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PREDICTABILITY : SHORT- AND LONG-TERM MEMORY OF
THE ATMOSPHERE

Klaus Fraedrich
Universitdt Hamlurg, Germany

Abstract

The predictability of a systemis closelylinked with its short-andlong-termmemory Short-termmem-
ory is describedby anexponentiallydecreasin@uto-correlatiorwith finite integral time-scalewhich also
characterisethesensitve dependencef, for example weatherandatmospheriélows ontheirinitial condi-
tions. Toy forecastexperimentsareintroducedo demonstrat@redictabilityanalysisbasedn the statistics
of forecasterrorsandensembldorecastsn imperfectand perfectmodelenvironments: Persistencéore-
castsin red noise(systematicandnon-systematierror growth; lag-averagedensemblestheir spreadand
error) andthe Lorenzmodelfor identicaltwin predictions(attractortopology identified by instantaneous
uncertaintygrowth, ensemblalynamics optimal gronth). Ensembldorecastof the realatmosphersup-
plementthesetoy experiments:The pastweatheranalogensemblestatistics(ensemblespreadandscaling)
yield estimatesf the correlationdimensionand entrofy when meetingthe perfectensembleand perfect
modelhypothesisThelow dimensionobtainedrom local weathertime seriess supportedy low degrees
of freedomestimatedrom numericalweathermredictionensembldorecasts.- Long-termmemoryis de-
scribedby anauto-correlatiomwith a power-law declineandaninfinitely largeintegral time-scalewhich,in
part, characterisethe variability of weatherandclimateextendingover mary time scales.This long-term
memoryis obseredin almostall local nearsurfacesoil andair temperaturegbut notin precipitation)both
in obseredandsimulatedtime serieswhensubjectedo detrendedluctuationanalysis.Similar long-term
variability occursin the conceptuamodelof Fickiandiffusionwhich, if excited by randomfluxes, relaes
towardsthe earths greenhousdy Newtonian cooling. Long-termmemorymay alsobe inducedthrough
teleconnectiorpatterns(North Atlantic Oscillation or NAO) and their variability. They are analysedn
idealisedatmospheri@and coupledocean-atmosphemodel experiments: On shortertime scalesthe at-
mospheridorcing (few days)by transienteddiesdrivesthe non-linearbarotropictendenciesndleadsto a
NAO-life cycle of a coupleof weeks.On longertime scalesthe atmospheridNAO modecoupleswith the
oceanandleadsto its decadakariability. The outlookadressegredictabilityissuesn Global Change.

I.  INTRODUCTION: SOME BASICS

Thetime-evolution of weatheror climateis corvenientlycharacterisely its memory
Theshort-termmemoryof dynamicalsystemss associateavith afinite integraltime-
scaledueto an exponentialdecayof the auto-correlatiorbetweeninitial and future
statesC(r) ~ exp(—r/r*) with thetime lag r normalizedby r*. Tools of its explo-
ration have beendevelopedin predictabilityanalysisandthey arebeingexploitedto
improve weatherforecaststhe appropriatekey wordsarelocal Lyapuna exponents,
optimal growth and breeding,ensembldorecasting etc.. In contrast,the long-term
memoryis characterisedy aninfinite integral time-scaleandlinked to a power-law
decreasef the auto-correlation(C(r) ~ (r/r*)~® with 0 < a < 1. Themethods

63



ISSA0S 2001

of its analysisarestill beingdevelopedandthe understandings far from beingcom-
plete.Long andshorttermmemoryarethe two majorsubjectof nonlineardynamics
with strongimplicationsfor weatherandclimateprocesses.

Weatheiis anonlineardynamicakystemwhoseimited predictabilityis dueto theever
presentnitial analysiserrorsor uncertaintiesandits internalinstabilities.Predictabil-
ity is describedby the evolution of the forecast-erroand measuredy the distance
(or correlation)betweerthe forecastandits correspondingerificationmap. Fig. 1.1
shavs a schematiaepresentationf the (squaredkrror growing with leadtime after
averagingover a setof individual forecastf differentinitial conditionsandweather
patterns.Two domainsof this diagramare of interest,which arerelatedto the short-
and long-termmemory of the system: (i) The effect of initial uncertaintieson the
short-termmemoryis characterisedly (instantaneouandeffective) growth ratesand
by crossing-time®f error levels, which areintroducedas multiplesof the initial er-
ror magnitude(errordoubling,etc.) or asthe errorof areferenceprediction(climate
meanetc.). Thelatteris commonlyreferredto asa predictabilitylimit. (ii) Saturation
is reachedncetheinitial valueis 'forgotten’andthe forecastdoecomendependent
of theinitial condition.Now long-termmemory if it exists,takesoverandaffectsthe
time evolution of the dynamicalsystem.This memorydoesnot neccessarilyprovide
sufficient predictive skill atultra-longforecasteadtimes.
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Fig. 1.1- Error gronth curve: Samplemeanof individual weatherforecast{schematic).

The following lecture notespresentpredictability issuesrelatedto short-and long-
termmemoryprocessesShort-termmemory(Sectionll) is exploredusingtoy fore-
castexperimentaandtherealatmosphereToy systemsaareintroducedto demonstrate
thepredictabilityanalysisn animperfectandperfectmodelervironment:Persistence
forecastingweatheremainsasdefinedby its initial state)is usedhere(Sectionll B)
to provide imperfectpredictionsof a red noiseatmospherewhich senesasnull hy-
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pothesidor significancetests. Experimentawith individual forecastswhich demon-
stratesystemati@andrandomerrorbudgets aresupplementedly ensembleneanpre-
dictionsgeneratedy a sequencef individual forecasts.Suchpredictability experi-

mentsexhibit mary featuresobsenedin practicalweatherforecasting.(ii) Identical-
twin predictionswith the Lorenz-Saltzmammodel sene as a paradigmof weather
forecastingperformedin a perfectmodelenvironment(Sectionll C): Analysingthe
forecasiexperimentdy instantaneouasymptoticandoptimaluncertaintygrowth un-

folds a predictabilityrelatedattractortopology which appeargo be typical for low-

orderchaoticsystemsEffective optimalgrowth is introducedio demonstrat@nother
ensembldorecastingtechniqueby employing singularvectordecompositiorto the
lineartangentversionof themodel.

Forecast®f therealatmosphersupplementheseoy experimentsPastweatherana-
log statistics(Sectionll D) and numericalweatherprediction (NWP, Sectionll E)
represenforecastsin a perfectand an imperfectmodel ervironment. In a perfect
model-ensemblenvironmentanalogforecastgprovide a predictionrelatedinterpre-
tation of the (order2) dimensionandentropy. In the imperfectmodelervironment,
degreesof freedomhave beenestimatedrom the spreadof NWP ensembldorecast
mapsto identify areasvherethe predictabilityneedso beimproved.

Long-termmemory(Sectionlll) is documentedor climatetime seriesapplyingde-
trendedfluctuationanalysis(Sectionlll A), which doesnot supportthe Brownian
motionanalogof climatefluctuations.Instead a FickiandiffusionandNewtonianre-
laxationclimatesystendrivenby randomfluxesis suggestedAtmospheriadynamics
alsoinduceslong-termmemorythroughteleconnectiongNorth Atlantic Oscillation
or NAO, Sectionlll B). The analysisintroducesidealisedatmosphericand coupled
ocean-atmosphemaodel experiments: On the shortertime scalesthe atmospheric
forcing (few days)by transienteddiesdrivesthe non-linearbarotropictendenciesind
leadsto a NAO-life cycle lastinga coupleof weeks. At longertime scales the at-
mospheridNAO modecoupleswith the oceanleadingto its decadalvariability. Pre-
dictability issuesn GlobalChanggSectionlV) concludethis essayon predictability

II. SHORT-TERM MEMOR Y: FROM PROBABILITY FORECASTSTO
ENSEMBLE BREEDING

Predictabilitycharacterisethe weatheror climate systems sensitve dependencen
initial andboundaryconditionsdueto internalinstabilities.Predictionf thefirst kind
dependon initial conditionsand are dominatedby internally occurringinstabilities
at fixed boundaryconditions; numericalweatherprediction (NWP) is a prominent
example.Predictionsf thesecondkind relatetheresponsef the systemto changing
boundaryconditions;suchpredictionscanbe associatedvith structuralstability and
long-rangeforecastsThird kind predictionsmay be relatedto the transientevolution
of coupledsystemseachwith adifferentmemory;climateshiftsassociateavith man-
madeglobalchangds oneexample.

