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Abstra
tPre
ipitation and temperature data from three regional 
limate model (RCM) ex-periments were used to assess the e�e
t of 
limati
 
hange on the 
ood quantiles ofthe Fren
h-Belgian river Meuse. In two of these experiments the RCM was drivenby the global atmospheri
 model HadAM3H of the Hadley Centre (HC), and inthe other experiment the RCM was driven by the global 
oupled atmosphere-o
eanmodel ECHAM4/OPYC3 of the Max-Plan
k Institute for Meteorology (MPI). RCMsimulations for the 
ontrol 
limate (1961-1990) and the SRES-s
enario A2 (2071-2100) were available. The HBV rainfall-runo� model was used to simulate riverdis
harges. Long syntheti
 sequen
es of pre
ipitation and temperature were resam-pled from the RCM output using a Nearest-Neighbour te
hnique to obtain the
ood quantiles for long return periods. The maxima of 10-day pre
ipitation anddis
harge for the winter half-year (
ooding season) were analysed. It was foundthat the 
hanges in the extreme quantiles of 10-day pre
ipitation and dis
hargewere highly sensitive to the driving GCM. In the runs driven by HC, there waslittle 
hange in the most extreme quantiles, whereas the MPI-driven run proje
teda remarkable in
rease. It is shown that this di�eren
e between the HC- and MPI-driven runs is strongly related to the 
hange in the 
oeÆ
ient of variation of the10-day pre
ipitation amounts, whi
h de
reases in the former and hardly 
hangesin the latter. The relevan
e of bias 
orre
tion of RCM output with regard to theestimated 
hanges of 
ood quantiles is demonstrated.Key words: Meuse basin; Regional 
limate models; Sto
hasti
 pre
ipitationmodelling; Hydrologi
al modelling; Extreme values; Climati
 
hange
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1 Introdu
tion1 From the perspe
tive of poli
y making the interest in the impa
ts of lo
al 
li-2 mati
 
hange on river 
ows is in
reasing. It is generally believed that 
limate3 
hange will give rise to in
reased 
ooding (Kay et al., 2006). For the Nether-4 lands potential 
hanges in the statisti
s of extreme 
ows are highly relevant,5 sin
e the major part of the 
ountry is situated in the delta of the rivers Rhine6 and Meuse.7 Most of the resear
h on the impa
t of 
limate 
hange on river dis
harges in the8 Netherlands relates to the river Rhine. Kwadijk and Rotmans (1995) applied9 
hange �elds based on seven equilibrium experiments with general 
ir
ulation10 models (GCMs) to the observed monthly pre
ipitation and temperature and11 used the perturbed data to drive a distributed hydrologi
al model (RHINE-12 FLOW) for the river basin. The same approa
h was followed in a study 
o-13 ordinated by the International Commision for the Hydrology of the Rhine14 Basin (CHR) using the output from one transient and two equilibrium GCM15 experiments (Grabs, 1997). Similar to Kwadijk and Rotmans (1995), the ef-16 fe
t of 
limate 
hange was 
al
ulated by applying the 
hanges found in the17 GCM experiments to the base-line 
limate. The assessment of the 
hanges in18 river dis
harges was limited to the mean annual dis
harge 
y
le at di�erent19 lo
ations in the Rhine basin. In a later study (Middelkoop, 2000) the RHINE-20 FLOW model was operated at a temporal resolution of ten days, using data21 from the UKHI GCM of the Hadley Centre of the UK Met OÆ
e. Shabalova22 et al. (2003) were the �rst to use data from a regional 
limate model (RCM)23 to assess the impa
t of 
limate 
hange on the dis
harges of the river Rhine in24 the Netherlands. They used HadRM2 of the Hadley Centre nested within the25 global 
oupled 
limate model HadCM2. The 
hanges in 10-day pre
ipitation26 and temperature were applied to the observed base-line series. It was found27 that the 
hanges in extreme 
ows were very sensitive to the type of transforma-28 tion (linear or nonlinear) applied to the pre
ipitation amounts. Lenderink et al.29 (2006) investigated the dire
t use of bias-
orre
ted 10-day HadRM3H regional30 
limate model data (also from the Hadley Centre) as input to RHINEFLOW.31 They 
ompared the 
hanges in dis
harge with those obtained by perturbing32 the RCM 
ontrol run. One of their �ndings was that dire
t use of RCM data33 should be preferred, if other dis
harge 
hara
teristi
s than the mean (su
h as34 extremes) are of interest.35 For the Meuse basin an extensive study has been 
arried out by Booij (2002,36 2005). He used a �rst order Markov 
hain to generate a time series of daily37 basin-average pre
ipitation and developed a dis
rete random 
as
ade model38 for spatial disaggregation of pre
ipitation. The parameters of the Markov 
hain39 for the 
urrent and the future 
limate were obtained from transient runs of40 three GCMs (CGCM1, HadCM3 and CSIRO9) and two RCMs (HadRM2 and41 2



