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Abstract. Statistical downscaling is widely used to over- of the optimisation algorithm except for zones located in the
come the scale gap between predictors from numericatransition area north of this east-west band. Results also ap-
weather prediction models or global circulation models andpear generally robust with respect to the archive length con-
predictands like local precipitation, required for example for sidered for the analogue method, except for zones with high
medium-term operational forecasts or climate change impacinterannual variability like in the Cévennes area. This study
studies. The predictors are considered over a given spatiglaves the way for defining regions with homogeneous geopo-
domain which is rarely optimised with respect to the targettential predictor domains for precipitation downscaling over
predictand location. In this study, an extended version of theFrance, and therefore de facto ensuring the spatial coherence
growing rectangular domain algorithm is proposed to providerequired for hydrological applications.

an ensemble of near-optimum predictor domains for a statis-
tical downscaling method. This algorithm is applied to find
five-member ensembles of near-optimum geopotential pre-

dictor domains for an analogue downscaling method for 6081  Introduction

individual target zones covering France. Results first show

that very similar downscaling performances based on thdor both, climate change impact studies and operational hy-
continuous ranked probability score (CRPS) can be achievedrological forecasts, precipitation information on the scale of
by different predictor domains for any specific target zone,small subcatchments is needed. Numerical weather predic-
demonstrating the need for considering alternative domaindion (NWP) models and general circulation models (GCMs)
in this context of high equifinality. A second result is the Provide relevant information about the atmospheric large-
large diversity of optimised predictor domains over the coun-Scale circulation but have too coarse a resolution to be di-
try that questions the commonly made hypothesis of a com{ectly used in impact models like hydrological models or
mon predictor domain for large areas. The domain centres arfor precipitation forecasts on the scale of small subcatch-
mainly distributed following the geographical location of the Ments. A downscaling step is therefore required, and this
target location, but there are apparent differences between tHe2n be done dynamically using regional climate models and
windward and the lee side of mountain ridges. Moreover, do-imited-area models or using statistical methods that make
mains for target zones located in southeastern France are ceHse Of statistical relationships between large-scale predictors
tred more east and south than the ones for target locations o#d local-scale predictands.

the same longitude. The size of the optimised domains tends Requirements for hydrological use of predictands specif-
to be larger in the southeastern part of the country, while doically include the spatial coherence of precipitation fields
mains with a very small meridional extent can be found in an— i.e. a realistic spatial distribution of precipitation at any
east—west band around*4N. Sensitivity experiments finally ~time step — over potentially large basins. Indeed, the gen-

show that results are rather insensitive to the starting poin€ration of floods is, for example, particularly sensitive to
the spatial distribution of precipitation over the catchment
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4190 S. Radanovics et al.: Optimising predictor domains for precipitation downscaling

considered. While dynamical downscaling methods naturallyvery diverse climates, e.g. Switzerlardiofton et al, 2012,

provide such a sought-after spatial coherence, this is not necAustralia (Timbal and McAvaney 2001), central Sweden

essarily the case for statistical methods. (Wetterhall et al.2005, Punjab (India) Raje and Mujumdar
This paper proposes some development on how to en2011), southeast USAZhang and Georgakako2012), the

sure such a spatial coherence in precipitation by optimisingAlpine region ThemeRI et a).2011), and northeast Spain

the predictor domains of an analogue downscaling methodlbarra-Berastegi et al2011).

for different individual target locations over France and

analysing the spatial variability of results. This work will 1.2 Predictor domains: optimisation

help in identifying regions with homogeneous geopotential

predictor domains for precipitation, over which the spatial The predictor variables used for statistical downscaling and

coherence would be de facto ensured by the selection of conthe predictor domains have to be chosen carefully. The pre-

mon analogue dates. dictor variables should have predictive skill for the quan-
tity to predict — in this case, precipitation. These predictors
1.1 Statistical downscaling methods should be quantities that are reliably simulated by NWPs and

GCMs, and ideally they should be related to the processes

In statistical downscaling, a relationship between large-scaldeading to precipitation, and for climate change applications
predictors provided by GCMs and local-scale predictands ighis relationship should persist in a changing climatélijy
established. There are three major groups of statistical downet al, 1998.
scaling methods used in a climate change context: model out- In most downscaling studies, no optimisation of the pre-
put statistics (MOS) (e.gChandler 2002 Friederichs and  dictor domains has been performed, and only a few of them
Hense 2007 Vidal and Wade2008 Lavaysse et al2012), have tested even a handful of different domaifisnpal and
perfect prognosis (PP) (e.@§imbal et al, 2003 Boé et al, McAvaney, 2001, Timbal et al, 2003 Gutiérrez et a].2013.
2006 Hertig et al, 2012 and weather generators (e\gac Timbal and McAvaney2001) especially found that choosing
etal, 2007 Chen et al.201Q Bellone et al.2000. A review an informative predictor domain is an important issue for the
of methods and their strengths and weaknesses to produ@nalogue selectioBen Daoud2010 found that some pre-
relevant input for impact models can be foundNfaraun  dictors like temperature or moisture variables have their main
et al. (2010. Both PP and MOS methods are also appliedinfluence close to the target location, and therefore a small
for operational precipitation forecast (eMarty et al, 2008 predictor domain close to the target location is likely to be
2012 2013 Voisin et al, 2010 Nam et al, 2012, Liu and sufficient. The predictor domains for the shape of the geopo-
Coulibaly, 2012, Muluye, 2011). tential field are usually larger, and their optimum location

A number of statistical downscaling studies with vari- depends on the meteorological situations that lead to precip-
ous methods have been performed over France over thitation at the target location.
last few years, but mainly for specific regions like the Various algorithms may be used to optimise predictor do-
French Mediterranean (e.Quintana Segui et al201Q mains. Ideally all predictor variables, predictor domains and
2011 Lavaysse et al.2012 Kallache et al.2011;, Carreau  other parameters should be optimised together and predic-
and Vrag 201% Nuissier et al.2011, Beaulant et a).2011), tor domains of any size and shape should be possible. This
western France (e.dimbal et al, 2003, the French Alps  was done bysauter and Venem@011) for an artificial neu-
(e.g.Martin et al, 1997 or the Seine Basin (e.@oé et al, ral network downscaling method and one target location in
2006. Until the present study, only a few of them had beenthe Rhineland (Germany). Large computer resources were
performed at the country scalBd¢é and Terray2008 Boé needed to do so because the search space is huge. A global
etal, 2009. optimisation of the analogue method was doneHnrton

