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Abstract.

Theupperlimit of the predictabilityof the EI Nifio Southern
Oscillation (ENSQO) is examinedusing ensemblesf sim-
ulationsof a coupledocean-atmospherglobal circulation
modelwhich hasarelatively realisticENSOcycle. By mak-
ing small perturbationgo theinitial conditionsandmeasur
ing the rateof divergenceof nearbytrajectoriesit is found
that given a perfectmodel and near perfectinitial condi-
tions,ENSOcouldbeusefullypredictedpn averageupto 8
monthsin advance(where“useful” is definedfor a forecast
with ananomalycorrelationcoeficient of greaterthan0.6).
This is at the low end of potential predictability estimates
obtainedusingintermediatanodels.Someensemblexper
imentsdo showv potentialpredictability beyond 12 months,
but in otherssmall“errors” in theinitial conditionscansatu-
ratein lessthan6 months.The physicalmechanismsvhich
underliethe high andlow predictablestatesare briefly ex-
aminedwith a view to predictingthe reliability of ENSO
forecasts.

Intr oduction

TheEl Nifio SoutherrOscillation(ENSO)involvesaquasi-
periodicwarmingandcoolingof theEasternTropicalPacific
seasurface,accompaniedy correspondinghangesn at-
mosphericcirculationpatterns. ENSO hasa significantim-
pacton world ecology societyandeconomicsandthereare
currently internationalefforts to predict ENSO at seasonal
lead times using both dynamical and statistical methods,
bothof which have metwith considerablsucces¢Barnston
etal. [1999]). A typical dynamically-basedENSO fore-
castsysteminvolves assimilatingobsenationsinto a cou-
pled ocean-atmospheraodelto producean estimateof the
currentstateof thesystemandrunningthe modelforwardin
timeto produceaforecas{oftenthemodelis runmary times



to produceanensemble Stockdaleetal. [1998]). In sucha
systemtherearethreeprincipalwaysin which the forecast
cangowrong: (i) theobsenations(andthedataassimilation
scheme)naybeinsufiicientto produceanaccurateestimate
of theinitial ocean-atmosphegtatej(ii) themodelcanbein
errorand; (i) the systemmay be inherentlyunpredictable,
suchthat infinitesimal errorsin the initial conditionsgrow
rapidly, i.e. the systemexhibits sensitve dependencenini-
tial conditions. The latter is of considerabléemportanceas
evenif we could assimilateperfectobsenationsinto a per
fectmodel,theleadtimewouldbeconstrainedby thechaotic
natureof thesystem.

Method

ENSOssensitve dependencen initial conditionscanbe
isolatedfrom other potentialsourcesof error usinga “per-
fect model” or “perfect ensemble”approach. Ensembles
of the Hadley Centre Coupled OceanAtmospheremodel
(HadCM3- Gordonet al. [2000]) areperformedwith small
perturbationgo the atmospheridnitial conditions,andthe
ensemblespreadis examinedas a function of lead-timeto
assesshe potentialpredictability limit. HadCM3is a non-
flux-adjusteccoupledmodelwhich simulateEENSOwith an
amplitudeand period (of approximately3-4 years)which
is very similar to that obsened (Collins [2001]). Hence
the potential predictability limit for the modelis likely to
be closeto that of the real system. The major advance
in this study over previous potential predictability studies
(Goswami and Shukla[1991], Inesonand Davey [1997],
Kirtman andSchopf[1998], Grotzneretal. [1999], Thomp-
son and Battisti [2000]) is that we utilize a fully coupled
dynamicalocean-atmosphemaodelthat (i) hasa relatively
realistic simulationof the ENSO cycle, and (ii) hasa sta-
ble surfaceclimatologywhichis achievedwithoutthe useof
flux correctionawhich may effect predictability The model
explicitly simulatesthe dynamicalcomplexity of both the
oceanandthe atmospherecompleity which may signifi-
cantly effect the predictabilityand may not be simulatedin
intermediateENSOmodels.

We perturbtheensembleg&rom the 4 experimentof Stott
et al. [2000] which simulatemuch of the surfacetemper
aturevariability of the 20th centuryon multi-decadaltime
scaledy includingestimate®f bothanthropogeniandnat-
ural factorswhich effect climate. The questionof how to
perturbatmospheridnitial conditionshasbeenoneof con-
siderableresearcheffort with the developmentof singular
vectors(Molteni et al. [1996]) and breedingvectors(Toth
andKalnay[1993]). While someprogresshasbeenmade
in applyingsimilar methodgo intermediatecoupledmodels
of the climate system(Chenet al. [1997]), herewe usea
more pragmaticapproach.Becausat is the oceanwhich is
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the slowly varyingcomponenbf the coupledsystemwhich
mayleadto predictability andbecaus¢heweatherforecast-
ing limit is on the orderof a weekor so, we simply fix the
oceaninitial stateand take successie model daysfor the
atmospheridnitial statesof the ensemble. Thusfor each
ensemblexperimentthe individual membershave identical
oceaninitial conditionsand atmospherianitial conditions
which differ acrossthe ensembleonly by as much as the
weathercanchangein oneweek. Becauseof limited com-
puterresourcesve take ensemble®f size 5 in this study
but perform experimentsat various points on the “climate
attractor”in orderto build up a picture of potentialENSO
predictability While the numberof experimentsperformed
hereis clearly lower thanthosestudieswhich useinterme-
diateENSOmodels they involve over 300yearsof coupled
GCM integrationandthusrepresenthemostcomprehensie
studyof thiskind to date.