HIRHAM4). The parameters for the 
as
ade model were estimated from the1 two RCMs. The semi-distributed HBV model (Lindstr�om et al., 1997) was2 used for the hydrologi
al simulations. A subdivision of the Meuse basin into3 15 subbasins was 
ompared with a subdivision into 118 subbasins and no4 subdivision. De Wit et al. (2006) analysed the impa
t of 
limate 
hange on5 the o

urren
e of low 
ows in the river Meuse, using RCM simulations from the6 EU-funded PRUDENCE (Predi
tion of Regional s
enarios and Un
ertainties7 for De�ning EuropeaN Climate 
hange risks and E�e
ts) proje
t, see e.g.8 Christensen and Christensen (2007). Their study indi
ates that 
limate 
hange9 will lead to a de
rease in the average dis
harge of the Meuse during the low 
ow10 season. Considerable problems were, however, en
ountered with the simulation11 of 
riti
al low 
ow 
onditions of the Meuse.12 Leander and Buishand (2007), from here LB07, presented a detailed study13 of bias 
orre
tion of RCM output for the Meuse basin. They also applied14 Nearest-Neighbour resampling to obtain long sequen
es of daily pre
ipitation15 and temperature required to simulate long-duration series of river 
ows. The16 study was restri
ted to the 
ontrol 
limate of two experiments with the KNMI17 regional 
limate model RACMO. The simulated series were su

essfully used18 to estimate 
ood quantiles for return periods far beyond the extent of the19 original RCM runs. Therefore, this approa
h o�ers a possibility to estimate20 extreme 
ood quantiles for a future 
limate using data from s
enario runs.21 This paper deals with the estimation of the 
ood quantiles for the river Meuse22 in possible future 
limate 
onditions and is a 
ontinuation of the work pre-23 sented in LB07. Three RCM-GCM 
on�gurations are 
onsidered. Sin
e for24 rivers like the Meuse the o

urren
e of extreme 
ows depends strongly on the25 variability and the extremes of multi-day pre
ipitation amounts (Tu (2006)26 mentions durations between seven and ten days), the statisti
s of 10-day pre-27 
ipitation amounts re
eive mu
h attention.28 First, a des
ription of the study area is given and the RCM-GCM 
on�gura-29 tions, the Nearest-Neighbour resampling s
heme and the rainfall-runo� model30 are dis
ussed. This is followed by an explanation of the bias 
orre
tion of31 RCM output and its impli
ations for the three RCM-GCM 
on�gurations.32 Then the 
hanges in pre
ipitation and temperature 
hara
teristi
s, found by33 
omparing the 
ontrol and s
enario runs, are dis
ussed with parti
ular atten-34 tion to the quantiles of extreme 10-day pre
ipitation amounts. Subsequently,35 the simulated 
hanges of 
ood quantiles resulting from the hydrologi
al simu-36 lations are presented. Finally, the results are summarized and some 
on
luding37 remarks are made.38 3



2 Study area, the used models and methods1 The river Meuse is the se
ond largest river in the Netherlands. It originates2 in the north-east of Fran
e and traverses the Belgian Ardennes, whi
h is the3 sour
e of a major portion of its dis
harge. The gauging station Borgharen, 
on-4 sidered in this study, is lo
ated near the Belgian-Netherlands border (drainage5 area � 21 000 km2). The mean dis
harge at this gauging station ranges from6 100 m3s�1 in September to about 500 m3s�1 in January. This strong seasonal7 
y
le 
an mainly be as
ribed to that of the evapotranspiration (de Wit et al.,8 2006).9 For 15 subbasins the daily area-average pre
ipitation was available for the10 histori
al period 1961-1998. These data were obtained from the Royal Mete-11 orologi
al Institute of Belgium for the Belgian subbasins and 
al
ulated from12 station data (63 stations) for the Fren
h subbasins. Daily potential evapo-13 ration (PET) data were available for the Belgian subbasins for the period14 1967-1998. The PET values for the Fren
h subbasins were set equal to the15 average over the Belgian part of the basin. Daily temperature was available16 for 11 stations in and around the Meuse basin.17 Three di�erent 
on�gurations of an RCM and a GCM are 
onsidered in this18 study. One 
onsists of the regional 
limate model RACMO of KNMI, driven by19 the high-resolution global atmospheri
 model HadAM3H (Jones et al., 2001) of20 the Hadley Centre. In the other two 
on�gurations the regional 
limate model21 RCAO (R�ais�anen et al., 2004) of the Swedish Meteorologi
al and Hydrolog-22 i
al Institute (SMHI) was used, either 
oupled to HadAM3H or the global23 atmosphere-o
ean model ECHAM4/OPYC3 of the Max-Plan
k-Institute of24 Meteorology (MPI) in Hamburg, Germany (Roe
kner et al., 1999). For brevity,25 these model 
on�gurations are from here denoted as RACMO-HC, RCAO-HC26 and RCAO-MPI, respe
tively.27 The spe
i�
 