The downscaling method used in this work follows an ana-(2012 for some stations in the Swiss Alps using genetic al-
logue approach. It belongs to the PP methods, and is basegbrithms, with substantial computational costs as well.
on the idea introduced Hyorenz(1969 in weather forecast- This work focuses on optimising the predictor domain of
ing that similar causes have similar effects; that is, similarone variable: the geopotential height. Restricting the parame-
predictor fields lead to similar predictand values. Nowadaysters to be optimised allows for optimising domains for a large
numerous variants using different types of predictor fieldsnumber of target zones separately and for exploration of
and distance measures are in use. They range from weathehe near-optimum domains for each target zone rather than
typing-based methods based on principal components o$earching for a unique optimum following the equifinality
mean sea level pressure fiel@oE et al, 2006 to MOS-like  thesis Beven 2006.
techniques based on precipitation field analoguganill
and Whitaker 2006 Turco et al, 2011). A description of 1.3 Predictor domains: spatial variability
the theory of probabilistic forecasts with analogues can be
found in Hamill and Whitaker(2006. Analogue methods When analogue methods are applied, only one predictor
have been applied in different regions of the world with domain for all target locations is generally used (see, e.g.
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Timbal et al, 2003, because this ensures that the same anamethodological choices are discussed in S&and conclu-
logue date will be selected for the whole region, and this nat-sions are given in Sed.
urally leads to spatial coherence of the precipitation field as
long as individual fields and no summary measures are used.
But for large target regions like France or large catchment® Data and methods
with diverse precipitation climates like the Rhéne Basin,
this will likely result in a lower skill for smaller subcatch- 2.1 Data
ments.Bontron (2004 optimised the geopotential predictor
domains for individual groups of precipitation stations lo- 2.1.1 Reanalyses
cated in France and northern Italy and compared the perfor-
mance with those optimised for all groups together. For theThe predictor domain optimisation is done using two
groups near the barycentre of all groups, the difference inarchives of reanalysis data. ERA-40 datdppala et al.
skill was small, but for groups far from the barycentre the 20095 at 2.5 resolution were selected as the large-scale
skill was clearly better using the individually optimised pre- archive against other global reanalyses because of the trade-
dictor domains. Furthermore, he suggested to use the sanwdf between archive length and data assimilation technique,
predictor domain for groups situated not more than 250 kmfollowing Ben Daoud et al(2011h a). The archive length
apart from each other and not separated by a major “climatois critical (1) for including as many diverse analogue sit-
logical barrier”. uations as possible, (2) for studying the sensitivity on the
This work considers a large number of individual target archive length (see Sedt.3) and (3) for having a completely
locations over France in order to assess the spatial variabilityndependent (i.e. not used either for optimising domains or
in locally optimised domains, in terms of both location and as an archive) time period left for validation using a rig-
shape. The use of several near-optimum domains furthermorerous split-sample approach as definedkdgmes (1986.
allows for assessment of the diversity of domains associatedhe NCEP/NCAR reanalysisK@lnay et al, 1996 has a
with very similar performance for single target locations.  longer archive, but ERA-40 made use of the more advanced
three-dimensional variational data assimilatiBen Daoud
et al. (2009 compared ERA-40 and NCEP/NCAR reanal-
ysis as sources for large-scale predictors for the downscal-
ing method used here and found a slightly higher skill using
The first objective of this paper is to present an extended verERA-40. ERA-Interim Dee et al. 2011) uses an even more
sion of the growing rectangular domain algorithm for opti- advanced data assimilation technique and has a higher spa-
mising the predictor domains used by a statistical downscaltial resolution, leading to a better temporal consistency and a
ing method. Such an algorithm may be used to find an enbetter representation of the hydrological cycle Bee et al.
semble of near-optimum predictor domains for any statistical2011), but has still a shorter archive than ERA-40. Prelim-
downscaling method and consequently to address the issue afary tests byBen Daoud(2010 with a 1.123 version of
equifinality raised when trying to perform a numerical opti- ERA-40 and a simpler variant of the downscaling method
misation based on some summary skill score. (seeBontron and Obled?2005 showed only very small im-
The second objective of the paper is to answer the follow-provements in skill and quite similar optimised domains with
ing question: is the assumption made for exampldibybal the higher resolution archive. Moreover, a higher resolution
et al.(2003 andBoé and Terray2008 of a common predic-  large-scale archive would increase both the equifinality issue
tor domain for large regions in France actually valid? To thisand the computation time. Furthermore, some hypotheses,
aim, the extended version of the growing rectangular domaimotably on the predictor domains for temperature, vertical
algorithm is applied to derive an ensemble of near-optimumvelocity and humidity (see Se@.2), may not be appropri-
geopotential predictor domains for 608 target zones coveringte anymore. Lastly, using ERA-40 data ensures consistency
the whole of France. The downscaling method considered fowith the local-scale archive as this global reanalysis has been
this application is an analogue method that has a long historyised as a first guess by the Safran system for computing ver-
of development with various applications, like hydrological tical profiles of near-surface variables.

1.4 Obijectives and outline of the paper

forecastsBen Daoud et a]2011H or historical flood recon- Safran (French near-surface reanalysis) delida( et al,
struction @Auffray et al, 2011). However, it is applied here 2010 are used as predictands for the local daily precipita-
for the first time to the whole of France. tion, which is the target variable addressed by the downscal-

The methods used for downscaling and optimisation areng. The Safran reanalysis data are defined on 608 climato-
described in Sect2, and results are described in Se8t.  logically homogeneous zones covering France. Inside these
Section4 presents some sensitivity tests that have been perzones the meteorological variables are supposed to depend
formed to check the robustness of findings with respect toonly on altitude. These zones are used as elementary units in
(1) the archive length, (2) the version of the optimisation this work and are shown in Fid. The algorithm used for the
algorithm and (3) the optimisation starting point. Critical Safran analysis as well as its validation and application over
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Fig. 1. The 608 climatologically homogeneous zones defined in the 001

Safran data. The case study zones used in this study are colourec  14,-
The three zones situated in the Rhéne catchment are Sabne (21:

dark green), Arve (317, light red) and Ardéche (442, dark red). The 75-
seven zones located at the geographical limits of the country are
shown with other colours.