Predictability analysisdescribeshe error budgetin termsof the time evolution of
forecasterrorsmeasuredy the distancebetweenforecastand verification. These
analysescan be interpretedin analogyto a diffusion processn statespace:Single
particle diffusion correspondgo an analysisof the verification trajectoryonly; its
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distancerom theorigin representsheerrorgrowth of thepersistencéorecast.t is an
importantreferencefor forecastquality evaluationandwill be discussedater. Two-
particle diffusion providesthe standardrame for an individual forecastevolving in
relationto its verification. A largersetof particlesrepresentensembldorecastswith
dispersingrajectories Definingappropriatdinitial conditionsof) ensemblenembers
andrelatingtheir stastisticqo the verificationtrajectoryis subjectof thetoy systems
analysed.

Predictability experimentsprovide the datafor diagnosingthe error budget. Exter
nal (practical)predictabilityexperimentsarelinkedwith the practicaltaskof weather
or climateforecasting. The biasdueto differencedbetweenmodelandreal climate
(systematicerror) is one of the problemsmet in analysingpredictability of models
operatingin animperfectmodel ervironment. Internal (theoretical)predictabilityis
relatedto smallperturbationsn initial or boundaryconditionsgeneratedby modelat-
mospheregthis leadsto 'identical twin’ experimentsn a perfectmodelernvironment.

Explorationof the atmosphere short-termmemoryand utilising its propertieshas
improvedthe practicalforecastingn detailandits performanceén general.In partic-

ular, singleforecasthave beencomplimentedy ensemblgredictionso forecasthe

forecasterror and estimatethe probability of future weatherstates. Thatis, ensem-
ble forecastingplays a prominentrole in weatherforecastingand climate analysis,
whichis linkedto chaosresearctandthe sensitve dependencef weatheror climate
oninitial conditions.

A. Who startedit all?

A centuryagothe world’s first probabilisticweatherforecastsvereissuedin West-
ernAustraliaandevaluatedabouteighty yearslater (in the Monthly WeatheReview:
Cooke 1906[10] and Fraedrichand Leslie 1987[19]). During the year1905, daily
weatherforecastdor two districtsin WesternAustraliawereamendedy quantitatve
weightsof the forecasterstonfidencen their predictions;theseweightsrangefrom
1to 5 or from notlikely at all to almostabsolutecertainty Evaluatingtheir skill and
reliability (Fig. 2.1), probabilities(0, 10, 60, 90 and 100%)are assignedo Cooke’s
weights. The Cooke’s forecasttrial shaved that the high confidenceweightswere
mostfrequentlypredictedsothatthe Brier scoregrmserror of probability forecasts)
attain high values. Since Coolke’s time, automaticrecordingof long recordsof sta-
tion data,sophisticatedtatisticalanddynamicaltechniquesnd powerful computing
deviceshave encouragedhe issuanceof weatherforecasts.They provide the distri-
bution of possiblefuture weatherstateseitherdirectly asan ensemblédorecastor in
probabilisticterms.

Tab. 2.1- Threehighlightsin forecastingpredictability

E. Cooke (1906[10]) |Firstprobabilityforecast{Australia),quantifyingconfidencen
daily forecastsandthusanticipatinglaterdevelopments
E.Lorenz(1963[51]) |Sensitve dependenceninitial conditions(or chaos)

K. Popper(1965[65]) |'Of CloudsandClocks’and'The OpenUniverse’
WeatherServiceq90s)| Routineensemble-predictiorForecastingf the forecastskill
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Up to now considerabl@rogreshiasbeenmadein nonlineardynamicgandthe philo-
sophicalaspectof compleity, Tah 2.1), commencingwith the pioneeringwork of
Lorenz [51] and Popper[65] in the sixties of the last century Thus Cooke’s first
associatiorof weatherforecastswith forecasterror estimateds commonpracticea
century later, with predictability (or chaos)theory being appliedto practicalfore-
casting. The following subsectionaddresdasicpredictabilityissuesusingboth toy
modelexperimentgSectiondl B andll C) andtherealatmospheréSectiondl D and
Il E); this includesensemblepredictionsemploying lag-averagedorecasting(LAF),
optimal growth and breedingmethodsto identify and generatehe initial ensemble
members.
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Fig. 2.1 - Reliability diagram(after FraedrichandLeslie 1987[19]) of the first probability weatherfore-

castsfor two districts nearPerthin WesternAustraliaduring 1905. The first two of the five confidence
weightshave beenquantifiedaposteriorin probabilisticterms(abcissa)the numberof predictionsis also

indicatedandthe Brier scoreqlower right).

B. Persistencen rednoise

Persistencéorecastq’ theweathemwill remainasit presentlyis’) in arednoiseervi-

ronmentareanalysedanalyticallyto simulatetheimperfectmodelforecastingexperi-
mentswith atoy model(FraedricrandZiehmannl994[22]). Theresultsof individual
andensemblgersistencéorecastdn red noiseare,in someaspectssimilarto NWP
experiments. Red noiseis introducedas a substituteatmosphereising a first order
auto-rgressve GaussiarprocessAR(1), which includesstochastidorcing z; added
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with eachtime stepA. The processs discretein time and continuousin the state
variable X, representedy fluctuations,X (t) =< X > +X'(t), aboutzeromean
< X >= 0; time (sample)averagingis denotedby the braclets, <>, andthe prime
X' = X describeghe anomalies.The stochasticAR(1)-processs the discrete-time
analogueof the continuous-timd.angevin equation.

Tab. 2.2- Rednoiseatmospher¢AR(1)-process).
autorgressie proces$ X (t) = aX(t — 1)+ 21 =a" X(t — 1) + E:_l atz_;
autocovariance C(r) =<X(t)X(t +r)>= o02a”
spectrumintegral S(w) = S2/(1 + a% — 2acos(w))
integraltimescale |7 =" C(r)/o? =1/(1 —a)

Time integration of the auto-correlation(C(r)/o? = a?, definesthe integral time
scale,r = - or £ = 1 —a ~ In, asameasuref thelife time of a perturbation.
Thewhite noiseforcing z; with zeromean< z; > = 0 is definedby theauto-cwariance,
< zizj >= qb(t; — t;) vanishingfor i # j. The relatedwhite noise spectrum
S. = o2 A canbedefinedby theunittime step,A, sothatg = o2. Thevarianceof the
responseg? =< (X — <X >)%>, is relatedto the noiseor randomforcing intensity
02 = 0%(1 — a?), whichis 1 — a? of thetotal variability. As the deterministicpartof
the fluctuationscontritutesthe remaininga?, the signalto noiseratiois a?/(1 — a?).
Rednoiseatmospheré¢Tah 2.2) (0 < a < 1): Thisfirst orderauto-rgressie process
is oneof the simplestnon-trivial processesimulatingmary obsened aspectof the
variability in the atmosphereFor w > % the spectrumS dropsby aw—2 powerlaw.
A large (small) red noiseparametera, describesveathemregimeswith large (small)
integraltime scalesy , whichareassociateavith small(large)intensitiesof thewhite
stochastidorcing spectrumS2. For sufficiently low frequenciess < % theresponse
spectrunflattensto white noise. Note thatthe randomwalk (a = 1) commencest
X(t) = 0 and,afterr time stepsreachesX (¢t +r) = >, 2,4 = 1,..r. It isnon-
stationaryasits variancegrows linearly with time < X?(t + r)>=<}, 22 >= ro?2,
because< X (t + r)>=1r <z;>= 0.

