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Abstract

Themulti-modelensembldor seasonalo interannuapredictiondevel-
opedin the Europearprojectknovn asDEMETER hasbeenusedto quan-
tify the operationalpredictability of monthly maximumtemperatureover
the IberianPeninsula.Statisticaldownscalingbasedon CanonicalCorrela-
tion Analysisis appliedto increasehe spatialresolutionavailablefrom the
globalmodels.The dowvnscalingformulationmakesuseof therelationships
betweenthe North Atlantic sealevel pressureand maximumtemperature
overthelberianPeninsula.

Maximum temperatureestimatedirom the multi-modelensembleand
the single modelsare examinedagainstthe obserations. The modelskill
is characterizedy meansof correlation,variancefraction and Brier skill
score. The resultssuggest:the advantageof usinga multi-modelensem-
ble insteadof singlemodelsof DEMETER; the downscalingmodelworks
properlyin winter andspring, despitesomeproblemsowing to samplede-
generayg; thepredictabilityis almostconstrainedo theinitializationmonths

of theDEMETERensemble.

1 Intr oduction

GeneralCirculationModels(GCMs)areableto reasonablgimulatethebehaiour
of largetscaleatmosphericelds, suchassealevel pressureThey simulatemore
or lessproperlylow+orderzonaltwavenumbeifeaturesput they arenot asaccu-
ratewhenit comesto the simulationof hightorderzonaltwavenumberfeatures.
The GCM restrictionsin low scalescanbe partly explainedby their limited hori-
zontalresolution(von Storchetal., 1993).

Regionalinformationis requestedn mary hydrologicalor ecologicalstudies

makingit necessaryo downscalethe GCM's outputs.For this purposedifferent



downscalingtechniquefiave beendevelopedastoolsfor interpolatinglarge scale
informationinto alocal or regionalscale(Wilby andWigley, 1997;Zoritaandvon
Storch,1997;Murphy, 1999). Downscalingtechniquesrealsocommontoolsin
operationalveatherforecastingBillet etal., 1997;Benestad2002)andtheir use
with the DEMETER modelsis a naturalcontinuationof the DEMETER project.
In this work, statisticaldownscalingis usedto forecastmaximumtemperature
which cannotbe predictedwith sufcient accurag with GCMs. We assesshe
methodto be appliedin seasonaforecastingover a midlatituderegion, suchas
thelberianPeninsula.

GCM predictionsare sensitve to initial conditionsand uncertaintiesn the
modelparameterizatioiBarnett,1999; Palmerand Anderson,1994;Boeretal.,
1992). In fact, the global climate systemis not completelypredictablein terms
of the existing initial conditions. The problemof the sensitvity to initial condi-
tionsis usually overcomethroughthe useof an ensembleof predictionsstarted
from differentinitial conditions(Palmeret al., 1998; Toth and Kalnay, 1993).
However, uncertaintiesalsoarisefrom anincompleterepresentationf reality in
the formulation of differentmodels. Thus, differentmodels(even highly trun-
catedones)startedfrom identicalinitial conditionswill yield differentresultsaf-
ter someforecasttime (Palmer,1999). Therefore,in orderto obtainresultsnot
dependenbn the modelformulation, a multitmodelensemblesystemhasbeen
developedover the last few yearsby running global seasonaforecastsn hind-
castmode.SeveralEuropeammeteorologicatentersontributeto theDEMETER
project(Developmentof a EuropearMultitmodel Ensemblesystemfor seasonal
to inTERannuaprediction) ,which comprisesatotal of sevenglobalatmospherex
oceancoupledmodels,eachrunningfrom an ensemblef nineinitial conditions
(Palmeretal., 2003). Thedatausedin this papercorrespondo the modelsdevel-

opedin theseEuropearcenterSECMWF, M Z&tfeo+FrancelL ODYC, Met+Ofce,



MPI, CERFACSandINGV). TheDEMETERNhindcastsarestartedrom February
May, AugustandNovembeiinitial conditionsandeachhindcasts integratedfor 6
months.This setof quasitindependemhodelswith differentinitial conditionsal-
lows usto accountfor thein uence of errorsin bothinitial conditionsandmodel
parameterizationsin a previous Europeanproject, PROVOST (PRedictionOf
climateVariationsOn Seasonalimescales)the ability of a multitmodelensem-
ble to producemorereliable probability forecastof seasonatlimate anomalies
thansinglexzmodeknsemblesvasdemonstratedgPalmerand Shukla,2000). The
multitmodelability wasalsoobtainedin otherstudiesin which datafrom differ-
entmodelsweretakeninto account(Stefanova andKrishnamurti,2002; Doblas-
Reyesetal., 2000).