5.0-
25+
France are described Iquintana-Segui et af2008. A de- . .-.
tailed validation of this 50yr atmospheric reanalysis over 0.0+ , o _—

1 1 1 1 1
France has been carried out Widal et al. (2010. Of par- Jan Feb  Mar Apr. May Jun Jul Aug Sep Oct Nov Dec

ticular interest to this study, they found that the reanalysisFig_ 2. Monthly mean precipitation, 1 August 1958-31 July 2002,

uncertainty on precipitation is both very low and relatively trom the Safran data for the three case study zones Saéne, Arve and
constant over the 1958-2008 period when considering bothyydache.

dependent and independent validation data. The bias calcu-

lated with 83 high-quality independent validation stations is

smaller than 0.1 mmday, and the root-mean-square error a preliminary analysis to define the edges of the search do-

is around 2.5 mmday* (Vidal et al, 2010. main. These zones at the geographical limits of the country
The common archive period for the two reanalysis dataas well as the case study zones are coloured inlFig.

archives is from 1 August 1958 to 31 July 2002. The pe- The case study zone call&hone(212) is located in the

riod 1 August 1982-31 July 2002 is used to optimise theBurgundy region, in the Saéne River valley. The terrain is

geopotential predictor domains except for in the sensitivityrather flat and the zone is mainly influenced by the wester-

test on archive length, where the whole common archive idies. The precipitation is uniformly distributed over the whole

Ardéche

used. This is discussed later in Sect. year. The second zone, nam&dre (317), is located in the
upper Arve catchment near Mont Blanc. The precipitation
2.1.2 Case study zones has a yearly cycle with a maximum in winter and a mini-

] o mum in summer and early autumn. The third case study zone,
The domain optimisation was performed for all 608 zonespamedArdéche(442), is located in the upper Ardéche catch-
in the Safran data set, but detailed sensitivity tests focuseghent in the Cévennes area, and has a precipitation maximum
on three case study zones. All three selected zones are paf October with a high inter-annual variability (see Fig. 4 in
of the Rhone catchment, but have different precipitation cli-yjqa) et al, 2010. The precipitation maximum in autumn re-
mates as shown in Fig. This has implications on the spatial gyits from heavy precipitation events that are frequently ob-

coherence, since different parts of the catchment receive preseryed in the Cévennes region during this season (see, e.g.
cipitation in different meteorological situations, and this may Ricard et al,2012.

lead to different informative spatial predictor domains and

therefore different analogue dates. Furthermore, in Sett. 2.2 Downscaling method

results are shown for zones located at the geographical lim-

its of the country. Maps showing the skill of the downscal- The downscaling method used here is an analogue approach
ing method using a unitary-sized domain at all possible locathat has already a long history of development in weather
tions, so-called relevance maps, for these zones were used forecasting context, and some developments are underway to
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Table 1. Predictors and their corresponding pressure levels, times, similarity criterion and number of situations selected in the given step
used by the downscaling method.

Predictor Pressure levfiPg and time[UTC] Similarity Number of
criterion analogues
Temperature 925 at 12:GD+ 1, 600 at 12:0® E.dl 2000¢
Geopotential 1000 at 12:00, 500 at 00:0 + 1 TWS 170
Vertical velocity 850 at 06:00, 12:00, 18:@and 00:0D +1 E.dl 70
Humidity (TCW x Rh) 850 at 12:0® and 00:0( + 1 E.dl 25

* depending on the length of the archive: 20Aumber of years in the archive (44y¥ 4400, 20 yr— 2000, ...)1 E.d., Euclidean
distance? TWS, the Teweles and Wobus shape critefiafeles and Wobyd954.

apply it in a climate change conteRuband(1981) was the  situations selected in step 1 depends on the length of the
first who applied the analogue method in Frar@eilbaud  archive; it is 10k number of years in the archive — for ex-
and Obled 1998 introduced the analogue selection on grid- ample 2000 analogue situations for a 20 yr archive, as is used
ded geopotential fields with the Teweles and Wobus shapéor the optimisation of the predictor domains for geopoten-
criteria (Teweles and Woby4954. Obled et al(2002 cal- tial. This approximates the 4-month season length used by
ibrated the method for 50 French, Spanish and Italian catchBontron (2004 and the 2900 dayBen Daoud(2010 used
ments.Bontron and Obled2005 introduced the use of re- with a 30yr archive. The four days before and after the tar-
analysis data as a historical archive — the NCEP/NCAR re-get date are excluded to avoid the selection of days within
analysis Kalnay et al, 1996 — instead of interpolated ra- possibly the same low-pressure system.
diosonde data, and added local humidity to the predictor vari- The second step is a selection on geopotential at 1000 hPa
ables.Ben Daoud et al(2011a b) then introduced the tem- at 12:00 UTC dayD and 500 hPa at 00:00 UTC ddy + 1.
perature and the vertical velocity predictor variables. The similarity criteria used is the Teweles and Wobus crite-
This downscaling algorithm developed Ben Daoud ria S1 (Teweles and Wobyd 954, called TWS in the fol-
et al. (20113 and applied here performs a four-step se-lowing, which measures the similarity between the zonal-
lection on temperature, geopotential heights, vertical veloc-and meridional gradients expressed as the difference between
ity and humidity, respectively, to identify analogue dates in each point of the predictor domain and all other points with
the archive. The predictor variables, similarity criterion and the same longitude or latitude. Therefore the TWS measures
the number of analogue situations selected after each steje similarity of the shape of the fieldSuilbaud and Obled
are summarised in Table The main characteristics of the (1998 found that the TWS leads to better downscaling per-
method are summarised below; for details, Bem Daoud formance than the Euclidean distance for the geopotential
(2010, who identified the optimum combinations of vari- predictor. This criterion has been widely used in various ana-
ables and times for the Seine and Sabne river basins. Thiegue methods (e.§Vetterhall et al.2005 Wetterhall et al.
number of analogue dates retained after step 2, 3 and 4 wer2007, Teutschbein et gl2011; Horton et al, 2012 Brigode
again taken fronBBen Daoud2010. The precipitation value et al, 2012 and weather-type classification (e@aravaglia
for day D corresponds to the precipitation accumulated be-et al, 2010. Again equal weights are given for the two pres-
tween 06:00 UTC day and 06:00 UTC day + 1. sure levels. The same predictor domain is used for the two
The first step is a selection on temperature at 925 hPa gtressure levels. For this step the predictor domains are op-
12:00UTC dayD + 1 and 600 hPa at 12:00 UTC d&y. The  timised using the method described later in S&ch. The
pressure levels and corresponding times were optimised b#70 most similar days regarding geopotential shape out of
Ben Daoud et al20113. The predictor domain is the ERA- the 2000 with the most similar temperature are selected.
40 grid point closest to the target location, which is reason-Geopotential- or pressure fields are often used as predictors
able as temperature can be seen as a proxy for the therméecause they are well simulated by the GCMs and contain in-
dynamical properties of the air on the local scale. A similar formation about the atmospheric dynamics like flow strength
choice was made bianssen-Bauer et gR003. The sim-  and direction or divergenc&\(ilby and Wigley, 2000.
ilarity criteria is the Euclidean distance with equal weights  The third step is a selection on vertical velocity at 850 hPa
for the two pressure levels. As shownBiynbal et al.(2008 at 06:00, 12:00 and 18:00 UTC ddy and 00:00 UTC day
and Hanssen-Bauer et a{2003, including a temperature D + 1. The similarity criterion is Euclidean distance, and
variable as a predictor is especially important in a climatethe predictor domain is the nearest ERA-40 grid cell. Equal
change context since different temperatures may occur irweights are given to the different times. Upward motion is
a given season and the amount of water the atmosphemecessary for the formation of clouds and precipitation. With
can hold depends on temperature. The number of analogug model resolution of 2%5this predictor can only account
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for large-scale upward motion due to dynamical reasons, anthe target day from different years in order to take seasonality

not for upward motion due to local convection or orography. into account.