Tab. 2.3 - Chance,climate, and persistencdorecastsF'(r) for leadtime r and their mean
squaredms)forecasterrorsk in thered noiseatmosphere.

model forecast mserror comments
chance Fr(r)=X; Eg(r) = 202 distanceof independenstates
climatemean Fo(r) =<X> Ec(r) =o? referenceforecast

persistence |Fp(r) = X(t —r) Ep(r) = 20%(1 — a") |residingin theinitial state
combination| F*(r) = aFp + BFc|E*(r) = 02(1 — a”) |AR(1)-processo = a; 8 =0

Chanceclimate andpersistence Theseforecastsene asreferencepredictionsF'(r)
for theleadtimer (Tah 2.3). They are commonlyevaluatedby the meansquared
(ms) forecasterror E =< (F — X)2 > sampleaveraged<> over the forecastex-
perimentsianomalycorrelationsare anothemeasuref accuray frequentlyusedby
nationalmeteorologicatentres ChancdorecastsFg, selectinitial valuesatrandom;
thems-errorcorrespond$o the squaredlistancebetweerindependentveatherstates,
whichis twice thevarianceof thesystem2q2. Climateis a prediction,F¢, by thecli-
matemean;the ms-errorcorrespondso the systems varianceanddefinesa threshold
for a predictabilitylimit T. PersistenceFp, is a fundamentallyimportantreference
forecastpecausenly forecastdetterthanpersistencéave skill in theforecasbof the
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time derivative. Persistenceredictsthe future weatherstates, X (¢), by the initially

obsened state X (¢); thatis, a persistencdorecast,F,(r), commencest the time

to = t — r with the obsenation Fp(r) = X(t9) = X(t — r). It is evaluated(af-

ter the leadtime r), by the verification X (¢). Forecastand verificationareanalysed
asa pair of trajectoriesevolving in statespacewhosesquaredeuclideandistanceis

the squarecerrore? = (X — F)? andthe averageis taken over all verificationpairs
E =<e?>.

Tab. 2.4 - Imperfectmodelexperiments:Forecastd-(r) andverification X.

errorstatistics definitions persistencén red noise

error e=X-—-F e(t,r) =X({t)—X({t—r)
meansquarecerror| E(r) =<e?> E(r) = 202%(1 —a")

conditional E(r|Xo) <X2>(1—a")? 4+ ¢%(1 — a’")
systematic SE =<(<F> — <X>2>|0%(1 — a")?

non-systematic |RE=FE — SE o2(1—a?")

errorgronthlaw | E, = f(E,r) E(o0)[1 — E/E(c0)]/T
predictabilitylimit |E(r = T) = o? T = In(2)/In(1/a)
saturatiorerror | E(r = 00) 202

Predictability experiments(randomand systematicerrors): Mean squarederrors,
which grow with increasingleadtime r, shav two domainsthat desere particular
analysis(Tah 2.4). The shorttermmemoryaffectsinitial errorsE(r = 0) anderror
growth-ratesE, = %—’f. A limit of predictabilityis definedastheleadtime T" atwhich
thepredictionerrorexceedshatof areferencdorecastornvenientlyintroducedoy the
errorof the climatemeanforecasts2. Thatis, predictionsatleadtimer > T needed
to exceedthe predictabilitylimit 7 = In2/Ina (settingEp(r = T) = 0?). As T s

proportionalto the integral time scaler of Weatherregimes,ln% ~ L theeffective

forecastrangeis limited by thelife-spanof its mostenegeticphenoménonSaturation
isreachedtlargeleadtimeswhenforecastindverificationbecomendependentT hat
is, their correlationvanishesandthe meansquarecerror E(r — oo) = 202 defines

themeandifferencebetweertwo randomlychoserweatherstateqchanceorecast).

In animperfectmodelervironmentthemeansquarecerrorcanbeseparateth system-
atic, SE, and non-systematior randomcomponentsRE. Giventhe initial anomaly
Xy, the persistenceorecast, F(r) = X, for leadtime r, is associatedvith the

verification time seriescommencingfrom this anomalyat the r-th step backward

Xt)=a"X(t—r)+ E:;l a‘z._;. Averagingthe ms-errorover a sampleof the

forecast-erificationpairs, <>, conditionalon a fixedinitial anomaly X, yieldsthe

conditionalforecasterror, E(r|Xo) = X3(1 — a”)* + 0%(1 — a?r) (seeFig. 2.2a-
¢). Averagingover all squaredconditionalanomaliesX, leadsto the unconditional
error budgetandto the distinction betweenthe forecasterror’s systematicand non-

systematior randomcomponentsSE = o?(1—a")? andRE = o2(1—a?"), which

combineto E = SE + RE (Fig. 2.2c). The systematicerror is smallerthanthe

randomerror andboth approachunity for infinitely large leadtimes. At the limit of

predictability r =T, thesystematic(non-systematicaerrorattainsi (%) of theclimate
variance.Theinitial error growth ratevanishedor systematicerrorsbut is finite for

therandompart. (v) Persistencéorecastsaveragedover the sameinitial anomalies
Xo shawv thesystemati@rrorincreasingwith thedistanceof theinitial conditionfrom

theclimatemean for which forecastsareexpectedo bebetter(SE = 0).
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Fig. 2.2 - Error of persistencdorecastsof a red noiseatmosphere(a) Time evolution of the squared
error distribution: Mean, median,upperand lower terciles(0.66, 0.33) of persistencend climate mean
predictions,(b) error at leadtime r = 1 dependingon initial anomaly-conditionsand (c) systematic,
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Error growth: This measureentersthe laws of error growth, E, = f(E,r). Most
error laws are similar to a Verhulst-typeequation,where growth is confinedby a
guadraticsaturatiorerrorfeedback Persistencén rednoiseconfinesheerrorgrowth
rateby alinearterm: E, = 202a"In(1/a) ~ E(<)(1 — E/E(c0))/T substituting
a = (1—E/o?)"/". Initial growth, E,(r = 0) ~ 1/7, is largein processewith very
shortmemoryandthe growth decreasewith increasingerrorsizeE(r). Thatis, the
often misinterpretedyeneralizatiorthatlarge errorsgrow slower, holdsonly for pre-
dictability experimentsn the sameforecastervironment(a = const.)wherethe error
growth decreasewhenapproachingaturation!f regimechangg0 < a < 1) occurs,
their climatologyhasto beincludedin the errorgrowth analysis.

Lower and upper boundsof predictability: Persistencelus half-trendforecastsof
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thestateX(t) have beensuccessfullyusedin empiricalseasonalorecasting:Fr(r) =
X(t—r)+3[X(t—r)— X (t—2r)]. Theperformancef this schemeshavs alsointer
estingsimilaritieswith NWP models. Smallerscales(thatis, processesvith shorter
memoryor smallera) tendto have largerinitial errors, E(r = 0) = 30%(1 + a);
smallerinitial errors E(r=0) are associatedvith smallerinitial error growth rates,
E.(r = 0) = 2E(r = 0)(1 — a)(1 + a) " 'In(%). Bothresultsleadto usefulpre-
dictability estimateswhicharesimilarto resultsobtainedrom practicalweatheifore-
casts:(i) Thelink betweerdecreasingnitial errorsE(r=0) andtheincreasindimit of
predictability T maybe extrapolatedo yield alower boundof the predictabilitylimit.
It characteriseshe potentialfor improving analysisschemeswithout simultaneous
improvementsn modelperformance (i) An upperboundmay be reachedvhen,in
addition,the systematidorecasterrorcanbereducedo zero.

