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Abstract

Themulti–modelensemblefor seasonalto interannualpredictiondevel-

opedin theEuropeanprojectknown asDEMETERhasbeenusedto quan-

tify the operationalpredictability of monthly maximumtemperatureover

theIberianPeninsula.Statisticaldownscalingbasedon CanonicalCorrela-

tion Analysisis appliedto increasethespatialresolutionavailablefrom the

globalmodels.Thedownscalingformulationmakesuseof therelationships

betweenthe North Atlantic sealevel pressureand maximumtemperature

over theIberianPeninsula.

Maximum temperatureestimatedfrom the multi–modelensembleand

the singlemodelsareexaminedagainstthe observations. The modelskill

is characterizedby meansof correlation,variancefraction andBrier skill

score. The resultssuggest:the advantageof usinga multi–modelensem-

ble insteadof singlemodelsof DEMETER; thedownscalingmodelworks

properlyin winter andspring,despitesomeproblemsowing to samplede-

generacy; thepredictabilityis almostconstrainedto theinitializationmonths

of theDEMETERensemble.

1 Intr oduction

GeneralCirculationModels(GCMs)areableto reasonablysimulatethebehaviour

of large±scaleatmospheric�elds, suchassealevel pressure.They simulatemore

or lessproperlylow±orderzonal±wavenumberfeatures,but they arenot asaccu-

ratewhenit comesto the simulationof high±orderzonal±wavenumberfeatures.

TheGCM restrictionsin low scalescanbepartly explainedby their limited hori-

zontalresolution(von Storchetal., 1993).

Regional informationis requestedin many hydrologicalor ecologicalstudies

makingit necessaryto downscaletheGCM's outputs.For this purpose,different
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downscalingtechniqueshavebeendevelopedastoolsfor interpolatinglargescale

informationinto alocalor regionalscale(Wilby andWigley, 1997;Zoritaandvon

Storch,1997;Murphy,1999).Downscalingtechniquesarealsocommontoolsin

operationalweatherforecasting(Billet et al., 1997;Benestad,2002)andtheiruse

with theDEMETERmodelsis a naturalcontinuationof theDEMETERproject.

In this work, statisticaldownscalingis usedto forecastmaximumtemperature

which cannotbe predictedwith suf�cient accuracy with GCMs. We assessthe

methodto be appliedin seasonalforecastingover a midlatituderegion, suchas

theIberianPeninsula.

GCM predictionsare sensitive to initial conditionsand uncertaintiesin the

modelparameterization(Barnett,1999;PalmerandAnderson,1994;Boeret al.,

1992). In fact, the global climatesystemis not completelypredictablein terms

of theexisting initial conditions.The problemof thesensitivity to initial condi-

tions is usuallyovercomethroughthe useof an ensembleof predictionsstarted

from different initial conditions(Palmer et al., 1998; Toth and Kalnay, 1993).

However, uncertaintiesalsoarisefrom an incompleterepresentationof reality in

the formulationof differentmodels. Thus,differentmodels(even highly trun-

catedones)startedfrom identicalinitial conditionswill yield differentresultsaf-

ter someforecasttime (Palmer,1999). Therefore,in orderto obtainresultsnot

dependenton the model formulation,a multi±modelensemblesystemhasbeen

developedover the last few yearsby runningglobal seasonalforecastsin hind-

castmode.SeveralEuropeanmeteorologicalcenterscontributeto theDEMETER

project(Developmentof a EuropeanMulti±modelEnsemblesystemfor seasonal

to inTERannualprediction),whichcomprisesa totalof sevenglobalatmosphere±

oceancoupledmodels,eachrunningfrom anensembleof nine initial conditions

(Palmeretal., 2003).Thedatausedin thispapercorrespondto themodelsdevel-

opedin theseEuropeancenters(ECMWF, MÂetÂeo±France,LODYC, Met±Of�ce,
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MPI, CERFACSandINGV). TheDEMETERhindcastsarestartedfromFebruary,

May, AugustandNovemberinitial conditionsandeachhindcastis integratedfor 6

months.Thissetof quasi±independentmodelswith differentinitial conditionsal-

lows usto accountfor thein�uence of errorsin bothinitial conditionsandmodel

parameterizations.In a previous Europeanproject, PROVOST (PRedictionOf

climateVariationsOn SeasonalTimescales),theability of a multi±modelensem-

ble to producemorereliableprobability forecastsof seasonalclimateanomalies

thansingle±modelensembleswasdemonstrated(PalmerandShukla,2000).The

multi±modelability wasalsoobtainedin otherstudiesin which datafrom differ-

entmodelsweretaken into account(Stefanova andKrishnamurti,2002;Doblas-

Reyesetal., 2000).

