if the distance between

stations i and k is smaller than the station dependence

distance.

5. We repeat the (iii) and (iv) steps K times.

Thus K different ‘‘regionalized’’ time series i.i.d. (but

not mutually independents) were built for each homoge-

neous zone. For a given Z zone, we denote these K time

series ð eY Z
1:nK
Þ1:K

and ð eT Z
1:nK
Þ1:K : Using the ML test, we

tested, for k = 1:K, the stationarity of maximal daily

rainfalls with ð eY Z
1:nK
Þk as well as event occurrence with

ð eT Z
1:nK
Þk:

So we had, for each parameter and each zone,

K p-values to characterize if the linear trend is significant.

3.3.2 Calculating the p-value for the regional test

For each homogeneous climatic zone and for each

parameter, we had K p-values coming from the ML test on

the K ‘‘regionalized’’ time series. How to know, from these

K p-values, if the trend is significant?

Let Z be a fixed zone and consider one of the two sets of

K p-values on this zone. Let ag designates the significance

level of the regional test (global type I error). We propose

the following method:

1. We use a False Discovery Rate (FDR) approach (see

Appendix) to determine, from the K obtained p-values,

the number of rejected null hypothesis on Z, that is the

number of time series among K for which the

stationary hypothesis is rejected at a fixed significance

level, say a‘. Let mal
be this number.

Then we want to construct the empirical distribution of

the number of rejected null hypothesis among K at risk

a‘ under H0;

2. To remove a possible time dependence under H0, we

permute without replacement the K series using the

same permutation in order to keep the dependence

between series;

3. We then apply the ML test on each K new series and

deduce the number of rejected null hypothesis via the

Benjamini and Hochberg procedure at risk a‘;
4. Repeating (ii) and (iii) many times, an empirical

distribution of the random variable Mal
is obtained;

Mal
is the number of rejected null hypothesis under H0

among K at risk a‘;
5. We use this distribution to estimate the probability

PðMa‘ �ma‘Þ: If this probability, which corresponds to

the p-value of the regional test, is smaller than ag, then

H0 is rejected on Z and the linear trend of the series is

significant on Z at risk ag. Estimations r̂1 and r̂0 of the

parameters r0 and r1 are given by medians values

coming from the K series.

Concerning the value of a‘ which is used for calculating

the number of rejected null hypothesis among K, it ought to

be between 0.2 and 0.3. A study on simulated data showed

that the significance level of the regional test was respected

for this range of values. The best is to plot PðMa‘ �ma‘Þ
according to a‘ in order to see from which a‘ we have

PðMa‘ �ma‘Þ� ag: If a‘ is smaller than 0.3, the stationary

hypothesis on a whole zone H0 is rejected at risk ag. We

apply this regional trend test to data in Sect. 4.3.2.

4 Hypothesis of climate change

4.1 Studied data

Climate change must be studied only on high quality data

otherwise observed changes could come from the data

themselves and might represent data artefact, leading to

misleading interpretations. The reference daily series has

been established by Météo-France for climate study. For

example, the IMFREX project (http://medias.cnrs.fr/imf

rex/web/) and Dubuisson and Moisselin (2006) worked on

such series. This data is associated with quality codes and

synthetic criteria to consider the homogeneity-stop in the

series. Météo-France’s advice was applied to our data. To

establish a compromise between the period length and the

number of stations, we restricted our study to the period

1960–2003. 139 rain gauges were chosen, with 10% of

missing data at the most. Their location is presented in

Fig. 2 (by black points). From these 139 daily rainfall time

series, we can extract the date and depth of the maximum

rainfall in 1 day and the duration of each event observed

between 1960 and 2003, in order to calculate trends of

3 9 2 generator parameters on a local scale. To work

regionally, 4 homogeneous climatic zones were created, as

explained below.

4.2 Climatic zones construction

To use the regional approach for the trend test (see Sect.

3.3), we looked for some homogeneous climatic zones. To

achieve this, a hierarchical clustering using Ward’s algo-

rithm was applied. Indeed, the aim of the Ward procedure

is to unify groups in such a way that the variation inside

these groups does not increase too drastically: the resulting

groups are as homogeneous as possible (Saporta 2006).