Results

NINO3 anomalieganindex of ENSOactiity) from such
ensembleexperimentsareshovn in fig. 1. Eachsetof ex-
perimentsstartsin Decemberof the indicatedyear andis
runfor 5 years.Whatis first apparents thatsimply by mak-
ing relatively small perturbationdo the atmospheridnitial
conditionsthere can be rapid divergenceof the ensemble
membersj.e. the systemdoesappearto exhibit sensitve
dependencen initial conditions. Thereis arichnessof be-
haviour in theseexperimentavhichindicatesawide rangeof
potentialpredictability Ensembledsl, e andl, for example,
shaw that after oneyearthe ensemblespreadis essentially
ontheorderof the climatologicalvariability, indicatingloss
of predictabilityat this leadtime. Otherensemblesfor ex-
ampleb, g andh shaw relatively smallensemblespreadout
to 1 yearand,in thecaseof g andh, theindividual members
appearto track eachother for mary yearsinto the experi-
ment. Ensemblek is uniquein thatnoneof the 5 members
simulatea large ENSOeventfor the full 5 yearsof the ex-
periment.Variability in thepredictabilityof ENSOhasbeen
highlightedin ENSOforecastingstudieswhich useinterme-
diate compleity models(e.g. Kirtman and Schopf[1998])
andhasbeenassociateavith decadafluctuationsin the cli-
mateof the Pacific region. This variability is confirmedby
this studyusinga comprehensie coupledmodel.

We can summarizeaveragepotential ENSO predictabil-
ity by producingstatisticsfor all the ensemblexperiments
shavn in fig. 1. The averageanomalycorrelationcoefi-
cient(ACC,fig. 2 (a)) shavs adecreasén skill to zeroafter
18 monthsandsubsequentandomfluctuationsaroundzero
after this. The root meansquareerror (RMSE, fig. 2 (b))
shavs alargeseasonatycle associatedavith the phasdock-
ing of maximumENSO varianceto NorthernHemisphere
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winter, but shows error growth followed by saturationin

agreementvith theACC. Forecashtccuray is ultimatelyde-
fined by the userof the forecast but taking a valueof ACC

of 0.6 to definea “useful” forecastaccuray (Kirtman and
Schopf[1998]), thengivena perfectmodelandnearperfect
initial conditions,ENSOwould be predictable on average,
outto aleadtime of 8 months.Thislimit is atthelowerend
of the rangefound in studiesthat use intermediateENSO
models(e.g. Goswami and Shukla[1991], Kirtman and
Schopf[1998], Thompsonand Battisti[2000]). Fitting the
modified Lorenzforecasterror growth model (Dalcherand
Kalnay[1987]) to the RMSE we geta error growth rate of

0.19(month)~1. This givesanerrordoublingtime of around
3.6 monthsin comparisornd.5 monthsfound by Goswami
andShukla[1991]. Thusthe coupledGCM seemgo shav

morerapiderrorgrowth andlesspotentialpredictabilitythan
theintermediattENSOmodels.

The ACC for a persistencdorecast(also shavn in fig.
2 (a)) dropsbelow 0.6 after 5 monthsand dropsto zeroat
around15 monthslead time. Henceeven with a perfect
model and nearperfectinitial conditions,the potentialav-
eragegainin skill overa simplepersistencéorecastis only
3 months(althoughthis gain maybelongerin the caseof
morepredictableENSOstates).

Averagestatisticsof predictabilityaresomevhatmislead-
ing asthereare casesvhere ensemblespreadgrons more
rapidly or moreslowly leadingto shorterandlongerpoten-
tial leadtimes.Fig. 2 shovsthe ACC andRMSEfor ensem-
blese, d andl which shav morerapid ensemblespreadand
ensembled, g andh in which the ensemblespreadgrows
lessrapidly. For the least predictablestates,useful pre-
dictability (againdefinedby anACC greateithan0.6)is only
potentiallypossibleout to a leadtime of 6 monthswhereas
for themorepredictablestateshe usefulpredictabilitylimit
may potentially be of the order of a year or greater By
examiningthe physicalmechanismsesponsibl€or setting
thesdow andhigh predictabilitystatesjt maybepossibleo
definepre-cursorghatindicatewhenthey might occur and
henceguantify, a priori, forecastaccurag.