Ensembldorecasts Ensemblemeanforecastsareintroducedwith the aim (i) to im-
prove the forecastandto (ii) estimatethe forecasterror, so that an estimateof the
future probability distribution of the atmospheristateds possible.The analysiscon-
sistsof boththe ensemblestatisticsandthe error statisticsof the ensembldorecasts.

Perfectmodel/ensemblieypothesisThe perfectmodel/ensemblaypothesigprovides
the backgroundfor introducingan ensembleof individual forecasts,F;(r) for i =
1,..., M, andits ensembleverage[F;] = M—l(zé‘il F;), to predictafield variable
X. A perfectensemblgr = 0) consistsof ensemblenembersF;, which arechosen
suchthatthemeandistancedetweerall membersid;;*] = M~1 Y2, (S0 (Fi—

F;)? /(M — 1)), representheanalysiserror[e?] = [d;;%]. In aperfectmodelforecast
(r > 0) theensembleemainsa perfectone: The meansquaredistancebetweerall
members[d;; (r)?], correspondso the meansquarecerrorof all individual forecasts,
[ei(r)?] = [(F3(r) — X)?] = [ds;(r)?]. Thusthefollowing resultscanbededucedsee
Tah 2.5,2.6): (i) The mean-squaredrror of the ensembleaverageforecastis about
half of the meanof the squarecerrorsof theindividual forecasts:Ey = 1[e?](M +
1)/M. (ii) Thereis alinearrelationbetweertheensemblespreadS,, andtheerrorof
theensemblenean,Ey; = Sy (M + 1)/(M — 1), becauséd;;*] = 28/ (M — 1).

Tab. 2.5- Perfectmodel/ensemblstatistics.
ensemblestatistics | [(F; — X)?] = ([F;] — X)2 + [(F; — [F;])?]| perfectmodel/ensemble
ensemblenean Fy = [Fj]
spreadvariance) Sm = [(F; — [Fi])?] setX =0 Su = [F2] - [Fi]?
pairwisedistance [d2] = [(F; — [F}])?] setX = F; [df;] = 2S5 M/(M — 1)
[(Fam — X)?]  setX #0 Ey = [ef]— Su

errorof ensemblanean £y =

Tab. 2.6 - Lag-averageforecastgLAF) of persistencén rednoise.
ensemblgnean Fy=[F(r+d]=M"" Ei\igl F(r +1)
ensemblespread Sy =02{1—-(14+a)M (1 —a)"!+2a(1 - aM)M2(1—a"2)}
meansquarecerror  |Ep;r =o02{14+ (1 +a—-2a"(1 —a™)M~'(1—a)"'-
2a(1 —aM)M~2(1 —a)~?}
systemati@rror SEy =0%{a” — (1 —aM))M~ (1 —a)"'}

Imperfectmodel/ensembl@agged-aveage forecasts) Practicalforecastsarealmost
alwaysmadein animperfectmodel/ensemblervironment. Hereit is simulatedby
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an ensemblemeanof M laggedpersistencdorecastsof the red noise atmosphere,
[F;(r)] =[F(r+4)] =M™ Zfigl F(r+i),whereF(r+1) = X(t—(r+1)). The
error and ensemblestatisticscan be deducedanalytically The predictability statis-
tics include meanand spread(or distancespf the ensemblenembersandthe con-
ditional (systematichon-systematicgrrorsmadeby ensemblemeanforecasts.The
resultsaresummarisedFig. 2.3): Theensembleneanandindividual forecasterrors,
E(r) andE(r), shav thatthe lagged-aerageensembleof persistencdorecastsare,
in generalworsethanthelatestindividual forecastbeforethe predictabilitylimit T is
reached)TheensemblepreadS,, is independentf theleadtimer but changesvith
ensemblesizeM. Furthermorethereis nodirecterrorspreactorrelationassuggested
by the perfectmodel/ensemblease. Instead,the following is noted. Dependingon
leadtime r andred noisememoryr (or @), thereis an optimal ensemblesize (M =
8), whosemembergrovide thelargesterrorspread E\s, Sar)-correlation(0.31)and
whosemeangenerateshe minimumsystematierror(r = 1,7 = 5 ora = 0.8).
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Fig. 2.3 - Lag-averagedpersistencensemblemeanforecastsn a red noiseatmospherda = 0.8 auto-
correlation):(a) Error changingwith leadtime andensemblesize,(b) systematicnon-systematiandtotal
errorfor M = 8 ensemblenembers(c) scatteidiagramof errorversusensemblespread(d) systemati@rror
changingwith ensemblesizeM (leadtimer = 1).
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C. Lorenzattractor revisited

Benard-Rayleigltonvectionis cornvenientlydescribedy theincompressibléoussi-
nesqgflow whosethermodynamicvariables(pressure density and temperaturejre
smallfluctuationgp*, p*, § from areferencestate(subscript0’) whichis hydrostatic,
adiabaticallystratifiedandat rest. The densityactsonly in the buoyang/ term and
satisfiesan equationof state,p*/py = —af (> p*/po), with thethermalexpansion
a = 1/Tp. A y-independeninotionwith (), = 0 evolvesin the (x,z)-planewith the
horizontaland vertical velocities (u, w). Friction vV2(u,w) andthermaldiffusion
xkV20 arealsoincluded.Otherconstantsregravity g, kinematicviscosityr conduc-
tivity k. Tah 2.7 givesthe momentumthermalenengy, continuity, andthe equation
of state.

Tab. 2.7 - Boussines@pproximation(2-dim).

x-momentum |du/dt = —(p*/po)z +vV3u
z-momentum |dw/dt = —(p*/po)z — 9(p*/po) + vV 3w
thermalenegy|df/dt = kV?20

continuity Ug +w, =0

state p = po(l — ab)

FromBenad-Rayleighinstability to the Lorenz-Saltzmamodel[69]: Themotioncan
bedescribedy the horizontalcomponenbf thevorticity, w, — u, = V29 = 9z, +
1,2, usingthe streamfunctiomwith (u, w) = (=, v,) andcontinuityu, + w, = 0.
Combinedwith the thermalenegy oneobtainsa dynamicalsystemwhich describes
the corvection processby vorticity and thermalenegy changes(); and adwection

J(‘/MI) = wmaz - wzaxn

_J(d)a v2,¢)) + I/V4’¢ + gaez

streamfunction (V2),
0, = —J(,0) + Y. (AT/H) + kV?0

temperature

Linearisation (') is about a state of rest. The Fourier Ansatz, (¢,0) =
Re) 2y (¥, 0)r,mexp(ikz)sin(mnz), satisfiesthe upperandlower boundarycon-
ditionsatz = 0, H: thetemperaturés constan¥’ = 0 andthe verticalvelocity and
tangentiaktressanish,sothatJ (', V2¢') = J(¢',60') = 0. With w’ = 1, = 0 one
setsyy’ = 0 andu!, = —¢,, = 0 givesV?¢' = 0, sothaty’ = ¢, =¢.,., =0 etc.

streamfunction Yy = —ypv(m? + k%) — Bagik/(m? + k?)
temperature 0; = +(AT/H)ik — Ok(m? + k?)