Champeaux and Tamburini (1996) applied it to daily pre-

cipitations in France. Here, we chose to cluster according

to the coordinates and the 3 9 2 generator parameter

values (NEW, lPJmaxW, lDTOTW, NES, lPJmaxS and
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lDTOTS) of rain gauges. In addition to the above 139 rain-

gauges, 2,761 other daily rain-gauges are also available in

metropolitan France. This data cannot be used to study

climate change because the time-series are not long

enough. But these ones allowed us to estimate properly the

average parameters of the rainfall generator and to better

characterize the climatic zones. The clustering parameters

were standardized2 and we just needed to calculate the

inter-distance matrix. We chose the Euclidean distance

criteria since it favours marked differences and gives more

importance to distances between groups. Then four zones

were obtained: ‘‘highland’’, ‘‘mainland’’, ‘‘mediterranean’’,

and ‘‘oceanic’’. They are illustrated in Fig. 2.

Table 1 shows the average of the 3 9 2 parameters of

the rainfall generator and the number of stations in each

zone where climate changes were studied.

4.3 Results of parameter evolution

This section is concerned with the application of the trend

tests (see Sect. 3) on the data presented in Sect. 4.1. First,

we illustrate the results of the local trend test and its sen-

sibility about the observation period. Then we apply the

regional trend test on the four zones presented in Sect. 4.2.

The significance level for all trend tests is fixed to

a = 0.1.

Remark 4 Our test procedure is not limited to time linear

trends. For example, an exponential relation r(t) =

exp(r0 ? r1t) has also be tested. Tests lead to same results

than with a linear trend even for the percentages of evo-

lution parameter. Only the projection in the future will alter

the results.

4.3.1 Results of the local trend test

The local trend test presented in Sect. 2 has been applied on

the data set in order to conclude regarding to the sta-

tionarity of the parameters NE and lPJmax on each of the

139 rain gauge stations between 1960 and 2003. The results

are illustrated in Fig. 3. A trend is significant if the test

p-value is smaller than a = 0.1. To study the relevance of

these results, we also applied the local trend test with

different observation periods: we successively removed

from the reference observation period (1960–2003) the five

5 years and the last 3 years.

Results of the local approach led to some apparent con-

tradictions. First, climatic evolution should be the same for

nearby stations, but local results showed that some stations

had contradictory significant trends, as for example in

northern Brittany for the parameter lPJmaxS (see the circle

in Fig. 3). Thus it was difficult to establish climatic evolution

in a specific region from the local approach. Moreover the

period of observations has a (too) big influence on the results.

In fact, even if the number of stations where H0 is rejected is

approximately the same for the different observation peri-

ods, there are a lot of stations where the test conclusion

changes. For example, the parameter lPJmaxW has a sig-

nificant trend for 28 stations between 1960 and 2003. But 13

of them become non-significant between 1965 and 2003. So

it is difficult to determine if the observed trends are related to

a potential evolution or come from sampling fluctuations.

The non-robustness of the local trend test is due to the short

length of time series. To enlarge the data set, we use the

regional approach presented in Sect. 3.3.

4.3.2 Results of the regional trend test

We now consider the regional trend test presented in Sect. 3.3

with K = 100 in order to test the NE and lPJmax stationa-

rity between 1960 and 2003 on each of the four zones illus-

trated in Fig. 2. To use the regional test, we have to define a

station dependence distance for each zone. Since its esti-

mation varies according to the method used we decided to

consider several station dependence distances Dist0 to Dist3
(see Table 3). Dist0 to Dist2 correspond to the results of three

different methods3 leading to three potential different

Fig. 2 Four homogeneous climatic zones as regards rainfall gener-

ator parameters and location of the 139 rain gauges used in trend test

2 A weight of 2 was applied to the variables NEW, lPJmaxW, NES,

and lPJmaxS because they have a bigger influence on the extreme

behavior of the generator than lDTOTW and lDTOTS.

3 It depends on the studied variables: the gap between the dates of the

annual maximal daily rainfall (Dist0), the number of common days

when an event occur (Dist1), and the number of common rainy days

(Dist2)
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dependence distances, and Dist3 corresponds to the case

where all stations (in a same Zone) are mutually dependents.

Moreover, for the station dependence distance Dist0, we also

consider different observation periods as for the local test.