We take for grantedthe hypotheseguotedabore andstatethemasfollows to
confrontourproblem whichis to analyzehefeasibility of performingoperational

seasondlorecastn the basisof theresultsfrom the DEMETER project.

A multitmodelensemblg@redictionsystem]ik etheoneusedn theDEME-
TER project,is ableto represento someextentthe largexscaldeaturesof
the climate systemand provide usableseasonaforecastsof theselargex

scale elds (sealevel pressuren our case)

Surfacevariables(Maximum temperaturen this paper)shav a clearre-
lationshipwith largexscaleatmospherico ws aroundthe studiedarea(the

IberianPeninsulan this paper)

Amongstthe plethoraof downscalingtechniquesavailable, we selected
CanonicalCorrelationAnalysisasthetool to provide apropertransferfunc-
tionfromthelargetscaleeld totheregionalinformationneededConsider
ing thattheforecasts aimedat seasonal/monthlyaluesof maximumtem-

peratureandthat this variableis quite normally distributed, it is not clear
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that other nonzlineartechniquessuch as analogs(Zorita and von Storch,

1999;FernfandezandSAenz,2003)will bebestsuitedfor this problem.

With theseassumptiongn mind, the mainobjective of this paperis to analyze
thefeasibility of performingoperationakeasonalorecastf maximumtemper
atureover the Iberian Peninsulaon the basisof the resultsfrom the DEMETER
project. This feasibility will be measuredn termsof a quantitatve assessment
of the monthly/seasongiredictabilityof maximumtemperaturever the Iberian
Peninsuldy meansf thecombinedstrateg)y of numericaimultitmodelensemble
seasonalorecastplusdownscalingtechniques.

Theoutlineof thepapers asfollows: thedatasetsconsideredor thisstudyare
describedn section2. Section3 presentshe procedurego dovnscalemaximum
temperaturewhich takesinto accountthe relationshipsetweenobsered maxi-
mumtemperaturandseaevel pressurdasedn CanonicalCorrelationAnalysis.
This sectionincludesthe calibrationandvalidationsteps.Theresultsobtainedby
applyingthe statisticalmodelto the DEMETER outputare presentedn section
4; theestimatedraluesusingmultitmodelensemblendsinglemodelsareevalu-
atedagainsthe obsenationsusingdifferentstatisticaltests. The mostsigni cant

ndings andconclusionsarepresentednh sections.

2 Datasets

Thiswork makesuseof instrumentalreanalysi@andmodeldatafrom the DEME-
TER project.

Stationdatafor monthly maximumtemperatur€¢Tmax)wereprovidedby the
Meteorologicallnstitutesof Spainand Portugaland correspondo 55 stations
evenly distributedoverthelberianPeninsuldrom 1950to 2001. Theirlocationis

shavn ontheright panelsof Figurel.



Monthly sealevel pressure(SLP) was consideredas predictorand it was
dravn from threedifferentsourcestheNCEP/NCARReanalysi¢§NNR onwards)
(Kalnay et al., 1996) from 1950to 2001, the ECMWF ERA-40 from 1980t0
2001, and from the modelsof the DEMETER project, available from 1980 to
2001. The7 9 ensembleanembergorovided by this projectwere usedindivid-
ually and alsothe full setof thesemodelshasbeenemployed to constructthe
multitmodelensemblanean.All of the SLP dataarede ned on the sameregu-
lar latitudexlongitudegrid of resolution2.5 2.5, coveringthearea60 W+20 E
and30 £65 N correspondingo the North Atlantic area(seeFigurel, left panels).

