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Towardsanintegratedseasonalorecastingsystemfor SouthAmerica cECMWF

Abstract

This studyproposesnintegratedseasonaforecastingsystemfor producingimprovedandwell-calibrated
probabilisticrainfall forecastdor SouthAmerica. The proposedsystemhastwo componentsa) anempir
ical modelthat usesPacific and Atlantic seasurfacetemperaturenomaliesas predictorfor SouthAmeri-
canrainfall; andb) a multi-modelsystemcomposeaf threeEuropearcoupledocean-atmospheraodels.
Three-montHeadaustralsummerrainfall predictionsproducedby the component®f the systemareinte-
grated(i.e. combinedandcalibrated)usinga Bayesiarforecastassimilationprocedure.The objective cal-
ibrationandcombinationof empiricaland multi-modelcoupledpredictionsmakesthis a first steptowards
an integratedforecastingsystemfor issuing South American seasonaforecasts. The skill of empirical,
coupledmulti-modelandintegratedforecastobtainedwith forecasiassimilationis assessedndcompared.
This comparisorrevealsthatthe simplemulti-modelensemblef the currentgeneratiorof coupledmodels
hascomparabldevel of skill to thatobtainedusinga simplified empiricalapproachAs for mostregionsof
the globe, seasonaforecastskill for SouthAmericais low. However, whenempiricaland coupledmulti-
modelpredictionsarecombinedandcalibratedusingforecastassimilationmoreskillful integratedforecasts
areobtainedthanwith eitherempiricalor coupledmulti-model predictionsalone. Both the reliability and
resolutionof the probability forecastshave beenimproved by forecastassimilationin several regions of
SouthAmerica. The tropicsandthe areaof southernBrazil, Uruguay Paraguayand northernArgentina
have beenfoundto bethetwo mostpredictableregionsof SouthAmericaduringthe australsummer Skill-
ful SouthAmericanrainfall forecastsare generallyonly possibleduring El Nifio or La Nifia yearsrather
thanin neutralyears.

1 Introduction

South American seasonaforecastsare currently producedwith either empirical (statistical)or physically-
derived dynamicalmodels(seebrief literaturereview in section2). It is notavorthy, however, that seasonal
forecastgrovided by several differentsourcesmay be of no practicalusefor end-usersThis is becausend-
usersareusuallyinterestedn asinglewell-calibratedorecasof theeventof theirinterest.Providing afinite set
of forecast$rom differentmodelswill notalwayshelpthedecisiormakingproces®f theend-userConversely
a singlewell-calibratedprobability forecastthat incorporatesall available model predictioninformation may
be morebeneficialfor end-usersThe needof anobjective methodfor combiningdifferentpiecesof available
forecastinformationin SouthAmericahasrecentlybeenrecognisedy Berri and Antico (2005). This paper
addresseandproposes solutionfor this problemby objectively producinga singleintegrated(i.e. combined
and calibrated)forecastof seasonatainfall for SouthAmericathat gatherspredictioninformationfrom four
differentsourcegthreecoupledocean-atmospheraodelsandanempiricalmodel).

Goodquality seasonalorecastsare fundamentafor local governmentgo plantheir actionsin orderto mini-

mize humanandeconomicalossesthat may be causedoy anomalouslimate eventssuchasthoseobsered
duringEl Niflo-SoutherrOscillation(ENSO)episodesin SouthAmericatheseforecastsareusefulfor civil de-
fence,agricultural fisheryandwaterresourcegreseroir managementplanning.Brazil, the largestandmost
populatedcountry of SouthAmerica, producesmore than 90% of its electricity from hydropaver stations,

emphasisinghe needfor goodquality seasonatainfall forecasts.The provision of improved seasonatainfall

forecastscould help the Brazilian governmentto betterplan its managemendctionsin orderto have a more
efficient controlof its nationalelectricity productionprogram.

Figurelashavsthetotal annualmeanrainfall for SouthAmerica.Figurelb shavs themeanrainfall in austral
summerdefinedhereas NovemberDecembetJanuary(NDJ). Thesefiguresshawv that a large amountof the

1For moreinformationseehttp://www.ons.og.br
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a) Annual mean
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Figure 1: a) Total annualmeanrainfall. b) Total NovembetDecembeiJanuarymeanrainfall. ¢) Annualtotal standad
deviation. d) NovemberDecembetJanuarytotal standad deviation. Units are in millimetres. Climatolagical refelence
is 1948-2001.