First, the regional test results are not affected by the

station dependance distance (see Table 4). Significant

trends are the same for any distances, even for the estimation

of the parameter evolution. This point is important when you

know the difficulty to estimate these distances. Unlike the

local test, the observation periods have a minor influence on

the regional test results (see Table 5). All significant trends

detected between 1960 and 2003 are also significant for the

two others observation periods. Some differences appear,

particularly in Summer and in the ‘‘mediterranean’’ zone

where the rainfall variability is the biggest in France. Nev-

ertheless, the regional approach gave us global information,

in a given zone, about the climate change.

The concatenation of several stations enlarges the data

set and reduces the sampling variability. In other words,

significant regional trends have less chance to come from

sampling variability. The regional approach seemed clearly

better to establish a real climatic evolution.

Remark 5 The Generalized Pareto Distribution is used to

infer on the parameter lPJmax. The threshold u must be

large enough to obtain a good approximation of the tail

distribution and it is usually determined through the mean-

excess-function (Coles 2001). Here the threshold value was

u = 20 mm for the four zones because of the event defi-

nition. This value seems too small especially for the

‘‘mediterranean’’ zone where the threshold is widely fixed

to around 50 mm (Pujol et al. 2007a). The regional trend

test has been performed with this threshold and led to the

same significant trends.

4.3.3 Observed trends

Some interpretations of the above trend tests results on the

period 1960–2003 are proposed in this section. The results

presented in Fig. 3 have to be considered as only descrip-

tive ones. They are given to illustrate how perform the

local trend test. From these results, no regional interpre-

tation, as for example, ‘‘the number of winter events

increased significantly around Paris between 1960 and

2003’’ (see the circle in Fig. 3d) can be deduced. Indeed,

for a rigorous statistical analysis, one of the well-known

multiple test procedure should be used to provide a

regional conclusion from local results (Benjamini and

Hochberg 1995). Unfortunately such procedures are known

to be not powerful, and we did not use any of them. So we

prefer to use the results of the regional trend test.

The main observed changes took place in winter with an

increase of event intensity in only ‘‘highland’’ zone. This

increase may be caused by the climate warming. Indeed,

rain gauge stations underestimate the intensity of solid

precipitation. Because of the climate warming, some solid

precipitation could be transformed in liquid precipitation

which leads to an increase of the intensity. Unlike the

‘‘mediterranean’’ zone, there were more and more winter

events in the ‘‘highland’’, ‘‘mainland’’ and ‘‘oceanic’’

zones. In summer, no trend was detected except for the

‘‘mainland’’ zone where the number of events increased

between 1960 and 2003.

The regional trend test was also performed with a nine-

zone division. Results show no contradictory trend with

those coming from a four-zone division.

4.4 Effects on rainfall distribution

For each of the 139 stations, a significant trend for the

rainfall generator parameters was or was not detected. So

climate change was integrated in the estimation of generator

parameters: if the linear trend of a parameter was significant

according to the ML test, an estimation of this parameter

was possible for each year between 1960 and 2003.

Let Param0 be the set of rainfall parameters estimated

under the stationary hypothesis by computing the param-

eters average on the whole observed time series.

Table 1 Number (nb.) of

stations to create zones and to

detect climate change and the

average of generator parameter

values in each zone

Zone ‘‘Highland’’ ‘‘Mainland’’ ‘‘Mediterranean’’ ‘‘Oceanic’’

Nb. of stations among 2,900 ones to create

zones

703 1,103 385 709

Nb. of stations among 139 to detect climate

change

17 65 27 30

NEW 5.1 1.4 4.9 2.7

NES 6.24 3.24 5.2 3.6

lPJmaxW (in mm) 30.6 26 37.7 27

lPJmaxS (in mm) 33 29 44 30

lDTOTW (in day) 2.6 2.2 2.1 2.7

lDTOTS (in day) 2.1 2.0 1.8 2.3

436 Stoch Environ Res Risk Assess (2011) 25:429–441

123



Let ParamA be the set of rainfall generator parameters

under the non-stationary hypothesis estimated in year

A. On stations (or zone) where no stationary hypothesis

was rejected (for all parameters), we had Param0 :
ParamA. In the following, ParamA

Loc corresponds to the

parameter set estimated from the local trend test results,

and ParamA
Regio to the one estimated from the regional

trend test results. These parameter sets are estimated from

results presented in Sect. 4.3.