hoi
e of RCM runs and driving GCMs enables us to distinguish28 between e�e
ts related to the driving GCM and those produ
ed by the RCM29 itself. For ea
h 
on�guration two runs were 
onsidered, one for the 
ontrol pe-30 riod 1961-1990 and one for the period 2071-2100, based on the SRES-se
nario31 A2. These RCM runs were performed in the framework of the PRUDENCE32 proje
t (Ja
ob et al., 2007). RCAO and RACMO have a resolution of � 5033 km�50 km over the Meuse basin, whi
h is lo
ated near the 
entre of their34 domains. From both models 15 grid boxes, displayed in Fig. 1, were sele
ted35 whi
h almost entirely 
over the basin.36 The 
urrent study is aimed at the investigation of rare events, with return37 periods in the order of 1000 years. Sin
e the model runs all have a length of38 only 30 years, strong extrapolation would be required, whi
h introdu
es large39 4
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ations of the 15 used grid boxes of RACMO (green) and those of RCAO(red), relative to the Meuse subbasins (grey).un
ertainties in pre
ipitation and 
ood quantiles to be estimated. Therefore, a1 data-driven weather generator was used in this study to generate long-duration2 time series of pre
ipitation and temperature. This weather generator is based3 on nearest-neighbour resampling and uses pre
ipitation and temperature data4 from the model simulations (Leander et al., 2005). The algorithm implemented5 for this study essentially samples days from the model runs with repla
ement.6 The sele
tion of a day being added to the syntheti
 sequen
es is 
onditioned7 on the spatially averaged standardized pre
ipitation and temperature of the8 last added day and the pre
ipitation total of its �ve prede
essors. The general9 prin
iples of nearest-neighbour resampling and the appli
ation to daily pre-10 
ipitation and temperature are des
ribed in Rajagopalan and Lall (1999). One11 of the features of the algorithm is that it is 
apable of reprodu
ing the daily12 variability and persisten
e in the underlying data, and hen
e the variability of13 multi-day aggregates. Therefore, it is a parti
ularly suitable tool in the study14 of extreme dis
harges. More on the spe
i�
 implementation of the algorithm15 used in this study 
an be found in LB07 and Leander et al. (2005).16 For rainfall-runo� modelling the semi-distributed HBV model, developed at17 SMHI, was used (Lindstr�om et al., 1997). The Meuse basin uptream of Borgharen18 was devided into 15 subbasins, depi
ted in Fig. 1. Besides daily pre
ipitation19 and temperature, the HBV model also requires daily values of the potential20 evapotranspiration (PET) for ea
h subbasin. In the simulations with observed21 meteorologi
al data the available observed PET values were used. For the sim-22 ulations with RCM data, daily PET was derived from the bias-
orre
ted daily23 5



temperature T using the relation:1 PET = [1 + �m(T � Tm)℄PETm ; (1)with Tm the mean observed temperature (oC) and PETm the mean observed2 PET (mm day�1) for 
alendar month m in the period 1967-1998. The propor-3 tionality 
onstant �m was determined for ea
h 
alendar month by means of a4 regression of the observed PET value for the Belgian part of the basin on the5 observed daily temperature, as in LB07. An elaborate des
ription of the HBV6 model and its appli
ation to the Meuse basin 
an be found in Booij (2005).7
3 Bias 
orre
tion of RCM data8 In LB07 the pre
ipitation bias in the 
ontrol simulation of RACMO-HC was9 dis
ussed for the study area. Table 1 summarizes the performan
e of the used10 model 
on�gurations for the Meuse basin for the winter as well as the summer11 half-year. The observations for the 30-year period 1969-1998 were used as a12 referen
e. This period was also 
onsidered in LB07. All three model runs show13 a positive bias in the mean pre
ipitation, in parti
ular RCAO-MPI. This bias14 is mainly related to that of the fra
tion fwet of wet days (� 0:3 mm), be
ause15 the mean wet-day amount mwet is fairly well reprodu
ed. The left panel of Fig.16 2 shows the basin-average relative pre
ipitation bias for ea
h 
alendar month.17 RACMO-HC and RCAO-HC have similar biases, whereas RCAO-MPI has a18 mu
h larger bias in the months July through O
tober. The large positive bias19 in this part of the year is 
hara
teristi
 for 
ontrol simulations driven by MPI20 for western Europe and is possibly related to a positive bias in the westerlies21 (van Ulden et al., 2007). Furthermore, the 
oeÆ
ient of variation of daily22 pre
ipitation (CV1) is too low in all RCM runs. This is also the 
ase for the23 CV of the 10-day pre
ipitation amounts (not shown).24 The �rst-order auto
orrelation 
oeÆ
ient r1 in winter is overestimated by25 RCAO-HC and slightly underestimated in the other two model 
on�gurations.26 In summer the same is found, though the di�eren
es between the models and27 the observations are somewhat larger.28 A linear s
aling of pre
ipitation does not 
orre
t the underestimation of CV129 or that of the multi-day CVs. It was shown by LB07 that this 
an have un-30 desirable e�e
ts on large quantiles of multi-day pre
ipitation. Hen
e, su
h a31 
orre
tion is unsuited for any study of extreme pre
ipitation and simulated32 dis
harge. A slightly more advan
ed nonlinear 
orre
tion in the form33 6
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Fig. 2. Basin-average relative bias in the monthly pre
ipitation (left) and the ab-solute bias in the mean monthly temperature (right) for the 
ontrol simulationsof RACMO-HC (squares), RCAO-HC (
rosses) and RCAO-MPI (triangles) for theperiod 1961-1990. Biases are 
al
ulated with respe
t to the observed means for theperiod 1969-1998. P � = aP b (2)was introdu
ed in LB07 to 
orre
t the variability as well as the mean pre
ipita-1 tion. The seasonally and spatially varying (i.e. between subbasins) parameters2 a and b were determined for ea
h interval of �ve 
alendar days in the year,3 by 
onsidering days within a moving window of 65 days 
entered on the �ve-4 day period of interest. For ea
h window the values of a and b were 
hosen5 su
h that the mean pre
ipitation and the CV of 10-day pre
ipitation amounts6 (CV10) mat
hed those of the 
orresponding days from the observed pre
ipita-7 tion. Figure 3 shows how the basin-average exponent b varies throughout the8 year for all three 
ontrol simulations. As observed for the biases in the mean9 pre
ipitation, there is a strong resemblan
e between the values of b for the10 two HC-driven simulations. For the RCAO-MPI simulation the values of b are11 
onsiderably higher. In parti
ular in the months September through November12 (roughly between day 240 and day 330) the values of the exponent are rather13 large. It was suspe
ted that these large values were related to the positive bias14 of fwet. As an alternative fwet was adjusted, prior to the nonlinear 
orre
tion,15 by subtra
ting a 
ertain threshold amount and setting negative amounts to16 zero. Though this resulted in smaller values of the exponent b, the redu
tion17 was only marginal.18 The right panel of Fig. 2 shows the absolute monthly temperature biases.19 These were obtained by 
omparing the basin-average temperature 
al
ulated20 from the grid boxes with the referen
e temperature for the basin, obtained21 from station data of 11 stations using Thiessen interpolation. For the three22 
on�gurations the temperature biases are roughly of the same order, though23 the bias of RCAO-HC, is on average larger than that of the other two model24 
on�gurations. The daily temperatures of the subbasins were 
orre
ted in the25 same way as in LB07, involving a translation and a s
aling whi
h respe
tively26 7
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Fig. 3. Annual 
y
le of the area-averaged 
orre
tion parameter b for RACMO-HC,RCAO-HC and RCAO-MPI.Table 1Performan
e of the three model 
on�gurations for the winter half-year (O
tober-Mar
h) and the summer half-year (April-September). The mean daily amount, the
oeÆ
ient of variation CV1, the �rst order auto
orrelation 
oeÆ
ient r1, the fra
tionfwet of wet days and the mean wet-day amountmwet are area-weighted averages overall subbasins.Winter Observed RACMO-HC RCAO-HC RCAO-MPIMean [mm/day℄ 2.77 3.49 3.25 3.58CV1 1.73 1.48 1.36 1.26r1 0.37 0.35 0.40 0.35fwet [%℄ 55.79 67.91 70.29 75.60mwet [mm/day℄ 4.94 5.10 4.60 4.72Summer Observed RACMO-HC RCAO-HC RCAO-MPIMean [mm/day℄ 2.40 2.64 2.58 2.97CV1 1.81 1.69 1.69 1.54r1 0.27 0.25 0.31 0.22fwet [%℄ 50.28 57.13 56.36 62.61mwet [mm/day℄ 4.75 4.58 4.52 4.698
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Fig. 4. Relative 
hange in the monthly pre
ipitation (left) and the absolute 
hange inthe monthly mean temperature (right), resulting from the A2 s
enario, as proje
tedby RACMO-HC, RCAO-HC and RCAO-MPI.adjust the mean and the variability. The same translation and s
ale fa
tor1 were used for all subbasins, but these parameters were determined separately2 for ea
h 5-day interval in the year, again using a moving window of 65 
alendar3 days.4 4 Proje
ted 
hanges in temperature and pre
ipitation5 For ea
h model 
on�guration pre
ipitation and temperature for the Meuse6 basin in the A2-s
enario run were 
ompared with those in the 
ontrol run. The7 left panel of Fig. 4 displays the relative 
hange of the mean pre
ipitation. All8 model 
on�gurations show an in
rease of winter pre
ipitation and a de
rease9 in summer. The 
hanges in RCAO-MPI are the largest in magnitude, ranging10 from a de
rease of about 70% in August to an in
rease of 60% in De
ember.11 The de
rease in summer pre
ipitation is a