Both SLP and Tmax dataweredividedinto two periodsof time. Oneperiod
spangheinterval from 1950to 1979,which is usedto train the statisticaldown-
scalingmodelusing SLP datafrom NNR and obsered Tmax data. The other
period coversthe interval 1980to 2001 (whenthe DEMETER projectdataare
available) andis usedto validatethe downscalingmodel. In this caseSLP data
from both ERA-40 and DEMETER modelsand Tmax datafrom obsenations
are analyzed. ERA-40 datais a proxy to a "perfecttprog”modelandis meant
to yield a measureof the bestforecastavailable, limited by the accurag of the
downscalingmodelalone. Thecomparisorbetweerobserned Tmaxandthosees-
timatedfrom DEMETER andthe downscalingmodelyields an estimationof the
predictabilitywhich canbe achieved on the basisof stateof theart GCMsplusa
CCAzbasedlownscalingmodel.

Monthly SLP and Tmax anomalieswere calculatedfrom the corresponding
monthlyclimatologyof NNR andinstrumentatiatafrom theperiod1950to 1979.
Theseclimatology datawere alsousedto computeanomaliesduring the second
period(1980+2001)the NNR climatologywasusedto computeSLP anomalies
for the ERA-40and DEMETER dataandthe 1950+79obsered Tmax climatol-
ogy for the obsened Tmaxdatafrom 1980to 2001. 1t canbe shonn thatthe bias



existing betweerdifferentmodelsandreanalysisvill becorvertedto atemporally
constantspatiallyvariablebiasin the downscaledemperatureeld. Therefore,
noneof themainvalidationscoresusedin this papemwill beaffectedby thisde -

nition of theanomalies.

3 Downscalingmodel

In this studywe usedCanonicalCorrelationAnalysis (CCA) to obtainthe rela-
tionshipbetweenmaximumtemperaturd Tmaxt y ) over the IberianPeninsula
andsealevel pressurdSLP t x ) correspondingo the North Atlantic area.Thus,
theanomaly elds areexpressedsa linearcombinationof their canonicalkorre-

lation patterng CCPs)px x andgk Y

SPtx éaktpkx (1)
k

Tmax t Y abctay (2)
k

whereay t andbg t aretheirtemporalexpansioncoefcients.

The CCA is not applieddirectly to Tmax and SLP data. A principal com-
ponenttruncationwas madeto prez Iter the data,eliminating spatialnoiseand
correlationbetweerdifferentlocations while accountingor mostof thevariance
(BarnettandPreisendorferl987).

As aresultof the CCA, a andby areoptimally correlatedandif SLPis known
at a particulartimet (outputfrom a GCM), an estimationof Tmaxis possible
using a simple linear regressionbetweenboth canonicalexpansioncoefcients

(von Storchetal., 1993).

at SLPt x ptx 3)



Tmaxt Yy arwxt gy (4)
k

wherer i denotegheregressiorcoefcient (which canbedemonstratetb be
equalto the canonicalcorrelation)and p'kA x arethe adjoint canonicalpatterns
(von StorchandNavarra,1995). This simplestatisticalmethodis a goodchoice
in this kind of studywhena strongrelationshipbetweerarge andregionalinfor-

mationexists. Theability of this approachs evaluatedn the next section.

3.1 Calibration

The CCA methodwasappliedon a monthly basisto the rst few principalcom-
ponentobtainedrom TmaxobserationsandSLP datafrom NNR for a30+year
period(1950+1979).Thesedatawerepreviously detrendedn a grid point basis.
Thetrendis recoveredby projectingthe SLP eld with trendon equation3. The
numberof principal componentgonsideredo prez lter eachdatasewasdeter
minedby applyingtheNorthetal. (1982)testandaMonte Carlotestbasednthe
congruenceoefcient (Chengetal.,1995).In accordancevith theseteststwo or
threemodeswereselecteddependingon the month,for Tmaxandthreeor four
modesfor the SLP (seeTablel). The chosermodesarestable nontdgenerated
with the rejectedonesandthey describemorethan80% of the total variancein
eachcase Forinstancejn February2 and4 modeswereconsideredor Tmaxand
SLP respectrely, which accountfor 88% and92% of the total varianceof each
eld.