TechnicalMemoranduniNo. 461



Towardsanintegratedseasonalorecastingsystemfor SouthAmerica cECMWF

total annualrainfall falls duringthe australsummeywhich definesthe wet seasorfor of mostSouthAmerica.
TropicalandsouthernSouthAmericahave the largestannualandaustralsummerrainfall variability (Fig. 1c-
d). Although goodquality dry seasorforecastamay be asimportantaswet seasorforecastfor somesectors,
wet seasorforecastsare of mostrelevancefor electricity generation. This study focusseson predictionsof
NovemberDecembetJanuarytotal rainfall for SouthAmericaproducedwith initial conditionsof thefirst day
of the precedingAugust(i.e. 3-monthlead). Thesearethe longestleadaustralsummerpredictionsthat were
availablefor investigationfrom the EuropeariJnion fundedprojectentitiedDevelopmentof a EuropearMulti-
modelEnsemblesystenfor seasonaib inTERannuaprediction(DEMETER?) (Palmeretal. 2004). Therefore,
all resultsshawvn in this paperare3-monthleadforecastdor NovemberDecembefJanuary Three-montHead
traditionalaustralsummerDecembetJanuary-Februgrforecastould not be examinedbecauseEMETER
simulationshave only beenproducedour timeseachyear startingon the first day of February May, August
andNovember

SouthAmericais aregionwith strongatmospheriteleconnectioninkedto ENSO(WallaceandGutzler1981;
Trenberthetal. 1998).Becaus®f theseteleconnectionghereis promisingskill in seasondlorecastfor some
regionsof SouthAmerica.Figure2 shavs La NilaandEl Nifio composite®f australsummerSouthAmerican
rainfall. Thesefiguresillustrate regions strongly affected during ENSO events (shadedareas). During La
Nifayears,positive anomaliesareobsered in northernSouthAmericaandnegative anomaliesare obsened
in southern/southeasteSouthAmerica. This patternis reversedduring El Nifio years. Seasonalorecastdn

theseregionshave somepredictive skill, aswill bediscussednh moredetaillater

Years
LaNifila 1964/651970/71,1971/72,1973/74,1974/75,1975/76,
1983/84,1984/85,1988/89,1995/96,1998/99,1999/00,
2000/01
Neutral 1959/60,1960/61,1961/62,1962/63,1966/67,1967/68,
1978/79,1980/81,1981/82,1985/86,1989/90,1993/94,
1996/97,2001/02
ElINifio 1963/64,1965/66,1968/69,1969/70,1972/73,1976/77,
1977/78,1979/80,1982/83,1986/87,1987/88,1990/91,
1991/92,1992/93,1994/95,1997/98

Table 1: La Nifa, neutral and El Nifio years occurred during 1959-2001as definedby the Climate Prediction Center
(http://wwwcpc.noaa.ga/).

Climatemodelpredictionsusuallyproducedatcoarse.5° x 2.5° resolutionarenotableto (andarenotexpected
to) simulatethe obsered climate perfectly This problemis further aggraatedby the lack of comprehense
obsenrationaldatasetso initialise the modelsappropriatelyandthe lack of a completephysicalunderstanding
of the climate system. All this limitations contritute for uncertaintiesn climate predictionsand therefore
calibrationagainspastobserationsis required.To ourknowledge,no studieshave beenpublishedwith theaim
of improving the quality of SouthAmericaphysically-defred climatemodelseasonapredictionsby statistical
calibrationbasedon pastobsenations. Most previous studies(e.g. Cavalcantiet al. 2002; Marengoet al.
2003; Moura and Hastenrati2004) investigatedhe ability of atmospherigeneralcirculationmodelsforced
with obsered seasurfacetemperaturen simulatingclimatologicalfeaturessuchasthe annualand seasonal

2For moreinformationaboutthis projectreferto http://www.ecmwf.int/research/demeter
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a) La Nina b) El Nino
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Figure 2: NovembetrDecembetJanuarya) La Nifiaandb) El Nifio compositegor thoseyearslistedin Table 1. Compos-
itesare givenby thequantityc = (yvi - 1) 100% wheey, is themeanNovemberDecembetJanuaryrainfall of La Nifia

andEl Nifio yeais of Table 1 andy is the 1948-200ImeanNovemberDecembetJanuaryrainfall. Regionswith positive
anomalieqi.e. ¥, > y) havethequantityc > 0. Regionswith negativeanomaliedi.e. y. < y) havethe quantityc < 0.

cyclesof rainfall for someregionsof SouthAmerica. Thesestudieshave identifiedsystematidorecasterrors,
yet have not suggeste@pproachesor correctingtheseerrorsso asto improve the forecasts.The errorsarise
from a combinatiornof factorssuchasthe chaoticevolution of theatmospheregrrorsin theinitial conditionsof
themodel,anderrorsin modelformulation/parameteriian. This studyusesaBayesiarapproacHor statistical
calibrationof coupledmodelSouthAmericanrainfall seasongpredictions.

We presenta new integratedrainfall seasonalorecastingsystemfor SouthAmericathat consistsof anempir
ical modelanda coupledmulti-modelensemblepredictionsystem.Integratedforecastsare producedusinga
probabilisticBayesianforecastassimilationprocedurg(Coelho2005; Stephensomt al. 2005). Appendix A
providesmoreinformationaboutBayesiarforecastassimilation.This procedurellows the productionof well-
calibratedreliableprobability estimate®f rainfall by statisticallycorrectingmodelerrorsbasecdn pasthistory
of predictionsand obsenrations. It also allows the combinationof forecastsproducedby different sources,
andis usedherefor combiningboth empiricaland coupledmulti-model predictions. The resultingcombined
and calibratedforecastsare summarizedy the meanandthe varianceof a normal (Gaussiangistribution at
eachgrid point. Seasonafveragef rainfall over several regionsof SouthAmericaarefoundto be closeto
following anormaldistribution (seeFig. 3).