Finally, the characteristi@quation(dispersion)f the eigervalueproblemis obtained
introducingthe Fourier transformwith the Ansatzexp(St). Introducingthe Rayleigh
number Ra = agH?®*AT /v, gives

dispersion (S/v+m? + k?)(S/k +m? + k?)(m? + k?) —k>Ra =0

The critical mamginal instability (Ra.) occurs at the smallest possible vertical

wavenumberm = 1. Settingd(Ra)/dk = 0 for S = 0, introducing the as-
pectratioa = 1/v/2 or k = am(r/H), one obtainsthe critical Rayleighnumber
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Ra, = (1 4+ a?)?/a® = % ~ 675.5, whichis relatedto the mostunstablemode

(¢1a01)3

streamfunction Y = Yrsin(raz/H)sin(m, [H)
temperature 0 = 0ycos(zan/H)sin(zm/H)

Nonlinearity by adwection of vorticity and thermal enegy excites additional
modes. As thereis no vorticity advection dueto the most unstablespatialmode,
J(y,V?¢) = 0, it is only the thermalenegy adwection, which excites an addi-
tional mode f»sin(2nz/H), becausel (¢, 0) = 16,¢1a(r/H)*sin(2rz/H). Thus
the temperatureadwection J(v,0) = (¢162)a(r/H)?[sin(mwaz/H)sin(rnz/H) +
cos(max/Hsin(3wz/H)], supportsfurther modesbesidesthe most unstableone,
whichis associatedvith the (v, 61 )-amplitudes Thenext smallesterticalwavenum-
beris m* = 2, which describeshorizontallyhomogeneouanomalief the vertical
temperaturgrofile andaddsopposingsignsto theverticaldistribution of temperature
variability. Truncatingthe spatialeigenfunctiorexpansionat this wavenumber

streamfunction Y =y sin(raz/H)sin(m, [H)
temperature 0 = 0ycos(xar/H)sin(zw/H) + O2sin(2mz/H)

andintroducingit into they-independenBoussinesgystemgivesthe Lorenzmodel,
oncethe orthogonalityof the eigenfunctiondasbeenutilisedto derive the time evo-

lution of the amplitudes(t)1, 61, 62),. Originally, this systemwastakenadhocfrom

Saltzmans (1962)[69] numericalintegrationsof a higherorderspectraimodelof the

symmetricBenard-Rayleiglproblem. Dimensionlesgime, wavenumbersiempera-
ture, and streamfunctiony = tx(r/H)?(1 + a?),k*> + m? = (1 + a®)(x/H)?,

X =a/[k(1+a®)V2],Y = 6171 /(ATV?2), andZ = B,mr/ AT provide thefinal

form of the Lorenz-Systemwith the Prandtlandrelative Rayleighnumbero = v/k

andr = Ra/Ra. andanothemparameteb = 4/(1 + a?) enteringthelastequation.

Tab. 2.8- TheLorenz(1963)[51] system.

fields tendenyg = damping+ forcing|interactior
streamfunctionX, = —oX + oY

temperature |Y; = -Y +rX -XzZ
‘stratification’ | Z; = —bZ +XY

This Lorenz system(Lorenz 1963 [51], Sparrav 1982[72]) (Tah 2.8)is a setof
nonlinearautonomouslifferentialequationsg; = f(x), wherez = (X,Y, Z) € R™
andf: R™ — R™. Thethreefixedpointsare(0,0,0)and (4 (b(r — 1))/2, +(b(r —
1))1/2 r — 1). Thecommonparameteconstellation(c = 10, r = 28 andb = 8/3)
provides chaotic flow whosepredictability is analysedin the following. Fig. 2.4
shavs thetemperaturandstreamlinefields linkedto the locationof thetrajectoryin
the(X,Y,Z) statespace.

Predictabilityexperimentgattractortopology, uncertaintygrowth, andensembldore-
casts):Givenf andaninitial conditionz, thetrajectoryx(t) is uniquelydetermined.
Supposeéhatthereis anuncertaintyeq in theinitial condition, it is its growth which
needsto be quantified. The dynamicsof aninfinitesimally small uncertaintyis gov-
ernedby thelinearisationof theflow, e, = J(z)e, whereJ(z) is the Jacobiarof f at
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Fig. 2.4 - TheLorenzsystemtrajectoryin the (Y,Z)-plane: The threepositions(full circlesin top panela
to c) areassociateavith streamfunctiorfieldswith scaledvelocity-vectors(middle panel)andtemperature
anomaliegbottompanel).

X. In this perfectmodelscenariouncertaintyis definedby the distancebetweerthe
(inexact)forecastandthetruestateasafunctionof time. Thatis, themagnitudeof un-
certaintyattimet is simply e(t) = |e(t)|. Two growth ratescanbe definedassociated
with the uncertaintydynamics(for applicationsandadditionaldetailsseeZiehmann
etal. 1995[92], Smithetal. 1999[73]).

Instantaneousuncertainty growtht  Instantaneousgrowth is g —1%

e 1(e(t)Te(t))/? = Le~2(ef e + €Te;). Whethere is increasingor decreasingr less
or greaterthanzero)depend®n (i) the eigervaluesof J, (i) onthe projectionof the
uncertaintyontothe eigervectors ¢7'S, and(iii) its decompositiorinto the eigervec-

tors S~!e. Theeigervaluesof Jalonedo notsupplysufficient conditionsto determine

= €
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the sign of g sincethe eigen-basiss, in general,not orthogonal. Combinationwith
the linear uncertaintydynamicse, = J(z)e, givesg = €7 [1(JT + J)]e/eTe, where
%(JT + J) is thesymmetric(or deformation)partof the Jacobiarwith realeigerval-
uesandorthogonalkigervectors(Tah 2.9). Theinterpretatiorof the growth rateg is
givenby the Rayleighquotientof ¢;. Thatis, the largest(smallest)eigervalueof the
deformationprovidesanupper(lower) boundong for ary € atx. If all eigervaluesare
positive (negative),g will be positive (negative)independentf the uncertaintyorien-
tation. Thus,if definite,the sign(g)is determinecandonly its magnitudedepend®n
theorientation.For isotropicallydistributeduncertaintiethe ensembleverageof in-
stantaneougrowth ratesis givenby the arithmaticmean,<g>= > \;, wherethe
A; aretheeigervaluesof the symmetric(deformation)partof the Jacobian.

Tab. 2.9- Lorenzsystemlinearisedabout( X, Yo, Zo).

matrix Jacobian]

streamfunctionX, = —oX +oY 0
temperature |Y, = (r — Zg)X -Y —XoZ
stratification |Z, = Yo X +XoY —bZ
matrix Symmetricz (JT + J)

streamfuncion X, = —oX +io+r—Z0)Y +ivoZ
temperature |Y; = 1(o +1 — Zo)X —Yo 0
stratification | Z, = 2Y5Xo 0 —bZ

The exact boundson uncertaintygrowth are obtainedplacing restrictionson every
trajectorywithin regionsof statespace:(i) In regionsG,, whereall eigervaluesof
the Jacobian) have negative real parts, Re(\;) < 0, it is not sufficient to rule out
positive growth ratesfor non-normall. Yet theseregionsare obsened (numerically)
to be dominatedby decreasingincertainties. The eigervaluesof J arethe roots of
the characteristigpolynomial P(\) = agA3 + a1\ + a2\ + a3 = 0 with ag = 1,
a;=(1+o+b),as=0(1+b—r+2Z)+b+X2% a3 =c(b+X2—rb+bZ+ XY).
The Routh-Hurwitzcriterion,which providesthe subspace

G = [.CL'|T0, Ty > 0],

stateshatall Re()\z) <0,if Ty =ap > 0,71 > 0,T, = ajas —az > 0, andT3
orasz > 0. (ii) In regionsG2, whereeacheigervalueof the symmetricdeformation
map%(JT + J) is negative, A; < 0, noinstantaneougrowth rateis positive andall
infinitesimaluncertaintiewill decreasavith time for atleastaslong asthetrajectory
remainsn thatregion. In generalG, € G; € R™. Thatis, all A; arenegative definite
only if all principal sub-matriceof —(J7 + J) have positive determinantd/;. This
providesthe subspace

Gy = [w|V1,Vm > 0]

with V; = 2J1’1 =20 > 0,‘/2 = 4:J1,1J2’2 — (JLQ +J271)2 =40 — (0'+’I‘—Z)2 >0
andVz = det—(J + J¥) = 2b[40 — (o + 1 — 2)?] — 2y* > 0. Thefractionof time
thesystemspendsn G, or G» is relatedto thefraction of the attractorin this region.
Thisreflectspredictability (Fig. 2.5).