CCA wasappliedto the previously truncated elds. In somecasesthe g-
uresof canonicalcorrelationyield very low values(seeTable1). The rst two
canonicalcorrelationpatternscorrespondingo SLP and Tmax in February(the
bestcorrelatedmonth)areshavn asan examplein Figure 1. Figureson thetop
(laandl1b)shawv thatthemaximumin uence of the TmaxoverthelberianPenin-

sulawith respecto the SLP occursin the north+eastFor the secondattern this

8



in uence takesplaceover the centerzoneof the PeninsulaFigureslc and 1d).
The numbersbetweenthe mapsindicatethe correlationbetweertheir expansion
coefcients (canonicalcorrelation):0.90for the rst pairand0.84for thesecond
one.Thereis evidencethatthe rst canonicatorrelationpatternsarerelatedto the
EastAtlantic (EA) teleconnectiompattern(Bell andHalpert,1995)which agrees
with previousresults(SAenzetal., 2001,andreferencesherein),in the sensehat
temperaturever the IberianPeninsulas stronglyrelatedto the EA. In fact, the
correlationof the rst SLP canonicalkexpansioncoefcient andEA index is 0.83,
clearly signi cant to 95% con dencelevel, accordingto a Monte Carlotestwith
asamplesizeof 30, takinginto accounthereductionof thedegreesof freedomin
the seriesdueto temporalautocorrelationThe secondcanonicalcorrelationpat-
terns(Figureslc and 1d) arerelatedto the Arctic Oscillationindex (Thompson
and Wallace,1998). The correlationbetweenthe secondSLP canonicalcoef-
cientandthe AO index is -0.57,alsosigni cant to 95%. Theseresultsgive usa
betterunderstandingf thevariability of temperatur@verthelberianPeninsulan
termsof the o w of enthalfy by themean o w (SAenzetal., 2001);this interpre-
tationis straightforvard andthereis no needto take into accountary nonzlinear
responséo the NAO index (Castro-D%ezetal., 2002).

Tablel depictsthecanonicakorrelationresultsfor every month. Therelation-
shipobtainedbetweenTmaxandSLP corroborateshe appropriatauseof SLPto
estimatelT maxoverthelberianPeninsulaisingthis CCAtbasedtatisticaldown-

scalingmodel.

3.2 Validation

The next issueis to validatethe statisticaldownscalingmodel. Two different
datasetsvere consideredas predictorsto obtainthe maximumtemperatureesti-

matedwith thedownscalingmodel,the NNR andERA-40.



To estimatethe error owing to the downscalingmethodthe sameNNR series
usedin theformulationof the CCA model(1950+1979areusedaspredictor The
seriesestimatedn this way representhe maximumpredictability of the model
only conditionedby the numberof modesselectedn the prez Itering principal
componentanalysis. The correlationmapsbetweenTmax obsened and Tmax
estimatedoy the downscalingmodelareshovn in Figure 2 for the monthsof an
extendedwinter (November DecemberJanuaryandFebruary).The stationswith
a signi cant correlationat 95% con dencelevel aresurroundedy a circle. The
signi cance level was obtainedwith a Monte Carlo test on the correlationco-
efcient of synthetictime seriestaking into accountthe autocorrelatiorof each
series.Every mapshaws signi cant correlationcoefcients but highervaluesare
obtainedin Decembe(Figure2b) andFebruary(Figure2d) wherethe valuesare
signi cant at 95% in most cases. The other months(not shavn) presentsimi-
lar valueswith signi cant correlationsin mostof the stations. The factthat the
downscalingmodelitself usingdatafrom the reanalysigs not ableto obtainval-
uessigni cant at 95%in mostof the obsenation sitesmeanghatwe areusingit
in arathertruncatedvay in orderto avoid problemsderivedfrom over tting.

ERA-40dataaretakeninto accountin theinitial conditionsusedto produce
themodelsincludedin the DEMETER projectand,moreimportantly they repre-
sentanindependentatasetwhich would be a "perfectmodel”. For this reason
ERA-40SLPis usedin this partof the studyto validatethedownscalingmodelin
adifferentperiodandwith adifferentdataseto thatusedfor calibration.With the
ERA-40SLPanomalyfrom 1980to 2001aspredictor theresultsfor theextended
winter monthsareshawn in Figure 3. For theseERA-40 reanalysidatabut for
the periodof time whichis goingto beusedwith the DEMETER models theval-
uesof correlationaresimilar althoughslightly lower thantheonesin Figure2. In