A particularaim of this studyis to answerthe questionof whetheror not forecastgproducedoy the proposed
integratedsystemare betterthanthoseproducedoy a simple empiricalmodelor by the simple multi-model
ensemblealone. In orderto addresshesequestions.the skill of predictionsproducedby eachindividual
componentf the proposedntegratedsystemis comparedo theskill of theintegratedforecasts.
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Section2 reviews the currentstateof SouthAmericanrainfall seasonalorecastingandintroducesthe ideaof
combiningall availablepredictioninformationin orderto producethebestpossiblesstimateof thefuturelikely
climateconditions. Section3 briefly introducesanddescribeghe two component®f the proposedntegrated
system.Sectiord4 describeiow predictionsareobjectively combinedandcalibratedn the proposedntegrated
system.Theskill of combinedandcalibratedforecastf theintegratedsystemaswell asempiricalandmulti-
modelensemblepredictionsaloneare assessednd comparedn section5. Finally, section6 concludeghe
papemwith asummaryof the majorfindingsanda discussiorof possiblefuture areasof research.

2 Review of South American rainfall seasonal forecasting

Severalstudieshave usedatmospherigeneraktirculationmodelsforcedwith obseredseasurfacetemperatures
to simulateseasonatainfall over SouthAmerica(e.g. Follandetal. 2001; Cavalcantietal. 2002; Marengo
etal. 2003; Moura and Hastenrati2004). Thesestudieshave demonstratedhat atmospherianodelshave
somepredictive skill whenforecastingrainfall in the tropical region of SouthAmericaandover the southern
partof Brazil, Uruguay Paraguayandnortheasterirgentina.All otherareasof SouthAmericashaved poor
predictive skill. They all foundthatforecastskill is highly conditionedon the presencef ENSOevents,with
neutral yearshaving lesspredictve skill. Both tropical South America and the southernregion of Brazil,
Uruguay Paraguayandnortheasterirgentinahave strongENSOsignals(Fig. 2).

Studiesby Pezzietal. (2000),Follandetal. (2001),GreischamandHastenrati{2000)andMartis etal. (2002)
have developedempiricalmodelsthatrelateobseredrainfall to seasurfacetemperaturever the Atlantic and
Pacific oceansaswell asthe meridionalsurfacewind componentver the tropical Atlantic. Thesemodels
have beenusedto predictseasonatainfall over the southandnortheastegionsof Brazil andthe Netherlands
Antilles. Empiricalmodelshave beenprimarily developedfor theseregionsbecausef thehigherpredictability
of theseregionscomparedo the otherareasof SouthAmerica(Cavalcantietal. 2002;Marengoetal. 2003).
Empirically basedrainfall predictionsfor the northeastegion of Brazil areskillful duringthe period March-
April-May, which is the rainy seasorfor mostpartsof this region (Greischarand Hastenrati2000; Folland
etal. 2001; MouraandHastenrati2004). The empirical predictionsof Pezzietal. (2000)for the southof
Brazil aregenerallylessskillful thanthe predictionsfor the northeastegion of Brazil, andEl Nifio yearswere
foundto be morepredictablehanneutralandLa Nifayears. It is worth noticing, however, thatthe majority
of thesestudiesproduceddeterministicforecasts.Very little effort hasbeenputinto producingprobabilistic
rainfall seasonalorecastdor SouthAmerica,emphasizinghatthisis anareaof researchhatdeseresfurther
attention.This paperproducesprobabilisticrainfall seasonaforecastdor SouthAmerica.

The comparatie skill of physically-dened dynamicaland empirically basedseasonapredictionsof South
Americanrainfall hasnot beenfully explored,andfurther systematiccomparisonsre desirable(Mouraand
Hastenrati2004). Only a few comparisonstudies(Folland et al. 2001; van Oldenbogh et al. 2005; and
Moura and Hastenrati2004), focussingon rainfall forecastdor SouthAmericahave beencarriedout. Van
Oldenbogh etal. (2005)concludedhat physically-dered dynamicalpredictionsslightly outperformempir

ical predictionsover tropical South America, northeastBrazil and Uruguayin DecembeJanuary-Februg.