Effective growthk  The linear resohent operator(tangentpropagator)of f: M =
M (zo, At), mapseg andzg to €(dt) and z(At) after A¢. Thus,the magnitudeof
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Fig. 2.5 - The Lorenzsystemwith regions of uncertaintygrowth: (a) Surfacesof Gy with blue andred
sidefacingthe stableund unstableregion, andG> green.(b) Locationof the attractorwith blue, red and
greendotslying within G1 andG3, outsideG; andwithin G2 (afterZiehmanretal. 1995[92]).

uncertaintyis e(At) = |e(At)| = [e(At)Te(At)]Y/? = [ep M Myeo]'/?; its growth
rateyieldsra; = At~ log[(eo Mg Moeo) /€t €0]'/? (Tah 2.10). The quadraticform
associateavith the uncertaintyboundsthe eigervalueso? of M7 M: Singularvalue
decomposition(SVD) of M is M = UXVT with orthogonalmatricesV(U) con-
taining the right (left) eigervectorsas columnsandX. is the diagonalmatrix of the
singularvalueso; > o; for i < j. UnderM eachright singularvectoris rotated
into theleft singularvectorandstretchedshrunk)by thefactoro; greater(less)than
one: Mv; = o;u;. Theeigervaluess; canbeinterpretedasfinite-time Lyapunw ex-
ponentsandthe maximumgrowth ratega, is associateavith the uncertaintyaligned
alongthefirst right singularvectorv, . For At — oo , thegrowth ratega; approaches
the largestLyapunas exponentand the Lyapunas spectrumcorrespondso the log-
arithmsof the singularvaluesof M. Accordingly, the first Lyapunw vectorat each
point on the attractoris u; (At). At afixedlocationz, the singularvalue decompo-
sition of lima;—o M is evaluatedover a boundedtrajectoryandthusthis direction
cannotbe definedfor (almostall) zo. Thatis, the singularvectorscanbe determined
from finite time local dynamicsbut the Lyapunw vector orientationcannotas they
dependn anintegral overtheinfinite past.

Tab. 2.10- Uncertaintydynamics.

instantaneougrowth g =e"Yde/dt = e (e(t)T e(t))/? = %6_2(6?6 +€Ter)
et = J(z)e :eT[%(JT—I—J)]e/eTe

effective growth ga: = At~ lloge

e(to + At) = Mp(zo, At)eg = At_1l0g[(€0M§Mg€0)/€g€0]1/2

Ensemblédorecasts A perfectensemblehasmemberswhich are analogscollected
from alongtime integration. They arenearesheighborson the attractorwith smaller
dimensionthanthe statespacewhere’near’ is definedby the statisticalform of the
obsenationaluncertainty Eachmemberhasequalweight (quantizatiomoise). Thus
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forming perfectensemblesequiresmoreknowledgethanspecifyingmeasurementn-
certainties Perfectensemblendperfectmodelforecastgwith 512membersn a 6-bit
box) evolving in time shaw the following (Fig. 2.6): (i) Early stagesof predictabil-
ity lossrealisetheensemblespreadingut. The spreaddevelopsquickly andbecomes
comparablewith the diameterof the attractor Theinformationcontentof this distri-
bution decaysat a muchslower ratethansuggestedy the standarddeviation: Near
t = 3.5theroot-mean-squarerror is nearzero, althoughthe systemwill have either
large positive or large negative values. Thatis, this errormeasurénasa fundamental
shortcomingor non-linearsystems (ii) A returnof skill is foundfor both large pos-
itive and negative X-values,which is dueto the ensembles residencen G, or Gs.
This structureappeardo occurin mary low-ordermodels.(iii) Saturatioror the ulti-
matelimit of predictabilityis reachedatthetime requiredfor theensembldo become
statisticallyindistinguishabldrom climatology, which is the projectionof the natural
measurentothevariableof interest.

6.0

1.50

1.00
0.50

0.00

Fig. 2.6- TheLorenzsystemwith theevolution of variablez in a perfectensembleProbabilitydensityfor
theX-variablechangingwith time (plottedin thevertical,afterSmithetal. 1999[73]). Theinitially (¢t = 0)
sharpdistribution decays but thenshaws a true returnof skill (neart = 0.4) at the time the ensemble
crosseshe G surface. Theensembldhasmembersat eachextremeof the attractor(t ~ 2.75, 3.5 etc.).
Theasymptotiadistribution is notreachedat thetop of thepanel(t = 6.0).
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D. Analog forecasting:Local dimensionand entropy

Fromthe predictabilityof surrogateatmospherem animperfectanda perfectmodel
ervironmentwe turn to the forecastingof the real weather Two approachearedis-
cussed:Forecastingf the future weatherby pastweatheranalogss aninternalpre-
diction experiment. 'Atmosphericpredictability as revealedby naturally occurring
analoguesdatesbackto Lorenz (1969)[52]. Although analogforecastingsuffers
from datascarcity becausehe atmosphere recurrencdime is vastcomparedwith

its life time (vandenDool 1994[83)), it hasbeenfrequentlyrevisited, for example,
by adaptinga forecasterror minimising metric for the analogsearch(Fraedrichand
Ruckert 1998[27]) to improve individual andensembleneanforecastf dynamical
systemsandof Hurricanetracks(Sieversetal. 2000[71], Fraedrichetal. 2003[32]).

Considematime serieddisplayedn atime-delaycoordinatephasespaceof sufficiently
large embeddingdimensionm. The spreadof initial ensemblememberg(they sat-
isfy the perfectensembléypothesis)s measuredby theirmeanmutualdistanceand
its scalingwith the numberof memberdeadsto the D,-dimension.The K»-entropy
is the changeof ensemblespreadperfectmodelhypothesislith increasingembed-
ding dimensionby addingfuture time-delaysto the phasespace.This describeshe
mainaxesof aninitially small spheresxpandinginto an ellipsoid. This expansionis
formedby diverging trajectoriesn the time-delaycoordinatephasespaceand,there-
fore, characterisepredictability A reliability testwith surrogatelatamayalsobeap-
plied (Fraedrich1988[15]). Thatis, scalingandtime changeof theanalogensemble
spread(nearesheighbourdn phasespace)correspondo the correlationdimension
D, andentropy K>, estimatedby the GrassbegerProcaccia1984) algorithm[39]
(Fig. 2.7,Fraedrich1987[14]).

Comparedwith internal analog forecasting,numericalweatherprediction (NWP)

modelswhich play aneminentrole in practicalweatherforecastingprovide external
forecast.Theiradvancemenhasbeenremarkablesincethefirst conceptgRichardson
1922[67]) emegedandfirst applicationgCharng, Fjortoft, andvon Neumannl950
[9]) were made. Here, a recentestimateof local degreesof freedomof NWP bred

ensembldorecastgPatil etal. 2001)is critically appraised.

Analog ensembldorecasts(local dimensionand predictability): Givena time series
X(t) of obsenedlocal weathewariablesmeasuredttime stepsr. Piecesof thistime
serieswhichcommencatt; andlastfor (m — 1)7 time stepsareusedto definelocal
weatherstateqor points)embeddedh am-dimensionaphase-spacgpannedy time-
delaycoordinatesg,, (t;). Otherweatherstatese,, (¢;) in the samephasespaceare
calledweatheranalogs’or nearesteighborgo z,, (¢;), if bothareindependenpairs
of points, |¢; — t;| > 7, in this spaceandtheir Euclideandistanced;; = |z, (¢;) —
Zm (t;)], is small(Tah 2.11). Note thata delayor samplingtime-lag,corresponding
tothedecorrelationime-scalemayguarantedinearindependencef the phase-space
coordinates.