Ben Daoud et al(20113 found some additional skill for the

first two forecast days and fewer false alarms with the verti-2.4 Relevance maps

cal velocity added as a predictor. The most similar 70 days

out of the 170 days remaining after step 2 are selected. A relevance map represents the forecast skill for each grid
The fourth step is a selection on humidity, more preciselycell of the predictor data set. Relevance maps were used, for

the product of the total column water (TCW) and relative hu- example, byBontron (2004 andHorton et al.(2012 to se-

midity at 850 hPa (RH) at 12:00 UTC ddy and 00:00UTC lect the most predictive pressure level and time step for the

day D + 1. This compound variable was found to be more geopotential predictor. Relevance maps are obtained by fix-

informative than other simple indicators Bpntron(2004). ing every parameter except the location of a unitary-sized

The similarity criteria is Euclidean distance and the predic-spatial domain (% 2 ERA-40 grid points, 2.5resolution)

tor domain is the nearest ERA-40 grid cell. The most simi- that moves across the whole maijofton et al, 2012. Us-

lar 25 days out of the 70 days remaining after step three aréing the TWS 2x 2 grid points is the smallest possible do-

selected. main since the TWS is based on the calculation of gradients,
The predictor variables, their pressure levels and hoursi.e. differences between two grid points. By iterating the po-

and the number of analogues to select after each step wemgtion of this small domain, the CRPS score corresponding to

taken fromBen Daoud2010, where they were selected for every location is obtained. Relevance maps thus allow for one

the Seine and Sabne basins. It has also to be noted that idete see where the synoptic circulation information is relevant

tical combinations of variables, pressure levels and hours irto explain observed or analysed precipitation time series. Itis

steps 2 and 4 had also been selectedbgtron and Obled expected that the best predictor locations are consistent with

(2009 for application at various locations in southeasternthe meteorological characteristics that are responsible for the

France. region’s weather. The predictor’s best locations are therefore
o expected to be different for sub-catchments or stations influ-
2.3 Performance criterion enced by different meteorological phenomeHarton et al,

012.

2
The skill of the downscaling method is assessed with the Relevance maps are used in this study (1) to illustrate the
continuous ranked probability score (CRPBJdwn, 1974 itferent atmospheric influences for zones in different parts
Matheson and Winkle976. The CRPS is widely used for ot the country (Sec.1), (2) to compare the optimised do-
the verification of probabilistic atmospheric or hydrological yains with the regions of high skill in the relevance maps
forecasts (see, e.glagedorn et a.2008 Demargne etal.  (gect.3.2.9 and (3) to have an additional starting point for

201Q Aspelien et al.201). It is defined as follows: experiments on the sensitivity of the optimisation algorithm
) , (Sect.4.1).
_ _ o0
CRPS= / [F(x) onbs(x)] dr, (1) 2.5 Optimisation method
—00

Geopotential was chosen for optimisation because it is the
most important predictor in the downscaling method used,
and the size and location of the predictor domain is supposed

; ob , o to depend more strongly on the typical weather pattern caus-
are as described iersbacl{2000. The CRPS is sensitive to ing precipitation in the target area than for the other predictor

the entire_: range of the parameter, and no predefined Class:ﬁzlgriables. The predictor domain optimised here is a domain
are required; it is equal to the mean absolute error (MAE)Common to both geopotential levels described in Table

in thedcase of a deTerm|n|T|t|c for%clzast,_and it can be (ljnter— The selected optimisation method is based on the idea of
preted as an integral over all possible Brier scores. In or ertgrowing rectangular domains as applied Byntron (2004

compare results from different zones, the continuous ranke ndBen Daoud2010). The basic version starts from a given
probability skill score (CRPSS) with the climatology as aref- 5 grid point domain (here the nearest one to the target

erence forecast is used: zone), calculates a score (here the CRPS) and then expands

whereF (x) is the forecasted cumulative distribution function
of the variablex, xgbs the observed value aanobS(x) the

Heaviside function of — x9 < The properties of the CRPS

(CRPS the domain in four directions by adding one grid point east,

CRPSS=1 - (CRPSjim)’ () west, north or south. For these four resulting domains the
m CRPS is calculated and the domain with the smallest CRPS
where( ) denotes the time average and the CRRSs cal- is selected. This selected domain is then used as a starting