ompanied by a strong de
rease in12 the number of wet days (30% to 50% in the summer months June, July and13 August). In winter the 
hange in pre
ipitation frequen
y is small, but there14 is a 
lear in
rease in the mean wet-day amounts. For De
ember, January and15 February, this in
rease ranges from 16% for the HC-driven runs up to 32% for16 RCAO-MPI.17 The right panel of Fig. 4 displays the 
hange of the mean monthly temperature.18 Throughout the entire year an in
rease is found in all model 
on�gurations.19 The 
hanges in both HC-driven runs do not di�er mu
h, ex
ept for August20 and September, where RCAO-HC shows a 
onsiderably larger in
rease. This is21 probably related to the drying-out of the soil, the e�e
ts of whi
h 
an also be22 seen in the pre
ipitation in the summer months. In the RACMO model several23 modi�
ations of the soil s
heme were made to prevent a feedba
k loop between24 soil moisture and temperature. The soil depth was in
reased, the response of25 the evapotranspiration to the available soil moisture was modi�ed and the26 9
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Fig. 5. Relative 
hange of CV10 for ea
h 
alendar month.per
olation of soil water to deeper layers was redu
ed. Furthermore, the 
loud1 s
heme was altered to in
rease the 
loud 
over in summer (Lenderink et al.,2 2003). In RCAO-MPI the 
hange of the temperature in the summer months is3 even larger than in RCAO-HC, espe
ially in August, whi
h shows an in
rease4 of more than 10 degrees.5 In Fig. 5 the relative 
hange of CV10 is shown for all model 
on�gurations.6 The 
lose 
orresponden
e between both HC-driven runs, ex
ept for May and7 June, suggests a strong in
uen
e of the driving GCM. For RACMO-HC and8 RCAO-HC the 
hange in winter is 
omparable to that found by Buishand and9 Lenderink (2004) for the Rhine basin, using an RCM from the Hadley Centre10 also driven by HC boundaries. They observed a de
rease of 16% for the months11 De
ember, January and February. In summer the relative 
hange in this study12 is larger than the relative 
hange found by Buishand and Lenderink (2004).13 The 
hange in CV10 
an be understood from the 
hanges in 
ertain basi
14 statisti
al properties of the daily pre
ipitation amounts. The value of CV10 is15 dire
tly related to CV1 and the auto
orrelation 
oeÆ
ients ri:16 CV210 = CV2110  1 + 2 9Xi=1 ri10� i10 ! (3)For CV1 R�ais�anen (2002) derived17 CV21 =  CV2wet + 1fwet � 1! (4)where CVwet is the CV of the wet-day pre
ipitation amounts. From these18 equations it 
an be seen that CV10 de
reases with the number of wet days and19 in
reases with CVwet and the auto
orrelation 
oeÆ
ients. Figure 6 shows the20 relative 
hange of fwet and CVwet (left panel) and the relative 
hange of CV1,21 CV10 and r123 = r1 + r2 + r3 (right panel) for the RACMO-HC run. From the22 10
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Fig. 6. Basin-average relative 
hange of fwet and CVwet for RACMO-HC (left panel)and the 
orresponding basin-average relative 
hange of CV1, CV10 and the sum ofthe �rst three auto
orrelation 
oeÆ
ients r123 (right panel).latter it is seen that the dire
tion of 
hange of the auto
orrelation 
oeÆ
ients,1 determines whether or not the 
hange of CV10 ex
eeds that of CV1. In January,2 February and Mar
h fwet in
reases and CVwet de
reases, resulting in a de
rease3 of CV1. This e�e
t is a