With the rainfall generator, rainfall quantiles can be

estimated using these parameter sets. So the effects of

climate change on extreme rainfall can be evaluated from

the comparison between quantiles estimated from Param0

and quantiles estimated from ParamA. We can also assess

whether or not an evolution of average parameters leads to

a bigger evolution when working with extreme values.

Remark 6 Quantiles from the rainfall generator do not

come from a fit of a probability distribution like GPD or

exponential. They are estimated empirically from

simulated hydrographs. Their estimation is possible for any

return period and any duration from 1 h to 10 days. So,

generator results can be looked upon as probability

distributions.

Considering two sets of parameters for the rainfall

generator leads to two different distributions. Let T denote

a return period. We can calculate the T-quantiles from

these two distributions and compute their ratio. Then we

obtain an increase or a decrease (in percentage) of the

volume associated with the return period T, and we can

assess if an evolution in a small return period is accentu-

ated in a bigger return period.

Let PM24 designate the volume of maximal rainfall in

24 h. Let qT
0 (respectively qT

A) be PM24 associated to the

return period T coming from generator results with the

parameterization Param0 (respectively ParamA). We cal-

culated the ratio RT ¼ q2003
T

q0
T

for T = 2, 5, 10, 100, 1000

years. In Fig. 4, we compared the ratio R2 with the RT

ratios with T [ 2 years for each station. The increase of

p−value

>0.1
<0.1
<0.05
<0.01

(a) (b)

(c) (d)

Fig. 3 Local trend test results

on each of the 139 stations for

the variables NE and lPJmax:

trend (increase if the triangle
points upwards, decrease if the

triangle points downwards) and

the value of the p-values

(according to size). We tested in

the summer season (on the top)

and the winter season (on the

bottom). a Trend of lPJmax in

summer. b Trend of NE in

summer. c Trend of lPJmax in

winter. d Trend of NE in winter
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changes between the Param0 and the Param2003
Loc simula-

tions can be evaluated according to the return period. For

most stations, | RT1 - 1 | [ | RT2 - 1| for T1 [ T2.

According to the rainfall generator, climate change is likely

to have more significant effects on the extreme behavior

than on the average one for the maximum daily precipi-

tation. This assumption can be discussed when we compare

quantiles (of the maximum daily precipitation) estimated

with the parameterizations Param0 and Param2003
Regio.

Table 6 shows the average evolution inside each zone

between these 2 parameterizations. Unlike the local

approach, the regional one lead to small changes in the

quantile estimation. Even for high return period, changes

are less than 10% except for the ‘‘Highland’’ zone. It is due

to the fact that no significant trend was detected for

the lPJmax parameter. In addition, the strongest rainfall

events in France occur in summer. The generator takes into

account this phenomenon. Its extreme behavior is mainly

influenced by the ‘‘summer’’ parameters. Unlike the local

approach, no or very few regional trends were detected in

‘‘summer’’, that is why changes are small. The distinction

of two seasons in the trend calculation allowed us to take

into account the real impact of climate change. Indeed if

we did not distinguish the two seasons, a significant

increase in the event occurrences would be found which

would lead to bigger changes. These changes would not

reflect reality: only winter events have a significant

increase.

Concerning risks, we can look at the evolution of the

event occurrence probability. Within the context of a sta-

tionary framework, the notion of return period is widely

used: ‘‘a value with a return period T is expected to be

exceeded on average in T years’’. Within a non-stationary

framework, this definition becomes inadequate. We used

the following interpretation, assuming that the climate

change is quasi-null within a single year: ‘‘the T-quantiles

calculated classically, in a certain year A, have a proba-

bility 1/T to be exceeded during the considered year A’’

(Renard 2006). For example, if the volume x is the

100 years-quantile in 1960, whereas in 2003 this same

volume x is the 50 years-quantiles, then we say that this

event is twice as likely in 2003 than in 1960.

From results established by the parameterizations

Param0 and Param2003, we evaluated the changes in event

frequencies. We use x0 as the quantiles of reference, that is

the T0-quantiles of the rainfall distribution coming from the

Table 2 The first three rows: numbers of stations (out of 139) where

H0 has been rejected on different observation periods according to the

local trend test; the last two rows: .? (respectively .-) corresponds on

numbers of stations where H0 has (respectively not) been rejected on

the observation period while H0 has not been rejected (resp. has been

rejected) on the period 1960–2003

Period NEW NES PJmaxW PJmaxS

1960–2003 36 10 28 12

1965–2003 36 15 27 11

1960–2000 33 8 28 9

1965–2003 vs. 1960–2003 14- 14? 6- 11? 13- 12? 8- 7?