culated over the 1 August 1982—31 July 2002 period — exceptiomain in the next step. This is done until the score is notim-
for the 44 yr experiments, where the whole archive period isproved during four consecutive steps or the edge of the search
considered — using precipitation data frar0 days around domain is reached. This method is very fast, but explores
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only a very small subset of the space of predictor domains3 Results
and therefore it is likely that some relevant domains are not
tested. In the following sections, results are shown on the differ-
For this work an extended version of this method was de-ent regions of influence as mapped with relevance maps in
veloped: five domains, instead of a single one, are retained®ect.3.1, the size and location of the optimised predictor do-
and expanded in each step. With this method a larger numbenains (Sect3.2) and the downscaling skill of the method
of domains are explored, and the five best domains found irusing the optimised domains during the optimisation period
this procedure are returned, thus providing an indication of(Sect.3.2.1). In Sect4 sensitivity experiments on the choice
variability around optimal domains. The equifinality thesis of the starting point of the optimisation, the choice of the ba-
(Beven 2006 postulates that very similar skill score values sic or extended optimisation method and the archive length
can be obtained with different parameter sets, and that it isare shown.
therefore beneficial to search for a number of very good per- The downscaling and optimisation methods are imple-
forming parameter sets rather than for the best one. mented in Fortran 2003 using the NetCDF Fortran90 li-
Like in the basic version, the search is started from a giverbrary Pincus and Rey2011) for data input and output. The
2 x 2 grid point domain, here the nearest one to the targesubsequent analysis and figures are done using the R soft-
zone where not indicated differently. After calculating the ware environmentR Development Core Tear2012) with
CRPS this domain is expanded in four directions by addingpackages ncdfRierce 2011), ggplot2 ickham 2009, re-
one grid point east, west, north or south, and calculating theshape2 \ickham 2007, RColorBrewer Neuwirth, 2011,
CRPS for each of them. For the second step all four domaingiarrower and Brewe2003, sp Pebesma and Bivand005
from the previous step are expanded. This gives 16 domainsBivand et al, 2008, zoo Eeileis and Grothendie¢k005
but only 10 actually different ones, so 10 new domains areand gridExtra Auguig, 2012).
explored. From these 10 domains in the second step, the
5 best are selected to be expanded in the next step. The®@.1 Different regions of influence
retically there are up to 20 domains x34) to explore from
step 3 on, but there is some redundancy or some domainghe relevance maps for different Safran zones located at
have already been explored in a previous step, and as sudhe geographical limits of France and in the Rhéne Basin
between 13 and 18 actually new ones were found. In the endcf. Fig. 1) and calculated from the 20yr archive are com-
the five best domains found during the whole procedure, inpared in Fig.3. This figure also contains the corresponding
general stemming from different steps, are returned. optimised domains that will be discussed later in S8@&.2
Brigode et al (2012 optimised the predictor domains for First the magnitude of the skill differs between the relevance
a rainfall-based weather pattern classification and thereforenaps for different zones. The highest skill is found for zones
tested domains of three different sizes for every possiblehat are mainly exposed to the westerlies (127, 557, 317).
location similar to the relevance map calculation. This is Furthermore, there is a clear difference in the spatial pat-
a complementary approach to the one used in this work sincéern between different zones. The zones in western, north-
they assumed a domain size and shape and then tested wheme and northeastern France (001, 074, 127, 557, 317) have
to centre it. In the present work, a starting point is fixed, their region of maximum skill located west or southwest of
which defines a location that has to be included in the finalthe zone. Their regions of high skill are larger in zonal direc-
domain, and then domains of different size and shapes buion than in meridional direction and are cyclonically curved.
all containing the starting point are tested. An approach sim-They are exposed to the westerlies and receive precipitation
ilar to the one adopted bgrigode et al (2012 was chosen  mainly from frontal systems. A similar shape was found by
by Obled et al (2002 for a previous version of the analogue Horton et al.(2012 for the Marécottes station in Switzer-
method used here. They first tested domains of six differland, located close to the Arve zone (317). The zones in
ent sizes centred over the target location and then shifted theoutheastern France have their region of maximum skill lo-
best one to find the best locatidBauter and Venem@011) cated south or southeast of the zone (493, 596, 442, 615).
optimised the predictor domains for an artificial neural net- Indeed, the heavy precipitation events in this region are asso-
work for all predictor variables together, allowing for three- ciated with southerly or southeasterly flow (eRicard et al.
dimensional and disjointed predictor domains. In contrast to2012). Their regions of highest skill are more north—south
our study, they did the optimisation for only one target loca- oriented, with high-skill regions extending westward at the
tion, and even for this one location they stated that the comsouthern end and eastward and northwestward at the north-
putational costs were very high. It needs to be noted that thern end. What all relevance maps have in common is a local
approach selected here does not allow for exploration of nonminimum of skill surrounded by regions with higher skill.
rectangular domains suggested by the examination of releThis is due to the use of the TWS criterion that is sensitive
vance maps (see Setl) and that may lead to better skill to the gradients of the geopotential fields and their anoma-
values. Allowing for this type of domains would, however, lies on days with precipitation. The region of low skill corre-
involve much higher computational costs. sponds to the location of a minimum in the mean geopotential
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Fig. 3.Relevance maps truncated at CRPSS =0 (areas with higher skill than the climatology) and optimised domains for nine zones identified
in Fig. 1 using the 20 yr archive. The best domain found is drawn in red, followed then by those in orange, yellow, green and blue. The zone
location is indicated by a red dot.

anomaly fields for rainy days (not shown). The largest gradi-for the three case study zones (not shown). Interestingly the

ents are situated around this minimum, which makes thesshape of the region with high skill is very similar between the

regions more relevant using a similarity measure based omseasons, which was not expected for the Ardéche zone due to

gradients. the specific flow condition that leads to the autumn precipita-
Given the high seasonality with the precipitation max- tion maximum in this zone (cf. Fi®). Further investigation

imum in autumn for the Ardéche case study zone (442)could look at relevance maps for days with different precipi-

(cf. Fig. 2) due to specific atmospheric flow conditions, we tation thresholds, but this is beyond the scope of this paper.

investigated the score variations for different seasons. Sea-

sonal relevance maps were obtained by averaging the CRPS%2 Optimised predictor domains

over different seasons instead of the whole year. In order to

have enough data for each season, the score was calculatéd this section we will show results on the optimised do-

for the whole 44 yr archive. Relevance maps for the Ardéchemains. The downscaling skill measured with the CRPSS for

case study zone for different seasons are shown indFiche all 608 zones in France is shown first. The near-optimum do-

highest skill can be found for the winter season, followed by mains found for the case study zones are then presented, be-

autumn. The location of the maximum of skill southeast to fore looking at summary characteristics for all 608 zones in

south-southeast from the Ardéche target zone correspondsrance.

well with the south-southeasterly flow found IBuffourg ) )

and Ducrocq(201]) for heavy precipitation events in the 3-2-1 Downscaling skill

Cévennes region. In spring and summer the skill is lower due_,
to convective precipitation, which is more difficult to predict Figure5 (left panel) shows the CRPSS calculated over the

. o 0 yr optimisation period (1 August 1982—-31 July 2002) for
based only on large-scale fields. This is a common featur@ yrop on p . .
y g the best domain found for each of the 608 climatologically
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Fig. 4. Seasonal relevance maps for the Ardéche case study zone.
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Fig. 5. Left panel: CRPSS obtained with the best domain found during optimisation. Right panel: CRPSS obtained with a domain optimised
for average precipitation over France. Dark purple corresponds to a higher (that is, better) skill score, while light blue corresponds to lower
skill.

homogeneous zones in France. The zones are colouretian the differences in skill between different zones, which
according to the CRPSS value obtained. Unsurprisingly, themakes all five domains equally plausible. Additionally, the
CRPSS shows a spatial distribution similar to the one of theskill difference does not show any apparent spatial structure.
mean precipitation\(idal et al, 2010. The more precipi- In order to compare these CRPSS values with some ref-
tation a region receives, the higher the CRPSS. The higherence values, a set of common geopotential predictor do-
est skill, between 0.30 and 0.35, is found on the windwardmains were optimised using the average precipitation time
side (west side in this case) of the Alps, the Massif Centralseries over France. The starting point as well as the predictor
and the Vosges, and along the Atlantic coast. Poorer skilldomains for the other predictor variables were chosen to be
around 0.2, can be found on the lee side of mountains andlose to the centroid of the country. The right-hand side of
around the Mediterranean coast. Quite interestingly, the diffig. 5 shows the CRPSS obtained for each zone with the best
ference in skill measured with the CRPSS between the bestf the common predictor domains found. The mean CRPSS
and the fifth-best domain found is never larger than 0.01. Smver the whole country is 0.24, compared to 0.26 for the indi-
the difference in skill between different optimised domains vidually optimised domains. Optimising the domains locally
for the same zone are about one order of magnitude smallezorresponds to improvements ranging from 0.45 to 77 % for
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specific locations. The largest differences can be seen close Figure 7a shows the mean size in degrees longitude and
to the country borders, in southeastern France and especiallgtitude of the optimised domains for each zone. Again the
on Corsica, i.e. in areas with very specific regions of influ- 2-D colour scheme is used, with the mean domain length in

ence (see Fig3). zonal direction and the mean domain length in meridional
direction being the two variables. Small optimised domains
3.2.2 Case study zones (green) can be found in Brittany (150, 2400), Champagne