Follandetal. (2001)andMouraandHastenratl{2004)focussedn rainfall forecastdor thenortheasof Brazil

andconcludedhatphysically-desred dynamicalpredictionsdo not outperformempirically basedoredictions.
Theirconclusionsrein accordancevith othercomparatie skill assessmestudiesor othertargetregionsout-
sideSouthAmerica(e.g. Barnstonetal. 1999; Andersonetal. 1999). Section5 of this paperwill contritute
to this skill comparisorexercise. We comparethe skill of an empiricalmodelthat usesobsered Pacific and
Atlantic seasurfacetemperatur@anomaliego predictSouthAmericanaustralsummerrainfall anomalieswith

the skill of 3-monthlead australsummerrainfall anomaliespredictionsproducedby a coupledmulti-model
ensembldor theperiod1959-2001 Theempiricalmodeldevelopedin this studydiffersfrom thoseof previous

TechnicalMemoranduniNo. 461 5
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studiegGreischaiandHastenratl?2000;Pezzietal. 2000;Follandetal. 2001;MouraandHastenratt?2004)in
thatit predictsrainfall anomaliedor the entire SouthAmericancontinentwhile the previous studiesfocussed
only on specificsub-rgions.

Combiningthe predictionsrom thesetwo approachesanhelpyield betterforecastof future climate. Theln-

ternationaResearchnstitutefor ClimatePrediction(IRI) subjectvely combinegphysically-derred dynamical
and empirically basedseasonapredictionsfor several continentalregions (Barnstonet al. 2003). Objective

combinatiorhasstill notbeenimplementedperationallyby ary seasonatlimatepredictioncentre.This study
demonstratean objective forecastassimilationschemeor combiningphysically-derred coupledmodeland
empirically basedpredictionsof SouthAmericanrainfall anomalies.The skill of integratedforecastobtained
with forecastassimilationis shawvn to exceedthe skill of eachindividual predictionapproach.

3 Empirical and coupled model predictions

3.1 Empirical prediction model

SouthAmericais borderedby the Pacific and Atlantic oceans. Surface conditionsof thesetwo oceansare
potentialsourceof predictabilityfor SouthAmericanclimate(MouraandShuklal981;Mechosoetal. 1990;
Marengol1992;NobreandShuklal1996;Diaz etal. 1998;Uvo etal. 1998;BarrosandSilvestri2002;Coelho
etal. 2002;PeagleandMo 2002amongothers).Thesestudieshave identifiedregionsof SouthAmericawhere
rainfall is sensitve to seasurfacetemperatureanomaliesin the Pacific and Atlantic oceans.This sectionex-

ploitstheserelationshipsy usingalaggedregressiorempiricalmodelbasedn maximumcovarianceanalysis
(MCA) (von StorchandZwiers1999)-sometimeseferredto assingularvaluedecompositiorfSVD). Thisem-
pirical modelusesMay-June-JulyMJJ) Pacific andAtlantic seasurfacetemperatur@anomalie{14E-1C°E;

15°N-60°S) aspredictordor SouthAmericanrainfall anomalie®f thefollowing NovemberDecembetJanuary
during 1959-2001. The previous seasorMay-June-Julyis usedfor consisteng with the initial conditionsof

the first day of Augustthat are usedby the three DEMETER coupledmodelshereinvestigatedto predict
NovemberDecembetdanuaryrainfall (seesection3b). In this way both empirical and coupledmodelsuse
initial conditionsobsered up until the last day of July. Seasurfacetemperatureanomalieswere obtained
from ERA-40reanalysifECMWF 40 yearsreanalysiroject,Uppalaet al. 2005). ERA-40 providesglobal

analysisof variablesfor the atmospherendland for the period 1958-2001.More informationis available at

http://wwwecmwf.int/research/eraPrecipitatioranomaliesvereobtainedrom the 50-year1 950-2001global

monthlyprecipitationreconstructiorover land (PREC/L)versionl.0dataset (Chenetal 2002),whichis based
on gaugeobsenations. Thesedatasethave beenchoserbecausdhey areamongthe mostcompletewith the
longestrecordsavailablefor climateresearch.

A simpleway to predicta SouthAmericanrainfall anomalyy usesmultivariatelinearregressioron the preced-
ing seasurfacetemperatur@anomalyz

y = M(z—2)+e @)

wherey is a g-dimensionalector zis a p-dimensionalector z, is a p-dimensionabiasvector M isa p x p
matrix of parametersaand &; is a (multivariate) normally distributed error with zero meanand g x q error
covariancematrix T. Theequationcanbewritten asthe following probability model:

Yz ~ N(M(z—z),T), (@)
SAvailableat ftp://ftp.ncep.noaa.g@pub/precip/50yr/gauge/2.5gle
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wherethe standardstatisticalsymbol’|" denotes'given” (conditionalupon)and~ N(.) meangmulti-variate)
normallydistributed.

Thenormalityassumptioris generallyvalid for seasonatainfall anomaliesFigure3ashavs the Yule-Kendall
skewnessstatisticsfor seasonameanrainfall anomalies.This statisticsprovidesa resistanimeasuref asym-
metryof the distribution andis definedas

— o5+
y= Yo25— os yoi75, 3)

Y075~ Yo.25

wherey, »s, Yo 5 andy, ;5 arethe lower quartile,the medianandthe upperquartileof y, respectiely. Several
regions of South America have y closeto zero, indicating that seasonameanrainfall anomaliesfor these
regionsare closelyapproximatedy a normaldistribution. The normality assumptiorsubstantiallysimplifies
bothmodellingandparameteestimation.