We take for grantedthehypothesesquotedaboveandstatethemasfollows to

confrontourproblem,whichis toanalyzethefeasibilityof performingoperational

seasonalforecastson thebasisof theresultsfrom theDEMETERproject.

� A multi±modelensemblepredictionsystem,liketheoneusedin theDEME-

TER project,is ableto representto someextent thelarge±scalefeaturesof

the climate systemand provide usableseasonalforecastsof theselarge±

scale�elds (sealevel pressurein ourcase)

� Surfacevariables(Maximum temperaturein this paper)show a clear re-

lationshipwith large±scaleatmospheric�o ws aroundthestudiedarea(the

IberianPeninsulain thispaper)

� Amongst the plethoraof downscalingtechniquesavailable, we selected

CanonicalCorrelationAnalysisasthetool to provideapropertransferfunc-

tion from thelarge±scale�eld to theregionalinformationneeded.Consider-

ing thattheforecastis aimedat seasonal/monthlyvaluesof maximumtem-

peratureandthat this variableis quite normally distributed,it is not clear
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that othernon±lineartechniquessuchasanalogs(Zorita andvon Storch,

1999;FernÂandezandSÂaenz,2003)will bebestsuitedfor thisproblem.

With theseassumptionsin mind,themainobjectiveof thispaperis to analyze

thefeasibility of performingoperationalseasonalforecastsof maximumtemper-

atureover the IberianPeninsulaon the basisof the resultsfrom the DEMETER

project. This feasibility will be measuredin termsof a quantitative assessment

of themonthly/seasonalpredictabilityof maximumtemperatureover the Iberian

Peninsulaby meansof thecombinedstrategy of numericalmulti±modelensemble

seasonalforecastsplusdownscalingtechniques.

Theoutlineof thepaperis asfollows: thedatasetsconsideredfor thisstudyare

describedin section2. Section3 presentstheprocedureto downscalemaximum

temperature,which takesinto accounttherelationshipsbetweenobservedmaxi-

mumtemperatureandsealevelpressurebasedonCanonicalCorrelationAnalysis.

Thissectionincludesthecalibrationandvalidationsteps.Theresultsobtainedby

applyingthe statisticalmodelto the DEMETER outputarepresentedin section

4; theestimatedvaluesusingmulti±modelensembleandsinglemodelsareevalu-

atedagainsttheobservationsusingdifferentstatisticaltests.Themostsigni�cant

�ndings andconclusionsarepresentedin section5.

2 Data sets

Thiswork makesuseof instrumental,reanalysisandmodeldatafrom theDEME-

TERproject.

Stationdatafor monthlymaximumtemperature(Tmax)wereprovidedby the

MeteorologicalInstitutesof Spainand Portugaland correspondto 55 stations

evenlydistributedover theIberianPeninsulafrom 1950to 2001.Their locationis

shown on theright panelsof Figure1.
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Monthly sealevel pressure(SLP) was consideredas predictor and it was

drawn from threedifferentsources:theNCEP/NCARReanalysis(NNR onwards)

(Kalnay et al., 1996) from 1950 to 2001, the ECMWF ERA-40 from 1980 to

2001, and from the modelsof the DEMETER project, available from 1980 to

2001. The 7 � 9 ensemblemembersprovided by this projectwereusedindivid-

ually andalso the full set of thesemodelshasbeenemployed to constructthe

multi±modelensemblemean.All of theSLPdataarede�ned on thesameregu-

lar latitude±longitudegrid of resolution2.5
�

� 2.5
�

, coveringthearea60
�

W±20
�

E

and30
�

±65
�

N correspondingto theNorthAtlantic area(seeFigure1, left panels).