ompanied by a de
rease of the auto
orrelation, leading4 to a larger de
rease for CV10 than for CV1. The rather large in
rease of CV105 for the months June, August and September (� 60%) 
an be attributed to an6 in
rease of CVwet and the strength of the auto
orrelation in 
ombination with7 a de
rease of fwet.8 The seasonal 
hanges of fwet, CVwet and the auto
orrelation in RCAO-HC are9 similar to those in RACMO-HC. The results for RCAO-MPI for the winter10 half-year are, however, quite di�erent. There is a slight in
rease in CV10 (�11 5%), mainly due to an in
rease of CVwet.12 5 Simulated 
hanges in pre
ipitation extremes13 The Nearest-Neighbour resampling algorithm explained earlier was applied to14 the RCM 
ontrol runs to simultaneously generate daily sequen
es of pre
ipi-15 tation and temperature for the 15 subbasins, ea
h with a length of 9000 years.16 The 
orre
tions dis
ussed earlier were used to adjust the mean and CV10 of17 modelled pre
ipitation amounts and the mean and standard deviation of the18 daily temperatures. This pro
edure was repeated for the A2-s
enario runs, us-19 ing the same bias 
orre
tions. In this se
tion the distribution of the simulated20 10-day maxima of basin-average pre
ipitation for the winter half-year (
ood-21 ing season) are dis
ussed. The three panels A, B and C in Fig. 7 
ompare the22 Gumbel plots of these maxima in the 
ontrol run and the A2-s
enario run for23 ea
h model 
on�guration.24 For RACMO-HC (panel A) a slight de
rease is seen for return periods longer25 11
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Fig. 7. Gumbel plots for the 10-day winter maxima of basin-average pre
ipitationobtained after resampling and bias 
orre
tion. Panels A, B and C show the re-sults for the three model 
on�gurations: RACMO-HC, RCAO-HC and RCAO-MPI.Panel D shows the e�e
t of limiting the bias 
orre
tion on the resampled A2-s
enariorun from RCAO-MPI (dashed) and the `delta' s
enarios, obtained by applying therelative 
hanges found in RCAO-MPI to various 
ontrol runs (dotted) and the ob-servations (triangles).
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Fig. 8. Ratio between the 
orre
ted and un
orre
ted pre
ipitation amounts for in-dividual wet days in O
tober (left) and De
ember (right) in RCAO-MPI for theOurthe subbasin (1588 km2). The results for both the A2-s
enario run and 
ontrolrun are shown. The days falling within the same 5-day period in the year (and thushaving the same transformation parameters) form a 
urve in the plot.12
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SubbasinFig. 9. The upper bound of the ratio between the 
orre
ted and un
orre
ted dailypre
ipitation amount Rmax for ea
h subbasin. The numbers are assigned to the sub-basin in downstream order. Subbasins 1 through 4 are lo
ated in Fran
e, subbasins5 through 15 in Belgium.than �ve years. The 
hange of the highest quantiles of the distribution is less1 than 10 mm. The e�e
t of the in
rease in the mean pre
ipitation is 
oun-2 terbalan
ed here by the de
rease of CV10, shown in Fig. 5. Des
ribing the3 distributions of the 10-day pre
ipitation amounts by a square-root-normal dis-4 tribution, it is demonstrated in Appendix A that the 
hanges in the mean and5 CV10 
an a

ount for the 
hanges in the extreme value distribution. Although6 a slight in
rease in the most extreme quantiles of 10-day pre
ipitation is seen7 for RCAO-HC (panel B), the 
hanges are 
omparable to those of RACMO-HC.8 The results found for RCAO-MPI (panel C) are, however, strikingly di�erent.9 The most extreme quantiles are roughly doubled. This large in
rease is most10 likely related to the nonlinear bias 
orre
tion. Figure 8 presents the ratios be-11 tween the 
orre
ted and un
orre
ted daily pre
ipitation amounts in the months12 of O
tober and De
ember for the Ourthe subbasin. From the left panel it 
an13 be seen that in O
tober the highest values in the A2-s
enario run are multi-14 plied by more than a fa
tor of three, due to the large 
orre
tion exponent b in15 Eqn. 2 for that month (see Fig. 3). This results in daily pre
ipitation amounts16 ex
eeding 160 mm. In some o