High and low predictable states

Ensemblee (fig. 1) is a caseof rapid ensemblespread
in which 4 of the 5 ensemblenembergemainin neutralor
weak El Nifio conditionsoneyearin, whereasone ensem-
ble membetasa strongEl Nifio event. Theevolution of the
thermoclingn 3 of theensemblenemberss shovnin fig. 3.
In all of thememberghereis atilting of thethermoclinein
thefirst 6-7 monthsof the experimentowardsweakEl Nifio
conditions.In memberl, this subsequentlgiesout andthe
systemreturnsto a neutralstate. In member2, a thermo-
cline anomalydevelopsin mid-basinbut persistsonly for a
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few monthsandeventuallyrecedesln member3, a similar
but strongemid-basinanomalydevelopsandduringtheAu-
tumnseasorandthereis somewesterlywind actiity in the
westwhich theninitiatesa strongEl Nifio event. Hencein
this ensemblehereappearso be (atleast)two mechanisms
by which the systemcanbe unpredictable Firstly, thereis
somesensitve dependenceninitial conditionswhichleads
the ocean-atmosphewstateto developdifferentthermocline
state§memberl and2) andsecondly randomatmospheric
fluctuationscan further perturbthe systemcausingnearby
trajectoriesto diverge (members2 and 3). This hints that
both deterministicchaosand stochastidorcing both play a
role in determiningthe predictability characteristicof the
modelENSOcycle (seealso ThompsorandBattisti[2000]).

Therearetwo possibleexplanationdor the potentialpre-
dictability at an extendedrange(i.e. beyond the average8
monthleadtime) shavn in ensemble®, g andh: Therela-
tively smalldivergenceof ensemblesnembersnightbedue
to chancgbecaus®f thesmallensemblesize)or theremay
be somephysicalreasorwhy ENSOis more predictableat
this point of "the attractor”. Thelatteris of considerablém-
portanceasidentifying suchpre-cursorgo predictablestates
is crucialin assessingprecastreliability. Increasinghe en-
semblesizein experimenty by adding4 moremembergfig.
4) broadensheensemblespreadnitially, suchthatafterone
yearthe membergangefrom neutralconditionsto a strong
El Nifio. Thereafterone memberdivergesfrom the other8
which all tendto indicatea weakLa Nina followed by an-
otherEl Nifio event. Furtheradditionof ensembleanembers
would allow more probabilistic measureof potentialpre-
dictability to be employed asthey arein ensembldorecast
verification (Buizzaet al. [2000]), however it appearghat
the extendedrange potential predictability seenin ensem-
ble g was, in fact, a statisticalfluke. Realextendedrange
predictabilitymight occurwhenthe systemis far away from
equilibrium,for examplewhenthethermoclinds raisedover
the entireequatorialbasinindicatinga lack of zonally aver-
agedheatcontentwhichis subsequentlyechagedaspartof
a rechage-dischagecycle (Jin[1997]). Thisis indeedthe
casefor ensembled andh (table 1), althoughmuchmore
work is requiredin orderto predictthe reliability of ENSO
forecasts.

Discussion

A known modulatorof ENSOpredictabilityis thetime of
yearfrom which forecastsareinitiated (Latif et al. [1998]).
Due to limitations on computertime it hasnot beenpossi-
ble to examinethis seasonapredictability dependencéall
our ensemblesxperimentswere startedon 1st December).
However it is expectedthat the predictability limit will be
somavhatlonger(of the orderof a few months)for experi-
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mentsinitiated during the borealspring seasor( Thompson
and Battisti [2000]). The spring predictability barrier can

clearlybeseernasdiscontinuitiesn therateof changeof the

skill measureshawn in fig. 2 in thefirst yearof the experi-

ments.

It is importantto re-iteratethatthe predictabilitylimit de-
rived from this perfectmodel study is an upperboundon
the predictabilityfor ary realforecastingsystem.We must
furtherincreaseour ability to obsene the ocean-atmosphere
systempurability toimprove coupleocean-atmosphereod-
elsandourability to successfullyassimilatehe obsenations
into themodelin orderto improve ENSOforecasts.
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Table 1. Theanomalouglepthof the equatoriabasinav-
eragethermocline(asmeasuredy the depthof the 20°C
isothermaveragedin the region 150E - 90W, 2S-2N)in
the period SeptembeiNovemberprior to the initialisation
of the ensembleexperimentsshavn in fig. 1. Ensembles
b and h, which show potentialpredictability at extended
leadtimes have anomalouslyshallav thermoclinesprior
to the startof the experiments Figuresin bracletsarethe
anomaliegxpresse@smultiplesof thestandardieviation