(750, 2500), Lorraine (850, 2450), Poitou—Charentes (300,
As shown in Fig.3, the optimised domains tend to include 2200) and in some parts of Normandy (300, 2500). Opti-
the most relevant area depicted by the relevance maps fanised domains with small extent in longitude direction but
the case study zones. They differ reasonably between difsomewhat larger extent in latitude direction (blue) can be
ferent locations and inside the ensemble for a given zonefound along the Mediterranean coast and in the northernmost
For the majority of the zones (074, 127, 493, 557, 615, 317)part of the country. Domains with small extent in the lat-
the aspect ratio of the optimised domains varies little insideitude direction and larger extent in the longitude direction
the five-domain ensemble, while there are larger variationgyellow) form an east-west-oriented band in the middle of
of this property for the zones 001, 596 and 442. These largehe country (around 2250 kin Lambert). Medium-sized do-
differences in aspect ratio do not lead to larger differencesmains (grey, brown) are found north of this band (500-900,
in skill as mentioned above. This exemplifies the equifinality 2350), in the southwest of the country and on the west side of

issue mentioned in Se@.5. Corsica (1150, 1700). The largest domains (purple, red, dark
blue) tend to be situated in the southeastern part of France,
3.2.3 Domain characteristics at the scale of France except near the coast. The most prominent feature in this map

is the area in the middle, where the optimised domains are
Figure 6a shows the mean location of the centre of the op-very small in the meridional direction, while being reason-
timised domains for each of the 608 zones using a 2-Dably stretched zonally.
colour scheme for bivariate maps introducedreyling et al. The domain sizes used in other downscaling studies were
(2011). Here the two variables that are combined are the lon-compared to the domain sizes found in this stusigntron
gitude and the latitude of the domain centre. Thus the colour¢2004), Ben Daoud(2010, Timbal and McAvaney2001),
correspond to the mean location of the domain centres of th&oé et al. (200§ and Guilbaud and Obled1998 used
five best domains for each target zone. The domain centrepredictor domains with sizes of 20-2%ngitude and 10—
for the best domains are mainly distributed following the lo- 15° latitude, which corresponds to upper-medium-sized do-
cation of the target zone, but in general the mean domaimrmains found in this studylimbal and McAvaney2007) (for
centre is situated south of the target zone. Nevertheless thewgily minimum and maximum temperatures) tested some-
are some deviations from this general pattern. For zones owhat smaller and much larger domains as well, but found
the east side of the Massif Central, the centres of the optithe one of 20« 12° to perform best. The domains tested by
mised domains are located clearly more east than the ones f@rigode et al.(2012 correspond to small- to medium-sized
zones on the west side of the massif. The same feature can fmnes found in this studyiimbal et al.(2003 (for daily mini-
seen at other mountain ridges, for example the Vosges mourmum and maximum temperatures) used a domain somewhat
tain range. Furthermore the domain centres for the zones ifarger in north—south direction. Larger domains were used by
southeastern France are located more east than north of thBoé and Terray2008, Hanssen-Bauer et 42003, Matulla
area. In some regions such as, for example, Champagne iet al.(2008 andObled et al(2002.
the northeast of the country (approximate Lambert coordi- Figure7b shows the ratio of domain size range in the five-
natesX =700, Y =2400), we can see that many zones havedomain ensemble, defined as follows:

their average optimised domain centre at approximately the .
; , . max(X) — min(X)
same location. In contrast, for the Cévennes and the southenmatio = X , 3)
Alps regions, the average domain centres differ more often mear(X)
between neighbouring zones. whereX is the extent of the domains in degrees longitude or

Figure6b shows the maximum difference in domain cen- latitude. A size ratio of 0 means that all five domains have
tre location between two domains in the five best domain enequal extent. A size ratio of 1 means that the difference in
semble in degrees longitude and latitude. For the majority ofextent between the largest and the smallest domain is equal
the zones the domain centre location is a very stable propto the mean extent. On average the size ratio is larger in the
erty (green colour), especially in latitude direction, where longitude direction than in the latitude direction. The figure
differences of more than®Zare rare. So, in general, the cen- is quite patchy, with individual zones showing large ratios in
tre points of the five near-optimum domains for a zone areone or both dimensions. In the north of the country and along
close to each other. Zones with larger differences, ugio 8 the Mediterranean coast, these individual zones have large
longitude, are located in the southeastern part of the countryatios in longitude or both dimensions. The zones 001 and
at the slopes of the Alpes and the Massif Central. 596 shown in Fig3 are examples of such zones. The zones

Hydrol. Earth Syst. Sci., 17, 41894208 2013 www.hydrol-earth-syst-sci.net/17/4189/2013/



S. Radanovics et al

2600

2400

Y Lambert [km]

2000

Y Lambert [km]

2200 +

.. Optimising predictor domains for precipitation downscaling

4199

-5 0 5

1800 -

10
longitude

1600 T T i i i i
0 200 400 600 800 1000 1200

X Lambert [km]

1400

@

2600

[ —
0 2 4 6

2400 - :
°longitude

2200

2000

1800

8

1600 1 1 1 T i i
0 200 400 600 800 1000 1200

X Lambert [km]

1400

(b)

Fig. 6. (2)Mean domain centre of the five best domains found during the domain optimisation. The colours correspond to the mean location
of the domain centres of the five best domains for each target ggndaximum difference in domain centre location between two domains

in the five-best-domain ensemble. The colours correspond to the maximum distance of centre points in degrees longitude and latitude.
Green, the centres are very close to each other; purple, the centres are very far from each other; blue, the centres are close in longitude bt
comparatively far in latitude direction; and orange, far in longitude and close in latitude direction.
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Fig. 7. (a) Mean domain size of the five best domains found during the optimisation procedure for each zone. The size is given in degrees
longitude and latitude. Green, small domains; purple, large domains; blue, small in longitude direction and comparatively large in latitude
direction; orange, large in longitude direction and small in latitude dire¢bpiRatio of domain size range in the five-domain ensemble
(range/mean size). 0, no difference in domain extent; 1, the difference in extent between the largest and the smallest equals the mediurn
extent.
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Fig. 8. Optimised predictor domains for three case study zones and different starting domains for the optimisation. First row, start at the
nearest elementary domain; second row, start from the most relevant elementary domain from the relevance map. The relevance maps fo

each zone are shown with a colour scale underneath the predictor domains.