ThematricesM andT andthe biasvectorz, canbe obtainedusingordinaryleastsquareestimation:

M = S, 4)
T = $y-S5:5879, (5)
Zy = —(y—zM")MMTM)? (6)

whereS,; is the (p x p) covariancematrix of seasurfacetemperatur@nomalies Sy is the (q x g) covariance
matrix of rainfall anomaliesandS;; is the (q x p) cross-cwariancematrix. Overbarsdenotetime meansof y

andz, X' denoteghe transpos@f matrix X andX ! theinverseof matrix X. The commonperiodof rainfall

andseasurfacetemperatureanomaliesisedfor estimationin this studyis 1959-2001(n = 43 summers).

Reliableparameteestimationis difficult becaus®f the large dimensionalityof griddeddatasets(e.g. p=2761
grid pointsof seasurfacetemperatur@anomaliesover the Pacificand Atlantic andg=312grid pointsof rainfall
anomaliesover SouthAmerica)andthe strongdependenc betweenvaluesat neighbouringgrid points. Poor
conditioningof matricessuchassS,, makesparameteestimationunreliable.This problemcanbecircumwented
using multivariate dimensionreductiontechniquedo reducethe dimensionalityof the datasets. Insteadof
consideringgrid point variables,one canprojectthe dataonto a small setof leadingspatialpatternso obtain
a small numberof indices. In the examplepresentedhere, MCA hasbeenusedto extractleadingco-varying
modesof seasurfacetemperatureandrainfall anomalies.SeeStephensomt al. (2005)for an explanationof
otherdimensionakeductiontechniqueghatcanbe usedto improve parameteestimation.A large numberof
MCA modeshave beenretainedandtested.Ilt wasfoundthatMCA with 6 modesgave the bestcross-alidated
forecastresults,which are hereaftershavn in this paper Thefirst 6 modesaccountfor 84.8%of the squared
covariancebetweenseasurfacetemperatureand rainfall anomalies. Figure 4 shavs the squaredcovariance
fraction (SCF)asafunctionof thenumberof modedsor theMCA betweerseasurfacetemperatureandrainfall
anomalies.This figure revealsthatthe SCFdropsmonotonicallyuntil 6 modes. After 6 modesa very small
amountof the squaredtovarianceis accountedor by eachadditionalMCA mode.

Figure5 shavs correlationmaps(spatialpatterns)andthe expansioncoeficients(time series)f thefirst mode
of the MCA analysisbetweerthe seasurfacetemperaturenomaliesover the Pacific and Atlantic oceansand

TechnicalMemoranduniNo. 461 7
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a)Observation b) CNRM
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Figure 3: NovembetDecembetJanuary1959-2001Yule-Kendallskewnessstatisticsy of rainfall anomaliesa) Observa-
tions,b) CNRM,c) ECMWFandd) UKMO coupledmodelpredictions.
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Figure 4: Squaed covariancefraction asa functionof the numberof modedor the MCA betweerobservedviay-dine-

July seasurfacetempeature andobservedNovemberDecembetJanuarySouthAmericarainfall anomaliedor theperiod

1959-2001 Thefirst6 modesaccontfor 84.8% of thecovariancebetweerobservegeasurfacetempeatureandobserved
rainfall anomalies.

the SouthAmericanrainfall anomalie®vertheperiod1959-2001 Correlationmapsareobtainedoy correlating
theexpansioncoeficienttime seriesof onefield (e.g. rainfall) with the obseredgrid point valuesof the other
field (e.g. seasurfacetemperature) Correlationswith magnitudegreaterthan 0.3 are statisticallysignificant
atthe 5% level usinga two-sidedStudent t-test. This first modeaccountdor a large amount(51.5%)of the

squarectovariancebetweerseasurfacetemperatur@andrainfall. The seasurfacetemperatur@attern(Fig. 3a)

shavs basin-widecorrelationsn the equatorialPacific relatedto ENSO.Warm (El Nifio) yearsareevidentas
positive peaksn thetime seriesof Fig. 5¢c andcold (La Nifia) yearsareevidentby minimain thesetime series.
Therainfall pattern(Fig. 5b) hasnegative correlationsover northernSouthAmericaandpositive correlations
over southerrBrazil, Uruguay ParaguaynorthernArgentinaand Ecuador This figure revealsa dipole pattern
thatduring El Nifio yearsis marked by deficit of rainfall in northernSouthAmericaandexcessof rainfall in

southerrBrazil, Uruguay ParaguayandnorthernArgentina.During La Nifiayearsthis patternis reversed.A

similar ENSOpatternto Fig. 5 hasbeenidentifiedby Ropelavski andHalpert(1987;1989),Kiladis andDiaz

(1989)andPeagleandMo (2002)andis in accordancevith the ENSOcompositeshavn in Fig. 2. Thesecond
andthethird MCA modeghotshavn) accountfor 14.7%and7.2%of thesquarectovariancerespectiely, and
relateseasurfacetemperaturevariability in the Atlantic oceanandrainfall over SouthAmerica. The second
modehaspositive correlationbetweerseasurfacetemperature the equatorialAtlantic andrainfall overthe
northeastegion of Brazil. The third modepositvely relatesseasurfacetemperaturesver a large areaof the
Atlantic with rainfall over centralandnorthwesterrSouthAmerica.