asions, two su
h values o

urred within a short17 time span, leading to extremely large 10-day amounts. For De
ember (right18 panel) the 
orre
tion ratios are all below 1.5.19 To limit the e�e
t of the nonlinearity of the bias 
orre
tion on large daily20 pre
ipitation amounts, a modi�
ation was made to restri
t the ratio between21 
orre
ted and un
orre
ted daily pre
ipitation amounts to an upper bound22 Rmax. For ea
h period of �ve 
alendar days the ratio between the average of23 the 20 largest daily pre
ipitation amounts within a 
entered 65-day window24 (similar to that used for the determination of a and b) from the 
ontrol run25 data and the observations was 
al
ulated. Rmax was then set equal to the26 maximum of these ratios over the year. This pro
edure was performed for27 ea
h subbasin separately. From Fig. 9 it 
an be seen that Rmax varies between28 13



1.2 and 1.9.1 The e�e
t of the limited 
orre
tion is shown in panel D of Fig. 7. For the2 
ontrol run, the quantiles of the 10-day winter maxima are somewhat lower3 than if no restri
tion were applied (Panel C). The agreement with the ob-4 served quantiles is, however, still satisfa
tory. Limiting the bias 
orre
tion has5 a substantial e�e
t on the extreme quantiles of the A2-s
enario run. Be
ause6 the 
hanges in CV10 for the RCAO-MPI runs were found to be small in win-7 ter (see Fig. 5), it was expe
ted that a `delta' s
enario, i.e. s
aling the daily8 pre
ipitation amounts of the 
ontrol run by a seasonally varying fa
tor (whi
h9 represents the relative 
hanges in the mean pre
ipitation) may suÆ
iently de-10 s
ribe the 
hanges of the winter extremes. Therefore, the 
hanges in the mean11 pre
ipitation in RCAO-MPI were applied to the observations and the 
ontrol12 runs from all three model 
on�gurations. Panel D of Fig. 7 shows that the13 10-day winter maxima in the resulting delta-s
enarios resemble those from14 the A2-s
enario run with a limited nonlinear bias 
orre
tion. This result gives15 
on�den
e that the limited nonlinear bias 
orre
tion leads to realisti
 extreme16 quantiles of 10-day pre
ipitation for the A2 s
enario. Therefore, the RCAO-17 MPI simulation with the limited nonlinear bias 
orre
tion is used further for18 the estimation of the 
hanges in 
ood quantiles.19 6 Estimation of 
hanges in 
ood quantiles20 The bias-
orre
ted resampled series of daily pre
ipitation and temperature21 dis
ussed earlier, were used to drive hydrologi
al simulations with the HBV22 rainfall-runo� model. Figure 10 shows the Gumbel plots of the simulated win-23 ter maxima of daily dis
harge at Borgharen.24 The 
ood quantiles obtained from RACMO-HC (panel A) and RCAO-HC25 (panel B) show roughly the same response to the A2 s
enario. For both model26 
on�gurations a slight de
rease is seen for intermediate return periods, whereas27 quantiles for the longest return periods tend to in
rease, in parti
ular for28 RACMO-HC. For RCAO-MPI (panel C) the response of 
ood quantiles to29 the A2 s
enario is mu
h larger than for the HC-driven simulations. This is30 
onsistent with the 
hange of the 10-day pre
ipitation maxima. These results31 suggest that, at least for the winter half-year, the 
hange of 
ood quantiles32 is more sensitive to the 
hange of large s
ale 
hara
teristi
s, produ
ed by the33 GCM, than to lo
al e�e
ts produ
ed by the RCM.34 Figure 11 displays the relative 
hange of the 
ood quantiles as a fun
tion35 of the standardized Gumbel variate, showing more 
learly the di�erent re-36 sponses of the three model 
on�gurations to the A2 s
enario. The 
hanges for37 the RACMO-HC and RCAO-HC simulations are slightly di�erent from those38 14
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Fig. 10. Gumbel plots for the maxima of daily dis
harge in the winter half-yearfor the three model 
on�gurations RACMO-HC, RCAO-HC and RCAO-MPI, thelatter with the limited bias 
orre
tion.found by Buishand and Lenderink (2004) and Lenderink et al. (2006) for the1 
ood quantiles of the river Rhine. They found a rise of 10% in the 100-year2 
ood. This in
rease is, however, less than the in
rease of the mean winter3 dis
harge, whi
h is most likely related to the de
rease of the CV of 10-day4 pre
ipitation amounts in winter in the HC-driven runs mentioned earlier. For5 RCAO-MPI the relative 
hange is between 35% and 55% over virtually the6 entire range of return periods.7 In order to explore the in
uen
e of the bias 
orre
tion on the 
hanges of8 the 
ood quantiles, the HBV simulations were repeated with the un
orre
ted9 resampled data from RACMO-HC and RCAO-MPI. The relative 
hanges in10 the 
ood quantiles are 
ompared in Fig. 12. For the RACMO-HC simulations11 (left panel) the relative 
hange of 
ood quantiles is only slightly a�e
ted by the12 bias 
orre
tion up to a return period of 100 years. For return periods beyond13 500 years, the 
ood quantiles from the 
orre
ted data in
rease by about 15%,14 whereas those from the un
orre
ted data de
rease by approximately the same15 amount. For the RCAO-MPI simulations the relative 
hange obtained from16 un
orre
ted data is systemati
ally lower than that obtained with the nonlinear17 bias 
orre
tion. These results 
on�rm the need for bias-
orre
ted pre
ipitation18 to estimate the 
hanges of 
ood quantiles for long return periods.19 15
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Fig. 11. Relative 
hange of the 
ood quantiles as a fun
tion of the standardizedGumbel variate for the three model 
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uen
e of the nonlinear bias 
orre
tion on the relative 
hange of the sim-ulated 
ood quantiles for RACMO-HC (left panel) and RCAO-MPI (right panel).7 Con
lusion1 Daily pre
ipitation and temperature from three RCM simulations (RACMO-2 HC, RCAO-HC and RCAO-MPI) were used to estimate the 
hanges in 
ood3 quantiles of the river Meuse. For ea
h model 
on�guration, two 9000-year se-4 quen
es were generated by resampling from the 
ontrol run (1961-1990) and5 the A2-s
enario run (2071-2100). These sequen
es were 
orre
ted for di�er-6 en
es in the mean and variability between the 
ontrol run and observed 
li-7 mate. The HBV rainfall-runo�model was used to simulate the daily dis
harges8 at the gauging station Borgharen. The 
hanges in the 
ood quantiles for the9 winter half-year were studied.10 A substantial di�eren
e was found between the 
hanges in 
ood quantiles from11 16