with the largest domain size range in the latitude directionThe drawback of the second approach is that the computa-
are situated in the southern half of the country, except neational costs for the relevance maps are high if performed for
the Mediterranean coast. over 600 target locations. Roughly 2.8 million CRPS calcula-
tions per zone are, for example, needed for aX460° sized
relevance map with a 20 yr archive. Therefore the relevance
4  Sensitivity experiments maps were computed only for the case study zones, and for
these zones the optimised domains obtained with the two dif-
For the optimisation study, options were selected concernferent starting domains are compared.
ing the choice of the algorithm, the starting point and the The first line of Fig.8 shows the five best domains found
archive length. In this section we take a detailed look at thewith the optimisation procedure starting at the nearest el-
impact of these choices on the optimised domains for theementary domain, with a 20yr archive. In the second line
three case study zones by comparing with results for alterthe same procedure is used, but the optimisation was started

native choices. from the most relevant elementary domain as found with the
_ _ o relevance map. Comparing them we can see for the Arve
4.1 Starting domain for optimisation zone and the Ardéche zone that exactly the same five do-

mains are found even if the two starting domains are differ-
ent. For the Sadne zone, five different domains are found,
. . : with lower meridional extent and systematically higher zonal

for other algorithms as well, but since the growing rectangu-g,sent when starting from the most relevant elementary do-

lar domain algorithm only adds grid cell rows or columns in yain The domains found starting from the most relevant el-
each step and never subtracts any, the starting domain Wiuzmentary domain have higher CRPSS

automatically be included in the final domain (see S2&).

Therefore the choice of the starting domain can influence the; 2 Optimisation method

predictor domains found and a poorly chosen starting point

may lead to less skillful predictor domains. Results obtained with the basic growing rectangular domain
One reasonable assumption is that the best predictor daalgorithm and the extended one developed here are compared

main will comprise the large-scale grid cell closest to the tar-for the case study zones. Fig@eshows the optimised do-

getlocation, as is done here or@bled et al(2009. Another  main found with the extended algorithm (first row) and the

possibility is to start at the most relevant elementary domainones found with the basic algorithm. For the Arve zone the

as obtained through a relevance map as dond@duytron best domain is the same for the two algorithms. For the Saéne

(2004 and Ben Daoud(2010, to make sure that the most zone and the Ardéche zone the domain found with the basic

relevant location is included in the final predictor domain. algorithm is the second-best found with the extended version.

The growing rectangular domain algorithm requires the def-
inition of a starting domain for the optimisation. This is true
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Fig. 10.Optimised predictor domains for three case study zones using 20 yr (first row) and 44 yr (second row) archives for optimisation. The
relevance maps for each zone and each archive length are shown with a colour scale underneath the predictor domains.

This shows that for some zones the extended algorithm findarchive lengths differ, but the second-best domains found are
domains with slightly better CRPSS, together with an indi- the same, and the best domain found with the 44 yr archive

cation of variability between near-optimum ones. is the same as the fifth best found with the 20 yr archive. For
the Arve zone (second column) the differences between the
4.3 Archive length best domains found with the two archive lengths are small.

The best domain found with the 20 yr archive is one grid cell
Figure10shows the optimised domains found with the 20 yr |arger in the west than the one found with the 44 yr archive,
archive (1 August 1982-31 July 2002, first row) and 44yr and was found to be fifth best with the 44yr archive. All
archive (1 August 1958-31 July 2002, second row). For thetop-five domains found have the same extent in meridional
Sabne zone (first column) the domains found with different
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direction. For the Ardéche zone, five completely different case study zones but in different ones for the third one, where
domains are found with the different archive lengths. This ismore skillful domains, 3 % higher CRPSS, were found start-
probably related to the high inter-annual variability in the tar- ing at the most relevant elementary domain. In Feya sud-
getregion (see Fig. 4 Midal et al, 2010. A slight reduction  den change in domain size can be seen around 87 with
of skill over these 20yr (0.282 to 0.275) can be observed forthe domains north of this line having slightly larger domains
the Ardeche zone when considering the domains optimisedn meridional direction. The Safne case study zone happens
over 44 yr. Additionally, the skill computed over the 44 yr to be situated north of this line, and the experiment with the
is slightly lower (0.305 to 0.310) for the domains optimised most relevant elementary domain as a starting point, more
over 20 yr compared to the ones optimised over 44 yr. southwest in this case, showed that the optimised domains
Additionally, the relevance maps obtained with differ- differ for this case study zone. The domains found starting
ent archive lengths show the same structure and the samt@e optimisation from the most relevant elementary domain
location of maximum values, but the absolute values areare indeed very similar to those found for zones south of the
slightly higher with the longer archive. On relevance mapsSabne case study zone (not shown). Thus the sudden change
obtained with a 10yr archive (not shown) the same overallin the domain sizes in Figia is likely to be a result of the
structure is still visible, but with a decrease in CRPSS of ap-starting point choice.
proximately one-third.

5 Discussion 6 Conclusions
6.1 An algorithm to provide near-optimum predictor

5.1 Choice of the archive period -
domains

For successful statistical downscaling it is necessary to have

long data sets of predictors and predictands for building and*" €xténded version of the growing rectangular domain al-
validating the model Timbal and McAvaney2003). The gorithm has been described and applied for deriving ensem-

archive length and optimisation period chosen for statistical?es ©f five near-optimum geopotential predictor domains for

downscaling development depend strongly on the data tha08 individual targ_et zones govering Fra_nce. This a_llgorithm
are available and the validation strateBgntron(2004 and  allowed for us to find that different predictor domains may
Ben Daoud2010 left only five years of their archive for val- 16@d to very similar performances for the analogue downscal-
idation. Ben Daoud(2010) for example excluded the years N9 m(_athod f:o.n3|dered herg. It exemplifies the equm.nahty
1978, 1983, 1988, 1993 and 1998 from the 1972-2002 opiSSUe in statistical downscaling that has been recognised in

timisation period. The specific years were chosen to resemMany other research domairigeren 2009. The equifinality

ble the 1972—2002 climate as closely as possible in order tdS & consequence of a single-objective optimisation approach;
validate the method for forecast purposes, i.e. in the same clit"@t IS, the use of a single-valued objective function. Indeed,
mate Timbal et al(2003 found that using more than 20 yr of the CRPSS used in this study as the objective function gives

the reanalysis archive does not further reduce the error in th@Nly an overall skill of the method. Consequently, for a given
reconstructed time series of minimum and maximum tem-{@rget location, some near-optimum domains may perform

perature as long as the more recent part of the data is useietter than others — for example, for days with specific cir-
indicating that the quality of the observation data in termsculation patterns. This algorithm is potentially applicable in
of homogeneity and the reliability of the reanalysis plays an®ther contexts. This study has already shown that it could be
important role too. A 20yr recent period has been consid-2PPlied at different target locations, but one may also think
ered here for optimising the predictor domains in order to©f considering another predictand, such as minimum or max-