Theempiricalpredictions EMP) areperformedasfollows:

1. To avoid artificial skill, the modelparametersreestimatedor eachsummerusingonly datafor all the

TechnicalMemoranduniNo. 461 9
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a) SST: Mode 1 SCF: 51.5% b) Precipitation
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Figure 5: First MCA modebetweerMJJ seasurfacetempeature anomaliesand NDJ SouthAmericarainfall anomalies
for the period 1959-2001.The squaed covariancefraction (SCF),which indicatesthe percentae of the total squaed
covariancebetweenMJJ seasurfacetempeature anomaliesand NDJ SouthAmericarainfall anomaliesexplainedby
thismode is 51.3%. a) seasurfacetempeature (SST)correlation pattern. b) Rainfall correlation pattern. c) Expansion
coeficients(time series)of SST(dashedine) andrainfall (solid line). Thecorrelationr betweerthesetwo time seriesis

indicatedin panelc.
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othersummergcross-alidation).

2. Time meansare subtractedrom the n— 1 seasurfacetemperatureand rainfall obserationsto make
anomaliestoredin a (n— 1 x q) datamatrixY anda (n— 1 x p) datamatrix Z, respectiely.

3. An SVD analysisis performedof the matrix YT Z to determinethe leadingMCA modesU andV in
YTz=U3VT.

4. A multivariateregressiorof thek-leadingMCA rainfall andseasurfacetemperaturenodess performed
in orderto estimateM, z,, andT.

5. TheestimatedjuantitiesM, z,, andT arethenusedto predicttherainfall anomaliedor theremovedyear
usingthe seasurfacetemperatur@anomaliesavailablefor thatyear

3.2 Coupled multi-model ensemble predictions

An ensembldorecastof anindividual coupledmodel samplesuncertaintiesn the initial conditionsusedto
producethe forecast. Uncertaintiesn the modelformulation are not sampledby this single-modelensem-
ble approach.However, differentmodelsusedifferentnumericaland parameterisatioschemesgo represent
mathematicallythe samephysicalprocessesThe multi-modelensemblegconsistingof ensemblegredictions
producedoy differentclimateresearchnstitutions,helpssampleuncertaintieslueto modelformulation.

The multi-modelforecastingsystemusedhereconsistsof the threestate-of-the-arEuropearncoupledocean-
atmospheranodelslistedin Table2. Thesemodelswererun as part of the DEMETER projectat ECMWF

(Palmeret al. 2004; Hagedornet al. 2005)to producemulti-model ensemblehindcastgi.e. retrospectie

forecastsproducedafter the eventsare obsered) for the period 1959to 2001 (43 years). In fact a total of

seven coupledmodelswererun in DEMETER. The reasonfor usingonly predictionsof the threemodelsof

Table2 is becaus¢hey producedhelongesttime seriesof hindcastsThe coupledmodelswererunfour times
per year startingon the 1st day of February May, Augustand Novemberat 00:00 GMT. A nine member
ensembldorecastwasmadefor eachcoupledmodelfor thefollowing six months.Wind stressandseasurface
temperaturgerturbationsvere usedto generatehe ensemblemembersfor eachmodel. Atmosphericand
land-suréceinitial conditionsweretakenfrom the ERA-40reanalysisAll modelpredictionswerebi-linearly

interpolatedonto the same2.5° x 2.5° grid. More detailsof the experimentsare describedn Palmeret al.

(2004)andHagedorretal. (2005).

Institution Acronym Country
Méteo-France
(CentreNationalde RechercheMéttorologiques) CNRM France

EuropearCentrefor Medium-RangéNVeather ECMWEF International
Forecasts organisation

United Kingdom Met Office UKMO U.K.

Table 2: ThreeEuropeancoupledocean-atmosphemodelsusedfor producingseasonaforecastdor SouthAmerica.

The 27 memberensemblef thethreecoupledmodelsof Table2 is usedhereto producepredictionsof austral
summerrainfall for SouthAmerica. Thesepredictionsare obtainedby computingthe ensemblemeanand
varianceof all membersof the ensembleand are referredto as coupledmulti-model ensemblepredictions
(ENS) or simply multi-modelpredictions.
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4 Calibration and combination of forecasts

The objective forecastassimilationprocedureof Coelho(2005)andStephensoet. al. (2005)is usedherefor
the calibrationandcombinationof SouthAmericanrainfall anomalypredictionsproducedoy:

e thethreeDEMETER coupledmodelslistedin Table2; and
e theempiricalmodelof section3a.

A usefulfeatureof forecastassimilationis thatit allows predictedpatternsto be shifted spatiallyin orderto
correctfor modelbiasesin coupledmodelpredictions. In otherwords,the procedureaccountdor intergrid
pointdependenciesyhereashecombinatiommethodaisedby Rajagopalaetal. (2002),MasonandMimmack
(2002) and Robertsoret al. (2005) are performedat grid pointsindividually. Appendix A summariseshe
forecastassimilationprocedure.