the two HC-driven simulations and those obtained from the RCAO-MPI simu-1 lations. In the HC-driven simulations there was little 
hange in both the quan-2 tiles of extreme 10-day pre
ipitation and the 
ood quantiles, despite a 
lear3 in
rease in the mean winter pre
ipitation (Fig. 4). This 
ould be explained4 by the fa
t that the in
rease in the mean pre
ipitation was 
ountera
ted by5 a de
rease in CV10. By 
ontrast, in the RCAO-MPI simulations there was6 little 
hange in the CV10. Mainly due to the in
rease of the mean pre
ipita-7 tion amounts the quantiles of the 10-day pre
ipitation maxima and the daily8 dis
harges in
rease by about 50%.9 Apart from the 
hange in the mean winter pre
ipitation, the 
hange in the10 CV of the multi-day pre
ipitation amounts is thus an important indi
ator of11 the 
hanges in 
ood quantiles. Little is known about the 
hange of the CV in12 RCM simulations. For GCM simulations an extensive study was 
arried out by13 R�ais�anen (2002). In that study 19 atmosphere-o
ean GCMs were 
onsidered,14 all for
ed with an in
rease in the atmospheri
 CO2 
on
entration of 1% yr�1.15 For most areas of the world an in
rease in the CV of monthly pre
ipitation was16 found. However, for the high northern latitudes (50oN and higher) a de
rease17 was observed for autumn and winter. This de
rease was asso
iated with a18 relatively large in
rease in the mean monthly pre
ipitation. Similar results19 have been found for the 
hange in the CV of seasonal pre
ipitation (Rowell,20 2005; Giorgi and Bi, 2005). The 
hange in the CV of multi-day pre
ipitation21 is entirely determined by the 
hanges in the frequen
y of wet days, the CV of22 the wet-day pre
ipitation and the auto
orrelation of daily pre
ipitation. For23 the de
rease of CV10 in the HC-driven simulations, all these fa
tors had some24 in
uen
e.25 It was found that the relative 
hange of simulated 
ood quantiles depended26 on whether or not a bias 
orre
tion was used, in parti
ular for the RCAO-MPI27 simulation. LB07 already showed that a nonlinear bias 
orre
tion, adjusting28 the relative variability of multi-day pre
ipitation amounts, is essential for a29 realisti
 simulation of extreme 
ood quantiles. However, for the RCAO-MPI30 simulation the 
orre
tion had to be restri
ted to avoid the o

urren
e of un-31 realisti
ally large daily pre
ipitation amounts.32 It should be noted that the un
ertainty in the 
hange of the 
ood quantiles33 in
reases with the return period. Part of the un
ertainty 
an be redu
ed by34 prolonging the meteorologi
al sequen
es in the resampling stage. However, the35 un
ertainty related to the limited length of the RCM runs remains. Sin
e there36 is only one 30-year realization for ea
h model experiment, this un
ertainty is37 diÆ
ult to quantify. Furthermore, it is not 
lear whether the linear relation38 between PET and temperature derived for the 
urrent 
limate, is still valid in39 a 
hanged 
limate or should be modi�ed. However, it was shown by Lenderink40 et al. (2006) that the in
uen
e of assumptions regarding the potential evap-41 oration on extreme dis
harges are very small 
ompared to other sour
es of42 17