NovemberandJanuary(Figures3aand3c) the correlationcoefcients arelower
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thanin Decembe(Figure3b) andFebruary(Figure3d) whenthe mapsshaw sig-
ni cant correlationat 95% in moststationsof the Iberian Peninsula.The same
resultswere obtainedfor theseandthe restof the monthsusingNNR datafrom
1979to 2001aspredictor The valuesshown in Figure3 for ERA-40 andthose
from the NNR data(not shavn) merit somecommentsegardingthelow correla-
tionsobtainedn severalsitesin somemonthsbetweerobseredanddownscaled
temperatureeven whenusingreanalysisiata. We believe that this is dueto the
factthat the eigervectorsare quite degenerateecausehe sampleis small. In
orderto show this, a projectionof the NNR, ERA-40andmultitmodelensemble
dataduringthevalidationperiodis shovn againstheeigervalueorderfor January
in Figure4. We canobsene thatthe varianceof eachprojectiondoesnot always
decreaseavith anincreasingeOF order asshouldbe expectedf the samplewere
large enoughto maintaina low degenerag.

Theresultsof the statisticalmodelvalidationfor the extendedwinter months
shown, andfor therestof the year(not shawvn), indicatethatthe statisticaimodel
is mostlywell designedandthatthe resultsobtainedareconsistentvith obsena-

tions,asexpectedvhenreanalysisiataareusedaslarge+scalenput.

4 Forecastbasedon predictorsfrom DEMETER

In this sectiona comparisorof the statisticaldownscalingestimatesandobsened
maximumtemperatur@anomaliess analyzedvhenthemodelsof the DEMETER
projectaretakenaspredictors.Oneof theinterestsn performingthis studywasto
quantify the advantageof usingensembleredictionsinsteadof single models.
Therefore,the resultsobtainedfrom the multitmodel ensemblemeanare con-
trastedwith the estimationdy the individual models.The analysisis carriedout

for the period1980to 2001, whichis thetime madeavailableby the DEMETER
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projectto date.

Figure5 shaws the spatialdistributions of the correlationbetweenobsenred
and estimatedmaximumtemperaturausing the multitmodelensembleneanas
predictorfor themonthsNovemberto February Theskill variesdependingnthe
monthandlocation. In NovemberandDecembeKFiguresSaandb respectiely)
the highestcorrelationcoefcients are obtainedtowardsthe northxwesterrpart
andthe Mediterranearcoastwhile they are highestin the westand centralpart
in January(Figure5c) andsubstantiallyhigherin February(Figure5d) especially
over the centerof the Iberian Peninsula.The goodresultsobtainedin February
aredueto two reasons:rst, it is themonthbestrepresentethy the downscaling
model,asshovn in Figures2d and3d andthe canonicalcorrelationson Table 1,
andsecondjt is oneof the monthsin which the DEMETER hindcastsstartfrom
initial conditions.Theseaspectaffecttheresultscalculatedvith the multitmodel
ensembleneanfor this month.

Thecorrelationmapsobtainedoetweerobsenedandestimatedrmaxin early
seasonareshavn in Figure6. We have worked with early seasonso includein
thesameseasorthreemonthswhich belongto the samehindcasiproducedoy the
DEMETER projectand,at the sametime, to considerthe startingmonth. Taking
into accounthatthe DEMETERNhindcastarestartedrom FebruaryMay, August
andNovemberinitial conditionsandthateachhindcasthasbeenintegratedfor 6
months,the early seasongomprise:February March and April asspring; May;,
June,July as summer;August, Septemberand Octoberas autumn; Novembey
Decemberand Januaryaswinter. The mostsigni cant correlationvaluescorre-
spondto early spring,asshown in Figure6a. We expectedthis resultbecauset
includesFebruary which providesthe bestcorrelationbetweenestimationsand
obsenationsas explainedabove (Figure 5d). On the otherhand,in early win-

ter (Figure6d) somesigni cant correlationvalueswere obtainedn the centerof
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IberianPeninsulandtowardsthe Mediterraneamoastwhich agreewith previous
resultsobtainedin November Decembeland January(Figures5a, b andc). On
the contrary in summerandautumn(Figures6b andc, respectiely), the correla-
tion coefcients arelower andnotsigni cant in any signi cant amountof points.
This maybebecausé¢herelationshipbetweernmaxandlargetscaleéSLP patterns
is lower duringthesemonthsand,also,becausét re ects a seasonatlependence
suggestedby mary authorgHalpertandRopelavsky, 1992;Wilby, 1993;Palmer
andAnderson,1994)andcon rmed to reachmaximumpredictabilityduringwin-
ter and spring seasonsn the framework of the PROVOST project multitmodel
ensemblgPavanandDoblas-Rges,2000).