of this quantity
al 9.2m(0.89) | e | -11.5m(1.11) | | | -4.7m(0.46)
b | -24.9m(2.40) | f | 10.0m(0.97) | j | -4.4m(0.43)
c| -1.1m(0.11) | g | -14.9m(1.44) | k | -7.8m(0.75)
d| 7.0m(0.67) | h| -19.7m(1.90) | | | 17.2m(1.66)
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Figure 1. SSTanomaliesaveragedin the NINOS3 region
(150W - 90W, 5S-5N)for the four coupledmodelrealisa-
tionsof 20th centuryclimate(blacklines) andtheensemble
experiments(grey lines labelleda-l) which have small per
turbationgo theinitial conditions(seetext for moredetails).
The rate of spreadof the ensemblanembergjivesanindi-
cationof thepotentialpredictabilityof ENSO.Theobsened
NINO3 anomaliesarealsoshavn to indicatetherelative re-
alismof thecoupledmodelENSOcycle.

Figure 1. SSTanomaliesaveragedn the NINO3 region (150W - 90W, 5S-5N)for the four coupledmodelrealisationsof
20th centuryclimate (black lines) andthe ensembleexperiments(grey lines labelleda-l) which have small perturbations
to theinitial conditions(seetext for moredetails). The rate of spreadof the ensemblenemberggivesanindicationof the
potentialpredictability of ENSO. The obserned NINO3 anomaliesare also shavn to indicatethe relative realismof the

coupledmodelENSOcycle.
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Figure 2. Measure®f the potentialpredictabilityof ENSO,
(a)anomalycorrelationcoeficient(ACC),and(b) rootmean
squarecerror(RMSE).In eachthe solid blackline is the av-

eragecomputedfor all the ensembleexperimentsshovn in

fig. 1. Thethick grey line in (a) is the ACC computedfor

a persistencdorecastand the thick grey line in (b) is the
climatologicalRMS. Filled circlesindicatestatisticalsignif-

icanceat greaterthatthe 5% level for an ACC greaterthan
zeroor anRMSEgreateor lessthantheclimatologicalvari-

ability. Thethin grey linesshav the ACC andRMSE for the
high (b, g, and h, with squaresshaving statisticalsignifi-

cance)andlow (d, e andl, with trianglesshaving statistical
significance)predictabilityensembles.

Figure 2. Measuref the potentialpredictabilityof ENSO,
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(a) anomalycorrelationcoeficient (ACC), and(b) root mean

squarecerror(RMSE).In eachthesolid blackline is theaveragecomputedor all theensemblexperimentshovnin fig. 1.
Thethick grey line in (a) is the ACC computedor a persistencéorecastandthethick grey line in (b) is the climatological
RMS. Filled circlesindicatestatisticalsignificanceat greaterthatthe 5% level for an ACC greaterthanzeroor an RMSE
greater lessthantheclimatologicalvariability. Thethin grey linesshav the ACCandRMSEfor thehigh (b, g, andh, with

squareshowing statisticalsignificance)andlow (d, e andl,
ensembles.
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Figure 3. Longitudetime mapsof the anomalousiepthof
the 20C isotherm(an indicator of the depthof the thermo-
cline) averagedbetween2S and 2N for 3 of the ensemble
membersfrom experimente. Member 3 is the ensemble
memberwhich executesa strongENSO event while mem-
bers1 and2 do not. On eachpanelthe thick blackline is
the daily zonalwind averagedn the region boundedby the
2 thin verticallines, with the scaleindicatedon thetop axes
in ms—2. Positive valuesindicateananomalouslydeepther
mocline.
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Figure 3. Longitudetime mapsof the anomalougiepthof the 20Cisotherm(anindicatorof the depthof thethermocline)
averagedbetweer2Sand2N for 3 of theensemblenemberdrom experimente. Member3 is the ensemblenembemwhich
executesa strongENSOeventwhile membersl and2 do not. On eachpanelthe thick blackline is the daily zonalwind
averagedn theregion boundedy the 2 thin verticallines,with the scaleindicatedon thetop axesin ms~2. Positive values

indicateananomalouslydeepthermocline.
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Figure 4. NINO3 anomaliedor experimentg with anextra
4 ensemblanembersomparedo thatshavn in fig. 1. By
addingextra ensemblemembersn this case,the ensemble
spreads increasedndthe estimateof potentialpredictabil-
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ity is correspondinglyeduced.
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Figure 4. NINO3 anomaliedor experimentg with an extra 4 ensemblenemberscomparedo thatshown in fig. 1. By
addingextraensemblenembersn this casetheensemblespreads increasedndthe estimateof potentialpredictabilityis
correspondinglyeduced.
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