Both SLPandTmaxdataweredivided into two periodsof time. Oneperiod

spansthe interval from 1950to 1979,which is usedto train thestatisticaldown-

scalingmodelusingSLP datafrom NNR andobserved Tmax data. The other

periodcovers the interval 1980to 2001(whenthe DEMETER projectdataare

available)andis usedto validatethe downscalingmodel. In this caseSLP data

from both ERA-40 and DEMETER modelsand Tmax data from observations

areanalyzed.ERA-40 datais a proxy to a ”perfect±prog”modeland is meant

to yield a measureof the bestforecastavailable, limited by the accuracy of the

downscalingmodelalone.ThecomparisonbetweenobservedTmaxandthosees-

timatedfrom DEMETERandthedownscalingmodelyieldsanestimationof the

predictabilitywhich canbeachievedon thebasisof stateof theart GCMsplusa

CCA±baseddownscalingmodel.

Monthly SLP andTmax anomalieswerecalculatedfrom the corresponding

monthlyclimatologyof NNR andinstrumentaldatafrom theperiod1950to 1979.

Theseclimatologydatawerealsousedto computeanomaliesduring the second

period(1980±2001);theNNR climatologywasusedto computeSLPanomalies

for theERA-40andDEMETERdataandthe1950±79observedTmaxclimatol-

ogy for theobservedTmaxdatafrom 1980to 2001.It canbeshown thatthebias
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existingbetweendifferentmodelsandreanalysiswill beconvertedto atemporally

constant,spatiallyvariablebiasin the downscaledtemperature�eld. Therefore,

noneof themainvalidationscoresusedin thispaperwill beaffectedby thisde�-

nition of theanomalies.

3 Downscalingmodel

In this studywe usedCanonicalCorrelationAnalysis(CCA) to obtainthe rela-

tionshipbetweenmaximumtemperature(Tmax
�

t � y� ) over the IberianPeninsula

andsealevel pressure(SLP
�

t � x� ) correspondingto theNorthAtlantic area.Thus,

theanomaly�elds areexpressedasa linearcombinationof their canonicalcorre-

lationpatterns(CCPs)pk
�

x� andqk
�

y�

SLP
�

t � x��� å
k

ak
�

t � pk
�

x� (1)

Tmax
�

t � y��� å
k

bk
�

t � qk
�

y� (2)

whereak
�

t � andbk
�

t � aretheir temporalexpansioncoef�cients.

The CCA is not applieddirectly to Tmax andSLP data. A principal com-

ponenttruncationwasmadeto pre±�lter the data,eliminatingspatialnoiseand

correlationbetweendifferentlocations,while accountingfor mostof thevariance

(BarnettandPreisendorfer, 1987).

As aresultof theCCA,ak andbk areoptimallycorrelatedandif SLPis known

at a particulartime t � (output from a GCM), an estimationof Tmax is possible

using a simple linear regressionbetweenboth canonicalexpansioncoef�cients

(von Storchetal., 1993).

ak
�

t �

��� SLP
�

t �

� x� pA
k

�

x� (3)
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Tmax
�

t �

� y��� å
k

r kak
�

t �

� qk
�

y� (4)

wherer k denotestheregressioncoef�cient (which canbedemonstratedto be

equalto the canonicalcorrelation)and pA
k

�

x� arethe adjoint canonicalpatterns

(von StorchandNavarra,1995). This simplestatisticalmethodis a goodchoice

in this kind of studywhena strongrelationshipbetweenlargeandregionalinfor-

mationexists.Theability of thisapproachis evaluatedin thenext section.

3.1 Calibration

TheCCA methodwasappliedon a monthlybasisto the �rst few principalcom-

ponentsobtainedfrom TmaxobservationsandSLPdatafrom NNR for a30±year

period(1950±1979).Thesedatawerepreviously detrendedon a grid point basis.

Thetrendis recoveredby projectingtheSLP�eld with trendon equation3. The

numberof principalcomponentsconsideredto pre±�lter eachdatasetwasdeter-

minedby applyingtheNorthetal. (1982)testandaMonteCarlotestbasedonthe

congruencecoef�cient (Chengetal.,1995).In accordancewith thesetests,two or

threemodeswereselected,dependingon themonth,for Tmaxandthreeor four

modesfor theSLP(seeTable1). Thechosenmodesarestable,non±degenerated

with the rejectedonesandthey describemorethan80% of the total variancein

eachcase.For instance,in February2 and4 modeswereconsideredfor Tmaxand

SLP, respectively, which accountfor 88%and92%of the total varianceof each

�eld.