un
ertainty.1 Summarizing, this study shows that meaningful estimates of 
hanges in ex-2 treme 
ood quantiles 
an be obtained from the daily output of RCM exper-3 iments. Apart from the 
hange in the mean pre
ipitation, the 
hange in the4 CV of 10-day pre
ipitation amounts emerged to be important for the Meuse5 basin. These 
hanges are 
ontrolled strongly by the driving GCM. Finally,6 bias 
orre
tions of pre
ipitation 
an have a strong in
uen
e on the estimated7 
hanges of 
ood quantiles and should therefore be applied with 
are.8 A
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A Approximation of the extreme value distribution1 This appendix investigates whether the 
hange in the quantiles of the extreme10-day pre
ipitation amounts in the RACMO-HC simulations 
an be explainedby the 
hanges in the mean and CV alone. The distribution of the 10-daypre
ipitation amounts P10 
an satisfa
torily be des
ribed by the square-root-normal distribution, i.e. X = pP10 is normally distributed with mean �Xand standard deviation �X . These two parameters determine the mean �P andstandard deviation �P of P10 (Katz, 1999):�P = �2X + �2X and �2P = 2�2X ��2X + 2�2X� (A.1)Here these relations are used to derive �X and �X from �P and �P :2 �2X = �P �s�2P � 12�2P and �2X = s�2P � 12�2P (A.2)Figure A.1 displays the empiri
al quantiles of 10-day pre
ipitation amounts,3 based on their plotting positions, versus the theoreti
al quantiles of the gamma4 and square-root-normal distributions, with the same mean and standard de-5 viation as the data. These quantile-quantile plots show that the square-root-6 normal distribution performs better than the gamma distribution. The latter7 
learly overestimates the upper quantiles of P10.8 The distribution of the 10-day winter maxima 
an be derived from the distribu-9 tion of P10, F (x) = P (P10�x), using extreme-value theory. LetMn be the max-10 imum of the 10-day pre
ipitation amounts in n subsequent, non-overlapping11 10-day periods. Assuming independen
e between the pre
ipitation amounts,12 the distribution of Mn is given by (Leadbetter et al., 1983):13 H(x) � Prob (Mn � x) = fF (x)gn � exp f�n[1� F (x)℄g (A.3)This distribution 
an be approximated by a GEV distribution (Smith, 1990):14 H(x) � Prob (Mn � x) = exp n�[1� �(x� �)=�℄1=�o (A.4)The parameters �, � and � of H depend on n. The lo
ation parameter � is15 obtained as the 1=n upper quantile of F , i.e.16 1� F (�) = 1=n (A.5)21



Fig. A.1. Quantile-quantile plots of the basin-average 10-day pre
ipitation amountsin the winter half-year for the 
ontrol run (left) and the A2-s
enario run (right)of RACMO-HC, assuming di�erent distributions. The bias-
orre
ted pre
ipitationwas used.Subsequently, the s
ale parameter � and the shape parameter � are 
al
ulated1 using the �rst and se
ond derivatives F 0 and F 00 of F in �:2 � = 1n 1F 0(�) and � = �F 00(�)F 0(�) + 1 (A.6)This approximation is known as the penultimate distribution.3 Sin
e the winter half-year is 
onsidered here, a value of 18.5 was 
hosen for n.4 Be
ause z = �pP10 � �X� =�X is assumed to be standard-normally distributed5 the solution of Eqn. A.5 is given by6 � = ��X + �X��1(1=n)�2 (A.7)where ��1 is the inverse of the standard normal distribution fun
tion. Theprobability density F 0 and its derivative F 00 in �, whi
h are required to 
al
u-late the s
ale parameter � and the shape parameter �, are given byF 0(�) = 12�Xp� '(z) (A.8)22



and F 00(�) = � 14��X '(z) 1p� + z�X ! (A.9)where ' denotes the standard normal density.1 The 10-day pre
ipitation maxima 
onsidered in this paper (Fig. 5) refer to2 overlapping 10-day periods. These maxima are generally larger than those for3 
onse
utive 10-day periods. To a

ount for this, the lo
ation parameter � and4 the s
ale parameter � were multiplied by 1.13, whi
h implies that the quantiles5 of the distribution of Mn 
hange with the same fa
tor. The fa
tor 1.13 is due6 to Hersh�eld (1961). It has been used to adjust the quantiles of 
lo
k-hour7 and 1-day maxima to the 
orresponding quantiles of sliding 60-minute and8 24-hour maxima respe
tively.9 For the the 10-day pre
ipitation amounts in winter from the 
ontrol run of10 RACMO-HC Fig. A.2 
ompares the Gumbel plots of the 30-year run and11 the 9000-year resampled series with the penultimate approximation. For the12 penultimate approximation, � = 79:4 mm, � = 21:2 mm and � = 0:0755.13 It is seen that this GEV distribution slightly overestimates the quantiles of14 the resampled maxima, though there is a good agreement with those of the15 30-year RCM run.16 Figure A.3 shows the relative 
hange of the quantiles of the 10-day winter17 maxima. The 
hange derived from the penultimate approximation roughly18 agrees with that found from the resampled sequen
es. This indi
ates that the19 
hanges of the mean and CV10 
an a

ount for the 
hange of the quantiles of20 the maxima in winter.21
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Fig. A.2. Penultimate approximation of the distributions of extreme 10-daybasin-average pre
ipitation totals for the winter half-year (dashed), 
ompared withthe empiri
al quantiles from a 9000-year resampled series (solid) and those of the30-year RCM 
ontrol run (squares).
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Fig. A.3. Change in the quantiles of the 10-day winter maxima of basin-average pre-
ipitation, extra
ted from the bias-
orre
ted 30-year 
ontrol run and A2-s
enariorun of RACMO-HC (boxes) and from the 
orresponding 9000-year resampled se-quen
es (solid) and penultimate approximations (dashed) derived from these runs.
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