1960–2000 vs. 1960–2003 8- 5? 6- 4? 4- 4? 5- 2?

Table 3 The different station

dependence distances (in km)

taken for the ‘‘regionalized’’

time series building for each

homogeneous zone

Distance Season ‘‘Highland’’ ‘‘Mainland’’ ‘‘Mediterranean’’ ‘‘Oceanic’’

Dist0 Winter 55 60 50 80

Summer 50 50 40 55

Dist1 Winter 150 200 75 130

Summer 150 200 75 110

Dist2 Winter 250 300 150 250

Summer 250 300 150 250

Dist3 Winter 1,000 1,000 1,000 1,000

Summer 1,000 1,000 1,000 1,000

Table 4 The robustness of the regional test according to the station dependence distance

Parameter ‘‘Highland’’ ‘‘Mainland’’ ‘‘Mediterranean’’ ‘‘Oceanic’’

NEW [?17%, ?20%] [?38%, ?42%] [-17%, -21%] [?20%, ?25%]

NES * [?9%, ?13%] * *

lPJmaxW [?8%, ?11%] * * *

lPJmaxS * * * *

Significant trend at risk a = 0.1 of different parameters with the regional approach with a four-zone division. ?.%(-.%) corresponds to an

increase (a decrease) in percentage between 1960 and 2003. [., .] is the range of percentage due to the choice of the dependence distance. *
signifies that there is no significant trend for the four dependence distances
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parameterization Param0. Then we calculated T2003 in such

a way that the T2003-quantile coincides with x0 of the

rainfall distribution coming from the parameterization

Param2003. This procedure was performed with trends

established by the local approach and the regional one (see

Sect. 4.3). Results are shown in Fig. 5 concerning the

maximal rainfall in 24 h (PM24) and for T0 = 100 years.

5 Discussion

In this paper, two new approaches are proposed: a regional

trend test and an application of a rainfall stochastic gen-

erator in the context of a climate change detected from the

generator parameters.

Unlike classical regional approach, several regional time

series has been built to be independent (but not mutually)

and identically distributed. The methodology POT and the

ML test have been applied to test the parameters’ sta-

tionarity. This trend test can be performed for trend

detection in extreme precipitation series. In this case, a

threshold (of the GPD distribution) must be better esti-

mated in each considered zone because it is important for

the shape parameter estimation. Then the hypothesis of

shape parameter stationarity can underestimate changes in

the extreme values.

Due to the poor geographical distribution of stations, the

results of the regional trend test cannot be generalized to a

whole Zone. For example, it may be questionable to deduce

from the 20 % increase of the number of events for the

sampled stations into the ‘‘Oceanic’’ Zone (see Table 5)

that such an increase applies everywhere in this Zone.

The application of the rainfall stochastic generator

allowed us to work with average parameters what are less

influenced by the shape parameter. However a strong

hypothesis was assumed: the rainfall process does not

change in time, which means the rainfall signal is always

characterized in the same way by the 3 9 2 daily param-

eters with the passing years. This hypothesis seems to be

correct because the current version of the hourly rainfall

model is single-structured for all climates, as the relevance

of its parameterization allows it to be used without modi-

fying its structure, whatever the climate and over a very

broad rainfall range.

Therefore only the parameter values, and not the model

structure, allows us to estimate quantiles under different

climates, from temperate to tropical (Arnaud et al. 2007).

A possible evolution of the climate is taken into account by

estimating parameters with the passing years.

6 Conclusion and perspectives

The impacts of climate change on extreme rainfall were

studied with a rainfall generator, parameterized by 3 9 2

average parameters. Significant trend research for these

Table 5 The robustness of the

regional test according to the

considering period

Significant trend at risk a = 0.1

of different parameters with the

regional approach with a four-

zone division. ?.% (-.%)

corresponds to an increase (a

decrease) in percentage during

the considering period. *
signifies that there is no

significant trend. Bold values

show the detected trends which

change with the observation

period

Parameter Period ‘‘Highland’’ ‘‘Mainland’’ ‘‘Mediterranean’’ ‘‘Oceanic’’