CCA wasappliedto the previously truncated�elds. In somecases,the �g-

uresof canonicalcorrelationyield very low values(seeTable1). The �rst two

canonicalcorrelationpatternscorrespondingto SLP andTmax in February(the

bestcorrelatedmonth)areshown asan examplein Figure1. Figureson the top

(1aand1b)show thatthemaximumin�uenceof theTmaxovertheIberianPenin-

sulawith respectto theSLPoccursin thenorth±east.For thesecondpattern,this
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in�uence takesplaceover the centerzoneof the Peninsula(Figures1c and1d).

Thenumbersbetweenthemapsindicatethecorrelationbetweentheir expansion

coef�cients (canonicalcorrelation):0.90for the�rst pair and0.84for thesecond

one.Thereis evidencethatthe�rst canonicalcorrelationpatternsarerelatedto the

EastAtlantic (EA) teleconnectionpattern(Bell andHalpert,1995)which agrees

with previousresults(SÂaenzetal., 2001,andreferencestherein),in thesensethat

temperatureover the IberianPeninsulais stronglyrelatedto the EA. In fact, the

correlationof the�rst SLPcanonicalexpansioncoef�cient andEA index is 0.83,

clearlysigni�cant to 95%con�dencelevel, accordingto a MonteCarlotestwith

asamplesizeof 30,takinginto accountthereductionof thedegreesof freedomin

theseriesdueto temporalautocorrelation.Thesecondcanonicalcorrelationpat-

terns(Figures1c and1d) arerelatedto the Arctic Oscillationindex (Thompson

andWallace,1998). The correlationbetweenthe secondSLP canonicalcoef�-

cientandtheAO index is -0.57,alsosigni�cant to 95%. Theseresultsgive usa

betterunderstandingof thevariability of temperatureovertheIberianPeninsulain

termsof the�o w of enthalpy by themean�o w (SÂaenzetal., 2001);this interpre-

tation is straightforwardandthereis no needto take into accountany non±linear

responseto theNAO index (Castro-DÂõezetal., 2002).

Table1 depictsthecanonicalcorrelationresultsfor everymonth.Therelation-

shipobtainedbetweenTmaxandSLPcorroboratestheappropriateuseof SLPto

estimateTmaxover theIberianPeninsulausingthisCCA±basedstatisticaldown-

scalingmodel.

3.2 Validation

The next issueis to validatethe statisticaldownscalingmodel. Two different

datasetswereconsideredaspredictorsto obtainthe maximumtemperatureesti-

matedwith thedownscalingmodel,theNNR andERA-40.
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To estimatetheerrorowing to thedownscalingmethodthesameNNR series

usedin theformulationof theCCA model(1950±1979)areusedaspredictor. The

seriesestimatedin this way representthe maximumpredictabilityof the model

only conditionedby the numberof modesselectedin the pre±�ltering principal

componentanalysis. The correlationmapsbetweenTmax observed andTmax

estimatedby thedownscalingmodelareshown in Figure2 for themonthsof an

extendedwinter (November, December, JanuaryandFebruary).Thestationswith

a signi�cant correlationat 95%con�dencelevel aresurroundedby a circle. The

signi�cance level was obtainedwith a Monte Carlo test on the correlationco-

ef�cient of synthetictime seriestaking into accountthe autocorrelationof each

series.Every mapshows signi�cant correlationcoef�cients but highervaluesare

obtainedin December(Figure2b) andFebruary(Figure2d) wherethevaluesare

signi�cant at 95% in most cases.The othermonths(not shown) presentsimi-

lar valueswith signi�cant correlationsin mostof the stations.The fact that the

downscalingmodelitself usingdatafrom thereanalysisis not ableto obtainval-

uessigni�cant at 95%in mostof theobservationsitesmeansthatwe areusingit

in a rathertruncatedway in orderto avoid problemsderivedfrom over�tting.