Threedifferentforecastexperimentshave beenproducedwith forecastsassimilation:

e Integrated forecastsproducedwith prior distribution estimatedusingrainfall obserationsover the calibra-
tion period1959-2001andusingempiricalpredictionsn additionto coupledmodelpredictionsn theforecast
assimilationprocedure.ln otherwords,the matrix of forecastaisedin forecastassimilationconsistedf pre-
dictionsof thethreeDEMETER coupledmodelsin additionto empiricalmodelpredictions(seeAppendix A
for furtherdetails)

e Integratedforecastswith empirical prior producedwith empiricalpredictionsasestimate®f the prior distri-
bution; andonly thethreeDEMETER coupledmodelpredictionsareusedn theforecastassimilatiorprocedure

e Coupledmodelintegrated forecastsproducedwith prior distribution estimatedusingrainfall obserations
over the calibrationperiod 1959-2001;andonly the three DEMETER coupledmodel predictionsare usedin
theforecastassimilationprocedure Note thattheseforecastslo notincorporateempiricalpredictions.

The secondandthird experimentsabore have beenperformedas sensitve testsfor the first experiment. The

secondexperimentwasdesignedo checkwhetheror not the useof empirical predictionsasestimatedor the

prior distribution could provide betterquality forecastghanintegratedforecastof the first experiment. The

third experimentaimedto checkif the exclusionof empiricalpredictionsof the first experimentwould impact
in gainor lossof forecastskill. Resultsindicatethatintegratedforecastsobtainedin thefirst experimenthave

slightly betterskill thanthe forecastsf the othertwo experiments.For this reasononly integratedforecasts
of the first experimentwill be shavn anddiscussedereafter Theseforecastsare referredto asintegrated
forecastgINT).

5 Forecast skill

This sectionassessethe skill of australsummerrainfall forecasts.Both deterministicand probabilisticskill
measurearepresentedTheskill of integratedforecastobtainedwith forecastassimilations comparedo the
skill of bothcoupledmulti-modelensemblgredictionsandempiricalpredictiongpreviously definedin section
3.

Figure6 shavs obsered australsummerrainfall anomaliesduring 1982/83,1988/89and 1998/99(first row),

andthe forecastanomaliedor thesethreeyearsproducedby the empiricalmodel (secondrow), the coupled
multi-model ensemble(third row) and the integratedsystem(fourth row). The spatialcorrelationbetween
the obsered andthe forecastanomaliess shawvn in the bottomright handcornerof Figs. 6d-l. Empirical
predictionsare ableto reproducethe obsened patternof negative anomaliesn northernSouthAmericaand
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positve anomaliesn southerrBrazil during 1982/83(Fig. 6d) anda reversepatternduring 1988/89(Fig. 6e).
In 1998/99the empiricalmodelfailed to successfullyreproducehe obsered pattern(Fig. 6f). The coupled
multi-model predictionwas able to reproducethe obsered patternof negatve anomaliesn northernSouth
Americaandpositive anomaliesn costalPeruandEcuadorduring 1982/83 but failedto reproducehe pattern
of positive anomaliesobsered in southernBrazil (Fig. 6g). In 1988/89the coupledmulti-model partially
reproducedhe obsered patternof positive anomaliesn northernSouthAmericaand nggative anomaliesn
southerrBrazil (Fig. 6h). In 1998/99 asfor theempiricalprediction(Fig. 6f), thecoupledmulti-modelfailedto
reproducehe obseredpattern(Fig. 6i). Whenempiricalandcoupledmulti-modelpredictionswerecombined
andcalibratedwith forecastassimilationmuchbetterintegratedforecastsvere obtained.Integratedforecasts
(Figs.6j-1) arein betteragreemenwith the obserations(Figs. 6a-c). Integratedforecastfor 1982/83have a
spatialcorrelationof 0.66 (Fig. 6j), which is larger thanthe valuesof 0.37 and 0.58 obtainedfor empirical
andcoupledmulti-modelpredictionsyespectiely (Figs. 6d and6g). The integratedforecastfor 1988/8%have
a spatialcorrelationof 0.42 (Fig. 6k), which is largerthanthe value of 0.33 of the empirical prediction(Fig.
6e)andslightly smallerthatthe valueof 0.44of the coupledmulti-modelprediction(Fig. 6h). Note,however,
thattheintegratedforecastreproducesnuchbetterthe obsered negative anomaliesn southerrBrazil thanthe
coupledmulti-model prediction. Integratedforecastfor 1998/99have a spatialcorrelationof 0.24 (Fig. 6l),
whichis muchlargerthanthevaluesof 0.050btainedfor empiricalandcoupledmulti-modelpredictions(Figs.
6f and6i).