NEW 1960–2003 ?17% ?42% -20% ?20%

1960–2000 ?21% ?35% -21% ?20%

1965–2003 ?14% ?46% -26% ?24%

NES 1960–2003 * ?11% * *

1960–2000 * ?9% 210% 110%

1965–2003 * ?12% 111% *

lPJmaxW 1960–2003 ?11% * * *

1960–2000 ?13% * * *

1965–2003 ?10% * * *

lPJmaxS 1960–2003 * * * *

1960–2000 * * * *

1965–2003 * * 16% *
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Fig. 4 RT ¼ q2003
T

q0
T

with T = 5, 10, 100, 1000 years according to R2

with the Param2003
Loc parametrization
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parameters allowed us to take into account climatic evo-

lution in order to estimate rainfall quantiles. The funda-

mental point of this method is that an extremal behavior

can be inferred from estimated average values, not extreme

ones. Such an approach is more robust to the sampling

fluctuations. It is as much important as it is often used

afterwards in rainfall-runoff modelling.

The trend was studied, in a local but also in a regional

approach, by constructing 4 homogeneous climatic zones

linked to the generator parameters. The regional approach

seems better to illustrate a real change and to be less

subjected to statistical fluctuations. The observed changes

occur mainly in winter, from December to May, with an

increase of rainfall event occurrence in France. In France,

heavy precipitations are likely to be more and more fre-

quent except in the Mediterranean region. Nevertheless,

taking into account the climate change lead to small

changes in estimating rainfall quantiles.

In this paper, the time evolution of the average param-

eters was detected from a trend test using data coming from

Météo-France. A forthcoming study will enable us to work

with global climate models (GCMs), which can generate

some climatic variables, such as the daily precipitation,

according to scenarios of greenhouse gases and aerosol

anthropogenic emissions. So, from these simulations, the

parameters of the rainfall generator can easily be estimated

over different periods, and then the probable impacts of

climate change on extreme rainfall events can be evaluated

according to these scenarios.

Appendix: Controlling the global significance level

of a multiple tests approach using the False Discovery

Rate: the Benjamini and Hochberg (BH) procedure

Benjamini and Hochberg (1995) proposed a procedure to

control the global significance level ag of a multiple tests

procedure. Assuming that K tests of a null hypothesis H0

are achieved, the BH procedure is the following:

1. Let p(1) B p(2) B ��� B p(K) be the sorted observed

p-values related to the K tests;

2. Compute m ¼ max f1� j�K; pðjÞ � j
Kag;

3. If m exists, then reject among the K hypothesis the

m ones corresponding to p(1) B ��� B p(m) p-values;

else reject no hypothesis.
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fréquences courantes a rares sur petits bassins versants médité-
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pluies extrêmes. Comparaison de deux approches appliquées en
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Xoplaki E, González-Rouco J, Luterbacher J, Wanner H (2004) Wet

season Mediterranean precipitation variability: influence of

large-scale dynamics and trends. Clim Dyn 23(1):63–78

Yue S, Pilon P (2004) A comparison of the power of the t test, Mann-

Kendall and bootstrap tests for trend detection. Hydrol Sci J

49(1):21–37

Zhai P, Sun A, Ren F, Liu X, Gao B, Zhang Q (1999) Changes of

climate extremes in China. Clim Chang 42(1):203–218

Zhang X, Vincent L, Hogg W, Niitsoo A (2000) Temperature and

precipitation trends in Canada during the 20th century. Atmos

Ocean 38(3):395–429

Stoch Environ Res Risk Assess (2011) 25:429–441 441

123


	Using a rainfall stochastic generator to detect trends in extreme rainfall
	Abstract
	Introduction
	The hourly rainfall generator: SHYPRE
	Generator principle
	The three generator parameters

	Detecting a trend for the generator parameters
	Maximum likelihood ratio test: ML test
	ML test for the local approach
	ML test for the regional approach
	Building the ‘‘regionalized’’ time series
	Calculating the p-value for the regional test


	Hypothesis of climate change
	Studied data
	Climatic zones construction
	Results of parameter evolution
	Results of the local trend test
	Results of the regional trend test
	Observed trends

	Effects on rainfall distribution

	Discussion
	Conclusion and perspectives
	Appendix: Controlling the global significance level of a multiple tests approach using the False Discovery Rate: the Benjamini and Hochberg (BH) procedure
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