ERA-40dataaretaken into accountin the initial conditionsusedto produce

themodelsincludedin theDEMETERprojectand,moreimportantly, they repre-

sentan independentdatasetwhich would bea ”perfectmodel”. For this reason

ERA-40SLPis usedin thispartof thestudyto validatethedownscalingmodelin

adifferentperiodandwith adifferentdatasetto thatusedfor calibration.With the

ERA-40SLPanomalyfrom 1980to 2001aspredictor, theresultsfor theextended

winter monthsareshown in Figure3. For theseERA-40 reanalysisdatabut for

theperiodof timewhich is goingto beusedwith theDEMETERmodels,theval-

uesof correlationaresimilaralthoughslightly lower thantheonesin Figure2. In

NovemberandJanuary(Figures3aand3c) thecorrelationcoef�cients arelower
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thanin December(Figure3b)andFebruary(Figure3d)whenthemapsshow sig-

ni�cant correlationat 95% in moststationsof the IberianPeninsula.The same

resultswereobtainedfor theseandthe restof themonthsusingNNR datafrom

1979to 2001aspredictor. Thevaluesshown in Figure3 for ERA-40andthose

from theNNR data(not shown) merit somecommentsregardingthelow correla-

tionsobtainedin severalsitesin somemonthsbetweenobservedanddownscaled

temperatureeven whenusingreanalysisdata. We believe that this is dueto the

fact that the eigenvectorsarequite degeneratedbecausethe sampleis small. In

orderto show this,a projectionof theNNR, ERA-40andmulti±modelensemble

dataduringthevalidationperiodis shownagainsttheeigenvalueorderfor January

in Figure4. We canobserve thatthevarianceof eachprojectiondoesnot always

decreasewith anincreasingEOForder, asshouldbeexpectedif thesamplewere

largeenoughto maintaina low degeneracy.

Theresultsof thestatisticalmodelvalidationfor theextendedwinter months

shown, andfor therestof theyear(not shown), indicatethatthestatisticalmodel

is mostlywell designedandthattheresultsobtainedareconsistentwith observa-

tions,asexpectedwhenreanalysisdataareusedaslarge±scaleinput.

4 Forecastbasedon predictors fr om DEMETER

In thissectionacomparisonof thestatisticaldownscalingestimatesandobserved

maximumtemperatureanomaliesis analyzedwhenthemodelsof theDEMETER

projectaretakenaspredictors.Oneof theinterestsin performingthisstudywasto

quantify the advantagesof usingensemblepredictionsinsteadof singlemodels.

Therefore,the resultsobtainedfrom the multi±modelensemblemeanare con-

trastedwith theestimationsby theindividualmodels.Theanalysisis carriedout

for theperiod1980to 2001,which is thetime madeavailableby theDEMETER
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projectto date.

Figure5 shows the spatialdistributionsof the correlationbetweenobserved

andestimatedmaximumtemperatureusingthe multi±modelensemblemeanas

predictorfor themonthsNovemberto February. Theskill variesdependingonthe

monthandlocation. In NovemberandDecember(Figures5aandb respectively)

the highestcorrelationcoef�cients areobtainedtowardsthe north±westernpart

andthe Mediterraneancoastwhile they arehighestin the westandcentralpart

in January(Figure5c)andsubstantiallyhigherin February(Figure5d)especially

over the centerof the IberianPeninsula.The goodresultsobtainedin February

aredueto two reasons:�rst, it is themonthbestrepresentedby thedownscaling

model,asshown in Figures2d and3d andthecanonicalcorrelationson Table1,

andsecond,it is oneof themonthsin which theDEMETERhindcastsstartfrom

initial conditions.Theseaspectsaffect theresultscalculatedwith themulti±model

ensemblemeanfor thismonth.

ThecorrelationmapsobtainedbetweenobservedandestimatedTmaxin early

seasonsareshown in Figure6. We have workedwith earlyseasonsto includein

thesameseasonthreemonthswhichbelongto thesamehindcastproducedby the

DEMETERprojectand,at thesametime, to considerthestartingmonth.Taking

into accountthattheDEMETERhindcastsarestartedfromFebruary, May, August

andNovemberinitial conditionsandthateachhindcasthasbeenintegratedfor 6

months,theearlyseasonscomprise:February, MarchandApril asspring;May,

June,July assummer;August,SeptemberandOctoberasautumn;November,

DecemberandJanuaryaswinter. The mostsigni�cant correlationvaluescorre-

spondto earlyspring,asshown in Figure6a. We expectedthis resultbecauseit

includesFebruary, which providesthe bestcorrelationbetweenestimationsand

observationsasexplainedabove (Figure5d). On the otherhand,in early win-

ter (Figure6d) somesigni�cant correlationvalueswereobtainedin thecenterof
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IberianPeninsulaandtowardstheMediterraneancoastwhichagreewith previous

resultsobtainedin November, DecemberandJanuary(Figures5a,b andc). On

thecontrary, in summerandautumn(Figures6b andc, respectively), thecorrela-

tion coef�cients arelowerandnot signi�cant in any signi�cant amountof points.