Scalinganalysisof the statisticson the numbersof analog-pairgwhich dependon
their distancephasespaceand its embeddingdimension)leadsto estimatesof the
dimensionof local weatherdynamicsandits entrofy (asa measuref predictability).
Firstthecumulatve numberdistribution (or correlationintegral) C,,, (1) of all N points
in phasespacds obtainedandthentheir scalingbehaiour is analysed:

(i) Analog ensemblesCountingthe relative numberof j = 1,..., N — 1 analogs
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Tab. 2.11- Analogpairsin the delay-coordinatphasespace.

analogs delaycoordinatephasespace

analogpair T (ts) = [2(t:), z(ti — 7), oy z(ti — (m — 1)7)]
mm(tj) = [I(tj):a;(tj - 7—)5 --'am(tj - (m - 1)7_)]
pairwiseEuclideandistancgd;; = [zm(ti) — Tm ()], [t — ;| > 7

zm(t;), whosedistances smallerthanaprescribedhreshold(d;; < 1) fromthelocal
basepointz,, (t;), providesacumulatve numberdistribution,Zj.\f:’l1 0(l—d;i;)/(N—
1), which increasedo onewith increasingthresholdl. Herethe Heaviside function
is usedwith 6(a) = 0 or 1,if a > 0 ora < 0. Repeatinghis procedurefor all i =

., N basepoints,z,, (¢ ,) andsubsequenrdveraginggivesthe correlationintegral
(Grassbag[erand Procaccial 983,1984[38][39], for anextensionto smallandnoisy
datasee[18], and[4]).

2

-1

N
=N 6w )/(N —1).

1

=1 j

Thatis, averagingover all analog-pairsn all possiblem-dimensionabphereof size
[ providesananalogensemblelimatology

(i) Perfectensemblénypothesisanddistancescalingof the correlationintegral (at
fixed embedding)eadsto the meancorrelationdimensionD: Considerthe number
of pairs of points, which are homogeneouslylistributed on a line (surfaceor vol-
ume)embeddedn an m-dimensionaspace This numbergrows accordingto alinear
(quadraticor cubic) power-law:

Cp(l) ~ 1P

with D =1,2,or3atfixedm =1, 2, or 3. Analoguouslylocal weatherstatesevolving
in a delay-coordinatg@hasespaceare characterisedby the dimensionof that object
which is coveredby its dynamics. Scalingwith I — 0 and suficiently high (and
fixed)embeddingm occursonly, if perfectensembleanembersarecountedin the m-
dimensionakphereof radiusl.

(iii) Perfectmodelhypothesisandtime scalingof the correlationintegral leadsto
the estimatesf the local meanpredictability (entrofy or informationloss): Extend-
ing the piecesof weathertrajectoriesfrom (m-1) to m, or increasinghe embedding
dimensiorby one,reduceshe numberof analogpairstrappedn a sphereconfinedby
thel-threshold.Their chancebeingtrappedin the m-dimensional-spheredecreases
proportionaltto

Cr(l) ~ exp(—mtLy,).

Thuspredictabilityrepresentthe systems dynamicsn delaycoordinatgphasespace.
It canbe estimatedoy the sumof the positive Lyapunw (or characteristicexponents
Ly, which contribute to the expansionof an infinitesimally small sphereof initially
Elosetrajectoriesinto anellipsewith K expandingmainaxes: H = Zle L, with
x> 0.
(iv) Interpretation:The resultsobtainedfrom the analysisof local variablesshould
not suggesthat the weather(say within a Rossbyradiusaboutthe station)may be
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Fig. 2.7 - Correlationintegrals(cumulatie I-distancedistribution), Cr, (1), changingwith increasingem-
beddingdimensiond., ...(m — 1): (a) Local surfacepressureand(b) surrogateAR(1) determinedanalyti-
cally.

modelledon single stationreadingbut that one projectionof the weatherattractor
happendo revealarelatively smalldimensionassociatedavith a (climate)meanlocal

predictability Furtherdistantstationsare expectedto characterisalifferentregions
and may leadto differentestimatesf local meanpredictability and dimensionality
(Fraedrich1986[13]).

E. Numerical prediction: Local degreesof freedomand forecastspread

ConsiderindependenGaussiamandomvariablesy, with zeromeany = 0 andvari-
ances?. Degreesof freedom,dof, characteris¢he linearindependencef the mem-
bersi =1, ..., M of anensembley; of theserandomvariables.The ensemblestatistic
is corvenientlydescribedy thefirst andsecondnomentstheensembles mean [y;],
andtheensemble variancepary.

2
il = 5 XM v and vary =X = LM (y; — [y))?

Degreesof freedom Samplingdifferentrealisationsof ensembleshows that, dueto

theinherentdegreesof freedom,their meansandvariances|y;] andvar s, fluctuate
andleadto distributions,which canbe describedheoretically: The ensemblemeans
are Gaussiandistributed and the variancesare standardiseahi-squaredistributed,
x2/M. DenotingEx and Var as the first and secondmomentsof sampledensem-
ble statistics(ensemblemeansand variances)one obtainsthe ensembladegreesof

freedom,dof = M, by momentfitting. Thatis, realisingthata chi-squaredsariable
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(unweightedsum of normalisedGaussiarvariables)hasthe samplemeanand vari-
ance,Ex(x?) = 0> M andVar(x?) = 20* M, oneobtainsthefollowing (Tah 2.12):

(i) Thecombinationof thesampleaveragecensemblevariancesEx (varys) = o2,
whichis relatedto the chi-squaredlistribution, andthe samplevarianceof theensem-
ble means,Var([y;]) = o?/M, which is relatedto the Gaussiardistribution, gives
dof = M = Ex(vary)/Var([ys]).

(i) Thesecondnomentfit combineghe (squaredmeanandvarianceof the sam-
ple variancesusing the chi-squaredistribution, M = 2Ez?(varas)/Var(varay),
which, for o-normalisedvariablesyeducego dof = 2/Var(varyy).

Tab. 2.12 - First and secondmomentsof samplesof ensemblemeanandvariancesand their
relationto theensemblalegreesof freedomM.

ensemble first moments secondnoments

means Ex([y;]) =0 Var([yi]) = o /M

variances Ez(varyr) = o2 Var(vary) = 204 /M

degreesof freedomdof = Exz(varyr)/Var([y:])|dof = 2Ex?(varyr)/Var(varyr)

Interpretationt Someof thestatisticaimeasureassociateavith thedof-estimatellow
a directgeometricabr meteorologicalnterpretation.(i) The samplemeanof the en-
semblevariancesharacterisetheensemblepreadfx(var,, ) describingheaverage
Euclideandistanceof all ensemblenembersrom their respectie meangy;]. In the
perfectmodel/ensemblenvironment(seeabove sections) this providesa predicted
forecasterror. (i) The samplevarianceof ensemblemeansV ar([y;]), measureshe
fluctuationof the ensemblemeansdueto the inherentdegreesof freedomof its M
membersjik ewise doesthe sample-arianceof the ensemble-ariances(iii) Theen-
sembledegreesof freedomdof, increasewith increasingensemblepreadEx(varyr)
anddecreasingamplevariability of the ensemblemeansor variancesYV ar([y;]) or
Var(vara). (iv) The ensemblecovarianceor correlationmatrix describegshe sam-
ple averagedinearrelationbetweenall ensemblenembers The eigervectordecom-
position turns the secondmomentfitting from a dof-varianceinto a dof-eigervalue
notion, realising, Ex(varyr) = Ef\il Ai andVar(vary) = Var(zgl y? /M) =
2M—2 Zi]\il A? = 2/dof (Fraedrichetal. 1995[23], seealsoWangand Sheng
1999[89)). In this sensedof-estimateprovide alimit for thenumberof independent
ensembleeigervectorsrequiredto representhe ensembles variability. (v) Thusan
estimateof the confidencdimits canbederived:

M M
dof = 2Ex*(varys)/Var(vary) = (Z X)2)) A2
i=1

=1
+Adof = +V(dof) - (\;) = Fddof(2/N*)'/?