Figure7 shawvs Brier score(Brier 1950)mapsandits reliability andresolutioncomponent$or empirical (first
row), multi-model(secondrow) andintegratedforecastgthird row) for the period 1959-2001.SeeAppendix
B for definition and further information aboutthe Brier scoreandits decomposition.The Brier scoreis for
thebinary eventdefinedby negative seasonameanrainfall anomalies.Thetropical region, in northernSouth
America,andthe subtropicgsoutherrBrazil, Uruguay ParaguayandnorthernArgentina)arethe mostskillful
regionswith Brier scoredessthan0.25(Figs. 7a, 7d and7g). Interestingly thesetwo regionshave the Yule-
Kendallskewnessstatisticsof rainfall anomaliescloserto zerothanthe otherregionsof SouthAmerica(Fig.
3). This suggestdhat forecastskill for the otherregions of South America might be improved if another
distribution, differentfrom the multi-variatenormaldistrikbution, is usedin the forecastassimilationprocedure.
As previously discussedthe tropical and southeasterisouthAmericaareinfluencedoy ENSO.Figs. 7a, 7d
and 7g suggesthat mostof the skill of SouthAmericanrainfall predictionsis ENSOderived in accordance
with Figs. 5 and 10, which shav that mostof the predictabilityof SouthAmericanaustralsummerrainfall is
ENSO-related.

The comparisonof Brier scoremapsof Figs. 7a and 7d revealsthat empirical and multi-model predictions
have similar level of skill. Integratedforecastsobtainedwith forecastassimilationhave improved skill over
both empiricaland multi-model predictionsalone(Fig. 7g). IntegratedforecastgFig. 7g) have larger areas
with Brier scoresbelov 0.25thanempirical (Fig. 7a) andcoupled-mode(Fig. 7d) predictions.Additionally,
integratedforecastsalsoshaw predictive skill overthesouthof thenortheastegion of Brazil, whereagmpirical
andcoupled-modeforecasthiave poorpredictive skill overthisregion. Theimprovedpredictive skill obtained
with the integratedsystemis mainly dueto improvementsin thereliability of the forecastqFigs. 7b, 7eand
7h), althoughimprovementsin the resolutionof the forecastsarealsonoticedin tropical SouthAmericaand
southerrBrazil (Figs. 7c, 7f and7i).

Figure 8 shavs the meananomalycorrelationcoeficient (ACC) for La Nifia, neutraland El Nifio yearsoc-
curredduring 1959-2001(listed in Table 1) andall (1959-2001)years. The ACC of eachyearis given by
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Figure6: Austral summerainfall anomaliegmm)for 1982/83,1988/89and1998/99.0bservationgfirstrow), empirical
forecastqsecondow), coupledmulti-modelensembldorecastqthird row) andintegratedforecastgfourth row).
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Figure 7: Brier scoesfor the binary eventdefinedby negative seasonameanrainfall anomaliesand its reliability and
resolutioncomponent$or empirical (firstrow), ensemblégsecondow) andintegrated(third row) forecasts Brier scoes
arefor austral summerforecatsfor theperiod1959-2001 Thereliability andresolutioncomponentsvere estimatedising

10equallyspacedprobability binsfromOto 1
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Figure 8: Meanausttal summemnomalycorrelationcoeficient(ACC) for empirical (EMP), coupledmulti-modelensem-
ble (ENS)andintegrated(INT) forecastsof La Nifia, neutral, El Nifio years (listedin Table 1) andall 1959-2001yealrs.
Thevertical solid lines on the top of the white bars indicatethe 95% confidencenterval for the meanACC of empirical
forecastswhich were obtainedusinga bootstiap resamplingorocedue (Wlks 1995,section5.3.2).

the correlationbetweerthe obsened andthe predictedspatialanomalypattern(Jolliffe and Stephenso2003,
their section6.3.1). The moststriking featureof Fig. 8 is the little magnitudeof the meanACC (inferior to
0.3). This illustratesthat australsummerSouthAmericanrainfall forecastskill is low. La NifiaandEl Nifio
yearshave highermeanACC thanneutralyears,indicatingthat predictionsfor ENSOyearsare more skillful
than predictionsfor neutralyears. Note, however, that predictionsfor El Nifio yearsare more skillful than
predictionsfor La Nifiayears. El Nifio andLa Nihaintegratedforecastsobtainedwith forecastassimilation
shav anincreasdn the meanACC comparedo empiricalandmulti-modelpredictions.This is becausdore-
castassimilatiorhasshiftedmodelpredictedpatterngowardsobsered patterns Neutralyearshave very little
meanACC, indicatingthatrainfall anomalief theseyearsarehardly predicted.The higherpredictability of
ENSOyearscomparedo neutralyearssupportshe agumentthat mostof the skill of australsummerSouth
Americanrainfall forecastss ENSOderived. The vertical solid lines on the top of the white barsof Fig. 8
indicatethe 95% confidencentenal for themeanACC of empiricalpredictions.Thesentenalswereobtained
using a bootstrapresamplingprocedureasdescribedn section5.3.2 of Wilks (1995). Mean ACCsthat are
within the rangeof valuesof the 95% confidencentenal of the meanACC of empir