ThismaybebecausetherelationshipbetweenTmaxandlarge±scaleSLPpatterns

is lower duringthesemonthsand,also,becauseit re�ects a seasonaldependence

suggestedby many authors(HalpertandRopelewsky, 1992;Wilby, 1993;Palmer

andAnderson,1994)andcon�rmed to reachmaximumpredictabilityduringwin-

ter andspringseasonsin the framework of the PROVOST projectmulti±model

ensemble(PavanandDoblas-Reyes,2000).

In orderto know theimprovementof themulti±modelensemblewith respect

to theindividual modelsof theDEMETERproject,statisticaldownscalingis ap-

plied to predictorsselectedfrom the individual models. The correlationmaps

betweenestimatedandobservedmaximumtemperaturedependonthemonth,the

modelandthe initial condition. In general,thecorrelationis higherin February

for mostof the modelsandinitial conditions. This aspectis re�ected in Figure

7, which shows thecorrelationmapsbetweenobservedandestimatedmaximum

temperatureusingthemulti±modelensemblemean(Figure7a)andthedifferent

individualmodels(Figures7b±h)aspredictorsin February. For eachof thediffer-

entmodelrunsprovidedby theDEMETERproject,theestimatedseriesin Figure

7 correspondsto the meanof the seriesestimatedfor every initial conditionof

onesinglemodel.The�gure showsthatthecorrelationcoef�cients aresigni�cant

at 95%in nearlyevery stationof thedifferentmapscorrespondingto individual

modelsandthemulti±modelensemblemean.Someexceptionsarederivedwith

theINGV (Figure7d) andtheMaxP(Figure7h)modelswhich showshardlysig-

ni�cant correlationcoef�cients.

In theothermonthsthecorrelationdependsmoreon themodelandtheinitial

13



conditionselectedand the valuescanbe very differentbetweenthe nine initial

conditionsof onemodel(not shown). Thisaspectrevealsthattheestimatedmax-

imum temperaturefrom the proposedstatisticaldownscalingtechniqueis very

sensitive to themodelformulationandits initial conditionsfor theselectedarea.

Althoughthemulti±modelensembleenhancespredictioncapabilitieswith re-

spectto singlemodels,therearesomedisadvantagesowing to thevariability re-

ductionasa consequenceof averagingmodels.Figure8 shows thevarianceratio

of estimatedto observed maximumtemperaturefor the multi±modelensemble

meanandthe single±modelensemblemeans,asin Figure7 in February. There

is anunderestimationof variancein thecaseof themulti±modelensemblemean

(Figure8a) in relationto the observations,especiallyin the southernpart of the

IberianPeninsula,asa consequenceof theaveragingof modelsto obtainthepre-

dictor �eld in thestatisticaldownscalingmodel.Thecorrespondingmapsfor the

individual DEMETERmodels(Figures8b±h)alsore�ect variancereductionbut

the factor is lower thanthat of the multi±modelensembleowing to the smaller

numberof elementsin thesingle±modelensembles.With averaging(Figures8b±

h) the varianceof the estimatedseriesunderestimatesthe varianceof the obser-

vations,speci�cally in the southand on the Mediterraneancoast,and without

averaging(not shown), in generalfor every initial conditionandmodel,thevari-

anceof the observationsis overestimatedby the statisticaldownscalingmodel,

particularlyin thenorthwestof theIberianPeninsula.