In orderto know theimprovementof the multitmodelensemblavith respect
to theindividual modelsof the DEMETER project,statisticaldownscalingis ap-
plied to predictorsselectedirom the individual models. The correlationmaps
betweerestimatecandobsened maximumtemperatureglependon themonth,the
modelandtheinitial condition. In generalthe correlationis higherin February
for mostof the modelsandinitial conditions. This aspects re ected in Figure
7, which shaws the correlationmapsbetweenobsered andestimatednaximum
temperaturaisingthe multitmodelensemblenean(Figure 7a) andthe different
individualmodels(Figures7bth)aspredictoran February For eachof thediffer-
entmodelrunsprovidedby the DEMETER project,the estimatedseriesn Figure
7 correspondgo the meanof the seriesestimatedor every initial condition of
onesinglemodel. The gure shonsthatthecorrelationcoefcients aresigni cant
at 95%in nearlyevery stationof the differentmapscorrespondindo individual
modelsandthe multitmodelensemblenean. Someexceptionsare derived with
theINGV (Figure7d) andthe MaxP (Figure7h) modelswhich showns hardly sig-
ni cant correlationcoefcients.

In the othermonthsthe correlationdependsnoreon the modelandtheinitial
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condition selectedand the valuescan be very differentbetweenthe nine initial
conditionsof onemodel(notshawvn). This aspectevealsthatthe estimatednax-
imum temperaturérom the proposedstatisticaldownscalingtechniqueis very
sensitve to themodelformulationandits initial conditionsfor the selectedarea.

Althoughthe multitmodelensembleenhancegpredictioncapabilitieswith re-
spectto singlemodels,thereare somedisadwantagewing to the variability re-
ductionasa consequencef averagingmodels.Figure8 shavs the varianceratio
of estimatedio obsered maximumtemperaturdgor the multitmodelensemble
meanandthe singletmodekensemblaneansasin Figure7 in February There
is anunderestimatiomf variancein the caseof the multitmodelensemblenean
(Figure8a)in relationto the obsenations,especiallyin the southernpart of the
IberianPeninsulaasa consequencef theaveragingof modelsto obtainthe pre-
dictor eld in the statisticaldownscalingmodel. The correspondingnapsfor the
individual DEMETER models(Figures8bzh)alsore ect variancereductionbut
the factoris lower thanthat of the multitmodelensembleowing to the smaller
numberof elementsn thesingletmodeknsemblesWith averaging(Figures8b+
h) the varianceof the estimatedseriesunderestimatethe varianceof the obser
vations, speci cally in the southand on the Mediterranearcoast,and without
averaging(not shavn), in generalfor every initial conditionandmodel,the vari-
anceof the obsenationsis overestimatedy the statisticaldownscalingmodel,
particularlyin the northwesbf the IberianPeninsula.

Somestationsin the centerof the IberianPeninsulashav betterestimatedo
obsenedvarianceratio in Februaryand,in thesecasesthe estimatedseriesbest
t thevariability of the obsenations.Figure9 shaws the performancef the esti-
matedseriedor themultitmodelensembleneanin contrasivith theobsenations
for threestationdlocatedin differentpartsof the IberianPeninsulgcentey south

andeast). The box andwhiskersrepresenthe DEMETER modelsspreadwhere
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thewhiskersshav theminimumandmaximumestimatedraluesandtheboxesthe
lower andupperquartiles.For clarity, only a fourtyearperiodfrom 1989to 1992
is shavn. The selectedstationscorrespondo Valladolid, locatedin the centet
westof the IberianPeninsulaSevilla, in the south,andCastelon, in the east.In
generatheestimatedraluesusingthemultitmodelensembleneanunderestimate
thevarianceof the obsenationsbut thesevaluesarecloserto reality in the winter
monthswherethe variability of the obsenationsduringthesemonthsis well rep-
resentedn the estimatedseries.Thespreaddf theindividual modelsis smallerin
stationslocatedalongthe Mediterranearcoast(e.g. Castelfon, in Figure9) but,
in generaltheresultsobtainedwith individual modelstendto over or underesti-
matethe real value of maximumtemperatureindthoseresultscorrespondindo
the multitmodelmeanmore closely approximateto the obsenationsin spite of
theunderestimationf the obseredvariability.