(1) leave out enough data for future validation and (2) retainMum temperatureGutiérrez et al.2013, or optimising the
a period with the highest number of observations entering th&Patial domain of other predictors. As a result, this algorithm
ERA-40 reanalysis systert/ppala et al.2005. Sectiord.3 could be perfectly applied to another type of statistical down-

above provides some preliminary analysis of the sensitivitySc&ling method. _
to the archive length. This first application of the downscaling procedure by

Ben Daoud(2010 to the whole of France together with
5.2 Optimisation starting point the use of the optimisation algorithm led here to a country-

wide assessment of predictor domains. The domains result-
The starting point for optimisation was chosen to be the nearing from an optimisation with the presented algorithm in-
est elementary domain to the target zone. The optimisatiortiude the most relevant area depicted by the relevance maps
method used requires that this elementary domain is includeébr all three case study zones. The domains differ moder-
in the final domains. As seen above, using an alternative startately between different locations and inside the ensemble
ing point at the most relevant elementary domain instead ofor a given zone. In some regions, such as Brittany, we
the nearest one results in the same domains for two of théound a larger region with the same optimised domain, while
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especially in the Rhéne catchment we found high variabil-national climate service platform built in the DRIAS project
ity in the location and even more in the size of the opti- (Lémond et al.2011). This issue of a common predictor do-
mised predictor domains. For the majority of the zones themain thus provides some explanation for the identified biases
aspect ratio of their five domains is rather similar, but for (Boé 2007 and weak correlationdBpé and Terray2008
some zones, equally skillful domains with very different as- in downscaled precipitation outputs for regions around the
pect ratios are found. The centres of the optimised domain#editerranean coast. Indeed, as shown in Fégand7, the

are mainly distributed following the geographical location of optimum geopotential predictor domains for these regions
the target zone but with clear differences between eastern anare quite different from the rest of the country.

western slopes of mountain ridges. The domain centres for

zones in southeastern France are located more east than nofii3  Towards predictand areas with homogeneous

of this area. The domain centre location is a stable property predictors

in the five-domain ensemble except for isolated zones at the ) S
slopes of the Alps and the Massif Central. The domain sizes' N Spatial coherence of the downscaled precipitation is of-
vary considerably between the zones with ensemble mealfn t@ken as a given when using the analogue method, but

zonal extents between 6.5 and Z8aid meridional extents this is only true if the same analogue dates are found for the
between 5 and 15°5 whole target region, which is not guaranteed if different sub-

target regions are using different predictor domains. On the
other hand, if the target region is large, like a large river basin,
a common predictor domain is likely to be suboptimal on the
This work addressed the hypothesis of a common prediclocal scale as the best domains differ for the subcatchments,
tor domain for different regions of France for statistical @S Showninthis study, for example, for the Rhone catchment.

downscaling of precipitation. This assumption has been in- DesPite the simplicity of the concept, the analogue method
deed made implicitly by all previous studies over France,hasalarge number of parameters: the predictor variables and

e.g.Timbal et al(2003 for western and southern France sep- their spatial and temporal domains, the similarity criteria and

arately, and3oé and Terray2008 for the whole of France. the number of analogues. A global optimisation_ of all these
Results from the optimisation of geopotential predictor do- parameters together is desirable but involves high computa-

mains showed a large diversity of near-optimum domainstional costs. In this work the optimisation was restricted to

for the set of 608 climatically homogeneous zones covering'€ horizontal domains of the geopotential predictor but was
France, and therefore suggest that this assumption is que®€rformed for alarge number of predictand zones.

tionable, at least when one seeks to obtain the most skillful USIng individual predictor domains for each zone will in
method for each individual zone. However, relatively large 9€neral resultin different analogue dates, thereby not ensur-

zones have been found to share similar near-optimum Iorei_ng systematically the spatial coherence it has if a common
dictor domains, and making this assumption within each ofdomain is used for all predictand locations. Therefore it will
them may lead to limited loss of skill compared to domains P Peneficial to group zones together that can use the same
optimised for individual locations. This is seemingly the caseParameters, i.e. the same geopotential predictor domain. The
for the Seine Basin, where only minor variations in the opti- presented an_aIyS|s will help to this en.d b_y bU|Id!ng on th?
mised domains can be found (see Figand7), supporting idea of grouping zones by equal domains in the five-domain

the hypothesis made Boé et al (2006 2007) for a common ensemble, as equal optimised predictor domains reflect prox-
predictor domain over this basin. imity and similar flow exposure. To this end, for each zone,

Conversely, large river basins like the Rhéne Basin include®€ Predictor domain from the five-domain ensemble has to
zones with very diverse influence as exemplified by the thre® Selected such that contiguous areas with the same predic-
case study zones located in the Sadne, upper Arve and uppg?r .domam are fo_rmed. The smo.oth d|§tr|but|on of the do-
Ardéche catchments (see FR). The present work suggests M&in centr'e. Iocatlo'ns together w!th thelr rather small range
that the performance of any perfect prognosis downscaling:f_hc’UId_fa‘c_:'_“tate this. The domain size has a higher spa-
method using a common predictor domain is far from opti- &l variability that could hamper the attempt of aggregat-
mal for individual locations in France as a consequence of'd ZOnes by same domain, but this goes along with a larger
the assumption of a common predictor domain, as showrf@nge that may compensate it to a certain degree.
in Fig. 5 for the analogue downscaling method used here.

This rrllay be speC|f|caII_y the case for the method deVeIOpe(}B\CknowledgementsThe authors would like to thank Météo-France
by Boé et aI.(Z0,0Q, which was later ext(,anded to the whole for providing access to the Safran database and ECMWF for
of France byBoé and Terray2008, Page et al(2008 and  proyiding access to the ERA-40 data. We would like to thank
Pagé and Terraf2010. This method has been used in many pascal Horton, Tobias Sauter and an anonymous reviewer for their
subsequent national-scale climate change impact studies afbnstructive comments on the discussion paper that helped to sig-
hydrology (see, e.gBoé et al, 2009 Vidal et al, 2012, nificantly improve the manuscript.

and downscaled products are now disseminated through a

6.2 On the assumption of a common predictor domain
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