Somestationsin thecenterof the IberianPeninsulashow betterestimatedto

observedvarianceratio in Februaryand,in thesecases,theestimatedseriesbest

�t thevariability of theobservations.Figure9 shows theperformanceof theesti-

matedseriesfor themulti±modelensemblemeanin contrastwith theobservations

for threestationslocatedin differentpartsof theIberianPeninsula(center, south

andeast).Thebox andwhiskersrepresenttheDEMETERmodelsspread,where
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thewhiskersshow theminimumandmaximumestimatedvaluesandtheboxesthe

lowerandupperquartiles.For clarity, only a four±yearperiodfrom 1989to 1992

is shown. The selectedstationscorrespondto Valladolid, locatedin the center±

westof theIberianPeninsula;Sevilla, in thesouth,andCastellÂon, in theeast.In

generaltheestimatedvaluesusingthemulti±modelensemblemeanunderestimate

thevarianceof theobservationsbut thesevaluesarecloserto reality in thewinter

monthswherethevariability of theobservationsduringthesemonthsis well rep-

resentedin theestimatedseries.Thespreadof theindividualmodelsis smallerin

stationslocatedalongthe Mediterraneancoast(e.g. CastellÂon, in Figure9) but,

in general,the resultsobtainedwith individual modelstendto over or underesti-

matethe real valueof maximumtemperatureandthoseresultscorrespondingto

the multi±modelmeanmorecloselyapproximateto the observationsin spiteof

theunderestimationof theobservedvariability.

Sincenot all modelsshow thesamebehavior over the IberianPeninsula,the

skill of theestimatedmaximumtemperatureserieswith themulti±modelensem-

ble meanandthe individual modelsby DEMETERis analyzedusinga common

measureof forecastveri�cation, the Brier Skill Score(BSS) relating to a fore-

castbasedon climatology. Table2 shows the meanof the BSSobtainedfrom

eachstationfor the estimatedseriesusingthe multi±modelensemblemeanand

the individual modelsfor 6 events(anomalyabove 1, 0.6 and0.4 standarddevi-

ationandbelow -0.4, -0.6 and-1 standarddeviation) in February, which wasthe

bestpredictedmonth. In order to calculatethe BSS, the biasesof theseseries

areconsideredin theestimateof theprobabilityof theseeventsfor eachstation.

Accordingto BSSvalues,the modelsshown in Table2 forecastbetterthanthe

climatologythe eventsbelow -0.4 and-0.6 standarddeviation wherethe BSSis

higherthanzero.Thevaluesaredifferentdependingon themodelandtheevent,

but in general,themulti±modelensemblemeanpresentspositivevaluesespecially
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in the mostextremeevents,andINGV andMaxP arethe modelswhich present

lower BSSvalues,with forecastsbeingworsein mostcases.If we analyzethe

BSSin differentpartsof theIberianPeninsula(not shown), themulti±modelen-

sembleandthe individual modelsshow positive andhighervaluesin thecentral

andwesternpartsof the IberianPeninsulaandworseforecaststhanclimatology

on theMediterraneancoast.

5 Conclusions

A quantitative assessmentof the predictability of monthly/seasonalmaximum

temperatureover the IberianPeninsulaconsideringthe combinationof a multi±

modelensembleof coupledAOGCMsanda CCA±basedmonthly �tted down-

scalingmodelhasbeencarriedout.

Resultsshow thatthedownscalingmodelworkswell in general,despitesome

errorswhichcanbetracedto sampledegeneracy owing to thesmallsamplelength

available.

In general,from theapplicationof thedownscalingmodelto theDEMETER

results,it is seenthat predictabilityis a function of observation site andmonth.

Thereareseveralcauseswhich explain this fact: First, observed(reanalysis)and

DEMETER ensemble±meanmain modesof variability do not coincide. There-

fore, when DEMETER anomaliesare projectedonto the correspondingspatial

adjointpatterns,resultsdo not re�ect suf�ciently high canonicalexpansioncoef-

�cients. Therefore,thesecoef�cients arenotalwaysvalid to reconstructobserved

anomalies.Second,duringsomepartsof theyear, therelationshipbetweenlarge±

scaleandregionalinformationis weaker thanin others.Thismakesthedownscal-

ing modelitself performverydifferentlyin differentmonths.

In any case,for the IberianPeninsula,quantitatively valuablepredictability
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seemslimited to the initialization monthor, by extension,to the corresponding

earlyseason(thisappliesto winterandspring,only).

Varianceof thepredictedseriesusingmodelensembleis alwaysmuchlower

thanobserved,andthis canbeexplainedby two reasons.First, thedownscaling

methoditself producesa loss in the variancefraction that cannotbe recovered,

evenwith a perfectmodel. Second,theensemblenatureof theprediction,when

averagingits differentmembers,makestheanomaliesin theSLP(predictor)�eld

alwaysmuchweaker thanobservedones.Therefore,in theanalysisof thedown-

scaleddataandtheir relationshipwith observedanomalies,this lossof variance

mustbeexplicitly takeninto account.