Sincenot all modelsshowv the samebehaior over the Iberian Peninsulathe
skill of the estimatednaximumtemperatureserieswith the multitmodelensem-
ble meanandtheindividual modelsby DEMETER is analyzedusinga common
measureof forecastveri cation, the Brier Skill Score(BSS)relatingto a fore-
castbasedon climatology Table 2 showns the meanof the BSS obtainedfrom
eachstationfor the estimatedseriesusingthe multitmodelensembleneanand
the individual modelsfor 6 events(anomalyabove 1, 0.6 and0.4 standardevi-
ationandbelow -0.4,-0.6 and-1 standarddeviation) in Februarywhich wasthe
bestpredictedmonth. In orderto calculatethe BSS, the biasesof theseseries
areconsideredn the estimateof the probability of theseeventsfor eachstation.
Accordingto BSSvalues,the modelsshavn in Table 2 forecastbetterthanthe
climatologythe eventsbelow -0.4 and-0.6 standarddeviation wherethe BSSis
higherthanzero. The valuesaredifferentdependingon the modelandthe event,

butin generalthemultitmodelensembleneanpresentpositive valuesespecially
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in the mostextremeevents,andINGV andMaxP arethe modelswhich present
lower BSSvalues,with forecastseingworsein mostcases.If we analyzethe
BSSin differentpartsof the IberianPeninsulanot shavn), the multitmodelen-
sembleandthe individual modelsshown positive andhighervaluesin the central
andwesternpartsof the Iberian Peninsulaandworseforecastghan climatology

onthe Mediterraneamoast.

5 Conclusions

A quantitatve assessmenif the predictability of monthly/seasonamaximum
temperatureover the Iberian Peninsulaconsideringthe combinationof a multix
model ensembleof coupledAOGCMsanda CCAtbasedmonthly tted down-
scalingmodelhasbeencarriedout.

Resultsshowv thatthe downscalingmodelworkswell in generaldespitesome
errorswhich canbetracedto sampledegenerag owing to thesmallsampldength
available.

In generalfrom the applicationof the downscalingmodelto the DEMETER

results,it is seenthat predictabilityis a function of obsenation site and month.
Thereareseveral causesvhich explain this fact: First, obsened (reanalysisiand
DEMETER ensembletmeamain modesof variability do not coincide. There-
fore, when DEMETER anomaliesare projectedonto the correspondingspatial
adjointpatternsyesultsdo notre ect sufciently high canonicalkexpansioncoef-
cients. Thereforethesecoefcients arenotalwaysvalid to reconstrucbbsered
anomaliesSecondduringsomepartsof theyear therelationshipbetweerlargex
scaleandregionalinformationis wealer thanin others.This makesthedownscal-
ing modelitself performvery differentlyin differentmonths.

In ary case,for the Iberian Peninsulaguantitatvely valuablepredictability
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seemdimited to the initialization month or, by extension,to the corresponding
earlyseasorfthis appliesto winter andspring,only).

Varianceof the predictedseriesusingmodelensemblas alwaysmuchlower
thanobsenred, andthis canbe explainedby two reasons First, the downscaling
methoditself producesa lossin the variancefraction that cannotbe recovered,
evenwith a perfectmodel. Secondthe ensemblenatureof the prediction,when
averagingits differentmembersmakestheanomaliesn the SLP (predictor) eld
alwaysmuchwealer thanobseredones.Thereforejn the analysisof thedown-
scaleddataandtheir relationshipwith obsened anomaliesthis lossof variance
mustbe explicitly takeninto account.

Singletmodeensemblebave alsobeenanalyzed Correlationresultsareabit
lowerthanfor themultitmodelensemblegxceptfor theINGV andMaxP models,
which shav pooreragreementvith obsenationsthantherestof themodels.

In generalthe estimatedT max serieswith the multitmodelensemblenean
underestimatéhe obsenrationsbut in winter monthstheforecastdetterrepresent
therealvariability especiallyin stationdocatedin the centerof thelberianPenin-
sula. With individual models the approximatiorto the obsenationsis lower and
tendsto over or underestimatéhe obsenationsbecausehe spreadn generalis
high.