Single±modelensembleshavealsobeenanalyzed.Correlationresultsareabit

lowerthanfor themulti±modelensemble,exceptfor theINGV andMaxPmodels,

which show pooreragreementwith observationsthantherestof themodels.

In general,the estimatedTmax serieswith the multi±modelensemblemean

underestimatetheobservationsbut in wintermonthstheforecastsbetterrepresent

therealvariability especiallyin stationslocatedin thecenterof theIberianPenin-

sula.With individual models,theapproximationto theobservationsis lower and

tendsto over or underestimatethe observationsbecausethe spreadin generalis

high.

Thecomparisonof theDEMETERmulti±modelensemblepredictionsystem

plusaCCA±baseddownscalingmodelwith aseasonalpredictionsystembasedon

theclimatologyshows thatpredictabilityis higherthantheclimatologyin events

below -0.4and-0.6standarddeviation. It is thesamefor theDEMETERmodels

exceptfor INGV andMaxPmodelswhich againshow worseresults. In general

the predictabilityof extremeeventsis higherin the westernandcentralpartsof

theIberianPeninsulaandloweron theMediterraneancoast.
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SLP,Tmax CC1 CC2 CC3

Jan 4,2 0.84 0.37 -

Feb 4,2 0.90 0.84 -

Mar 3,3 0.86 0.55 0.34

Apr 3,2 0.83 0.43 -

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 0.71 -

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

canonicalcorrelationsfor eachmonth.
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� 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 -0.90 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

METOF -0.25 -0.17 -0.07 0.36 0.34 -0.09

MaxP -1.02 -0.62 -0.30 0.34 0.21 -0.40

Table2: Valuesof Brier Skill Score(BSS)for the multi±modelensemblemean

andDEMETERmodelsin Februaryfor 3 events(anomalyexceeding1.0s, 0.6s

and0.4s andanomalybelow -1.0s, -0.6s and-0.4s).
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Figure1: The �rst two canonicalcorrelationpatternscorrespondingto sealevel

pressureandmaximumtemperaturein Februaryandthecorrespondingcanonical

correlation.
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Figure2: Correlationmaps( � 100)betweenobservedmaximumtemperatureand

statisticalmodeloutputusingNNR 1950±1979dataaspredictor. (a) November,

(b) December, (c) January, (d) February.
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Figure3: AsFig. 2 butusingERA-401980±2001dataaspredictor. (a)November,

(b) December, (c) January, (d) February.
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Figure 4: log10s2 of the projectionof validation data(NNR, ERA-40, multi±

modelensemble)andof thePCsagainstorderof eigenvaluein January.
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Figure5: As Fig. 2 but usingmulti±modelensemblemeandataaspredictor. (a)

November, (b) December, (c) January, (d) February.
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Figure6: Correlationmapsbetweenmaximumtemperatureobservedandstatisti-

calmodeloutputusingmulti±modelensemblemeanaspredictorfor earlyseasons.

(a) spring(FMA), (b) summer(MJJ),(c) autumn(ASO), (d) winter (NDE).
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Figure7: Spatialdistribution of correlation( � 100)betweenmaximumtempera-

tureestimatedandobserved in Februaryusingmulti±modelensemblemeanand

DEMETER modelsas predictors. (a) Multi±model ensemblemean,(b) CER-

FACS,(c) ECMWF, (d) INGV, (e)LODYC, (f) METFR,(g) METOF, (h) MaxP.
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Figure 8: Ratio of estimatedand observed maximum temperaturevariances

( � 100) in Februaryusingmulti±modelensemblemeanandDEMETER models

aspredictor. (a) multi±modelensemblemean,(b) CERFACS, (c) ECMWF, (d)

INGV, (e) LODYC, (f) METFR,(g) METOF, (h) MaxP.
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Figure9: Valuesof observedandestimatedmaximumtemperatureusingmulti±

modelensemblemeanandDEMETER modelsaspredictorfrom 1989to 1992.

(a) Valladolid,(b) Sevilla, (c) CastellÂon.
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