The comparisorof the DEMETER multitmodelensembleredictionsystem
plusaCCAtbasedlownscalingmodelwith aseasongbredictionsystembasedn
the climatologyshaws that predictabilityis higherthanthe climatologyin events
below -0.4 and-0.6 standarddeviation. It is the samefor the DEMETER models
exceptfor INGV andMaxP modelswhich againshov worseresults. In general
the predictability of extremeeventsis higherin the westernand centralpartsof

thelberianPeninsulaandlower on the Mediterraneartoast.
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SLPTmax CCl1 CC2 CC3

Jan 4,2 084 037 -
Feb 4,2 0.90 0.84 -
Mar 3,3 0.86 0.55 0.34
Apr 3,2 0.83 043 -
May 3,3 0.77 0.57 0.10
Jun 4,3 0.88 0.65 0.20
Jul 4,3 0.75 0.65 0.46

Aug 4,2 0.75 0.09 -
Sep 4,2 0.82 071 -
Oct 4,3 0.92 0.77 0.40
Nov 4,2 0.80 0.53 -
Dec 4,2 0.79 0.69 -

Table 1: Truncationof the original elds (numberof EOFs(SLP, Tmax)) and

canonicakorrelationdor eachmonth.

23



1.0s 0.6s 0.4s -0.4s -0.6s -1.0s

ensemble 0.10 -0.20 -0.14 0.52 0.41 0.14
CERFACS 0.03 -0.12 0.08 0.54 0.44 -0.19
ECMWF -0.19 -0.26 -0.04 0.54 0.43 -0.06
INGV -1.10 -1.13 -090 0.13 0.10 -0.46
LODYC -0.03 -0.05 -0.14 0.37 0.28 -0.11
METFR 0.34 0.11 0.16 0.45 0.40 -0.18
MET OF -0.25 -0.17 -0.07 0.36 0.34 -0.09
MaxP -1.02 -062 -0.30 0.34 0.21 -0.40

Table2: Valuesof Brier Skill Score(BSS)for the multitmodelensemblemean
andDEMETER modelsin Februaryfor 3 events(anomalyexceedingl.Os, 0.6s
and0.4s andanomalybelow -1.0s, -0.6s and-0.4s).
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Figurel: The rst two canonicalcorrelationpatternscorrespondindgo sealevel

pressureandmaximumtemperaturén Februaryandthe correspondinganonical

correlation.
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Figure2: Correlationmaps( 100)betweerobsened maximumtemperaturand
statisticalmodeloutputusingNNR 1950+197%dataaspredictor (a) November
(b) December(c) January(d) February
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Figure3: AsFig. 2 butusingERA-401980+200Mataaspredictor (a) November
(b) December(c) January(d) February
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Figure 4: log,,s? of the projectionof validation data(NNR, ERA-40, multi+

modelensembleandof the PCsagainstorderof eigervaluein January
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a) November b) December
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Figure5: As Fig. 2 but usingmultitmodelensemblaneandataaspredictor (a)

November (b) December(c) January(d) February
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Figure6: Correlationmapsbetweermaximumtemperatur@bsenedandstatisti-
calmodeloutputusingmultitmodelensembleneanaspredictorfor earlyseasons.

(@) spring(FMA), (b) summer(MJJ),(c) autumn(ASO), (d) winter (NDE).

30



Figure7: Spatialdistribution of correlation( 100) betweemmaximumtempera-
ture estimatecandobsenedin Februaryusingmultitmodelensembleneanand
DEMETER modelsas predictors. (a) Multitmodel ensemblemean, (b) CER-
FACS, (c) ECMWE, (d) INGV, (e) LODYC, (f) METFR, (g) METOF. (h) MaxP
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Figure 8. Ratio of estimatedand obsened maximum temperaturevariances
( 100)in Februaryusingmultitmodelensembleneanand DEMETER models
aspredictor (a) multitmodelensemblanean,(b) CERFACS, (c) ECMWE, (d)
INGV, (e) LODYC, (f) METFR, (g) METOF, (h) MaxP
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Figure9: Valuesof obsened andestimatednaximumtemperaturaising multi
modelensembleneanand DEMETER modelsas predictorfrom 1989to 1992.
(a) Valladolid, (b) Sevilla, (c) Castellfon.
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