The errorpropagatiorieadsto the error of the dof-estimatewhereV is the gradi-
ent with respectto the A;. And the North et al. (1982)[60] rule of thumb gives
the confidencelimit placedon the estimatedspectrumof the eigervalues,A)\; =
+2);(2/N*)'/2, which depend®n thenumberN* of independentealisationsn the
sampling.For example,N* = 1000 independentealizationdeadto lower andupper
confidencdimits, dof + Adof = (1F4(2/N*)'/?)dof, of aboutl8%. If all variables
aremutuallyuncorrelatedlof=M; if they areperfectlycorrelatedor anti- correlated),
the lower boundof dof = 1. (vi) Note that normalisationmattersfor non-Gaussian
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distributeddata. For example,ellipsesin the x, y-planearesubjectedo dof-analysis
afterbeingmodifiedby affine transformationsRotationaboutthe z-axisandstretch-
ing the major versusminor axesby the stretchingfactora/b The non-normalisedr
covariancedofsareindependenof theorientationbut decreaséom dof = 2 to 1 with
increasingstretchingfactora/b,becausehe ellipsechangesn shapdrom acircle,a/b
=1,to aline. Thenormalisedor correlationdofs,1 < dof < 2, dependbothonthe
rotationangleor orientationof the major (or minor) axis, andtheir ratio a/b This is
plausibleconsideringthe effect which normalisation(by the standarddeviation) has
on the embeddingcoordinates.Thatis, dof-fractality providesan indicatorof shape
andorientationof the objectin theembeddingpacecharacterisingts deviation from
isotropy (Fraedrich1997[26]). (vii) Applications: In meteorologyand climate re-
searchfime-spacelatasetsaredisplayedn the (T,S)-datamatrix, z;;. Spaceor time
samplingyield the following estimatedor the degreesof freedom: Spatialensemble
statistics(spatialmeans[], andspatialvariancesV arg) fluctuatingwith time sam-
pling is dueto spatialdegreesof freedom. Likewise in time: The time degreesof
freedomcharacteris¢he time statistics(time means< >, andtime variancesy arr),
which vary with spatialsampling. The degreesof freedomareestimatedy first and
secondmomentfitting; notethat(dofr,dofs) < (T, S):

dofr = [varr]/Vars(<z;;>) dofs =<wvars> [Varr([zj])
dofr = 2[varr)?/Vars(varr) dofs = 2 <vars>? |Varr(vars)

Spatialdggreesof freedom(Lorenzattractor): Applied to the Lorenzattractor dof-
estimategyivesthe following results: (i) The global dof-estimatedof = 2, charac-
terisesthe chi-squaredistribution of the Euclideandistancesetweenall stateson
theattractorfrom their arithmeticmean.Rotationaboutthe Z-axischangeshevalues,
2 < dof < 3, becausehey arenotinvariantunderaffine transformations(ii) Local
dof-estimateslescribethe distancedistribution betweena basepoint andits nearest
neighbors(seeFig. 2.8a). The influenceof samplesize and the effect of varying
noise-level canalsobeillustrated. (iii) The dof-estimate®f higherdimensionakys-
temstendto exceedthe Lyapuna/- or thecorrelation-dimensiorD < dofs < M. (iv)
Global dof-estimategrovide a minimum embeddingdimensionfor measuredrari-
ables,becausehey definethe numberof independengigervectorsof the statespace
correlationmatrix, ontowhich thetime seriesneeddo beprojected.

Forecastensemblalggreesof freedom(NWP forecasts) A recentanalysis(Patil et
al. 2001[61]) suggestdocal weatherdimensionalitylimited by dofr ~ 5. This
conclusioncanbereachedvhenprocedingasfollows: (i) Pickanensemblef 5 local
wind-weatherforecastg12-hourly 500mbarzonalandmeridionalwind components)
andsamplethe ensemblestatisticsover 50 realisationgor 25 gridpointsfor thezonal
andmeridionalwind) within 21100 x 1100km region. The NWP ensembldorecasts
are obtainedby a breedingprocedure(Tah 2.13) originally developedto estimate
maximumLyapunw exponents(following Wolf etal. 1985[91]). (ii) Estimatethe
ensemblalegreesof freedom(dof) by fitting the secondnomentof the sampleto the
theoreticalchi-squaredistribution utilising the eigervalue formulation (Fig. 2.8b).
A global climatology may be composedepeatingthis procedurefor all regionsand
averageover 150days.(iii) Interpretethesedofs,which give the numberof ensemble
(breedingor Lyapunw) eigervectorsrequiredto describethe ensembles variability,
asa’local low dimensionalityof atmospheriaynamics’andconcludethatthis may
provide hintsof whereto improve dataassimilation.
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Fig. 2.8 - Degreesof freedom: (a) Spatialdegreesof freedom(dofs) at locationson the Lorenz(1963)
[51] attractor;(b) local ensemblalegreesof freedomestimatedrom ensembldorecaststatistic(sampled
over 25 grid points)for a36hourNWP forecastin the Austral-Asianregion (from Patil etal. 2001,shading

fromlighttodark:1 < dofr < 5).
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Tab. 2.13- Ensemblébreedingmethod:A practicalapproacho generat&ensemblenembers.

Breeding(in At-steps) Control|Member |ErrorandPerturbation

(la)AnalysisA, perturbatiorP |A(0) |A(0)+P(0) E(0) =<P(0)>

(1b) 1stforecastsF'(1), Fi(1) |F(1) |Fi(1) E(1) =<F1(1) — F(1)>

(2a) AnalysisA(1), rescaled®(1)|A(1) |A(1)+P(1)|P(1) = (F1 — F) - E(0)/E(1)

(2b)2ndforecastsF'(2), F1(2) |F(2) |Fi(2) E(2) =<F1(2) — F(2)>
Generateiew members

(n) Saturation(afterdays) F(n) |Fi(n) E(n) =<Fi(n) — F(n)>
short-termerrorgronth dinE/dt ~ 1.5d

Somecommentsarein order: (i) Initially (t = 0) the numericallygeneratedorecast
ensemblesanhardly bedistinguishedbecausehey startfrom very closeinitial con-

ditions; thatis, dof(t = 0) ~ 1. With increasingforecastleadtime (t = At) the

spreadand,thereforethe degreesof freedomgrow, 1 < dof (t = At) < 5. (i) Local

predictability can be estimatedby the ensemblespread,Ex(varys), and by the de-

greesof freedomdof = 2Ex2(vary) /Var(vary) = (X1, Ai)?/ S, A2, Both

measuresresimilar: The spreaddescribeshe meanEuclideandistancebetweeren-

semblemembersandtheir mean.It is a measuref the divergencein termsof spread
per forecastieadtime. The dof-estimatecharacterisethe representatie numberof

ensemblgLyapunw) eigervectors,which participatein the dispersionof the model
forecast.(iii) Notethatthe samplingof 25 closegrid pointsof alocal wind-field map
resultsin only N* ~ 2 to 4 independentealisationsvhenassuminga 500kmRossby
radius. Thatis, the confidencenterval is almostaslarge asthe dof-estimateandthis

requiresmprovements.

. LONG TERM MEMORY - LOW FREQUENCY VARIABILITY

In the mid-70sthe Brownian motion enteredclimateresearchasa paradigmfor the
Earth's climate fluctuations(Hasselmanri976 [42]). Employing the Langesin ap-
proachto a greenhouselimate relaxing towardsits equilibrium, for example,one
obtainsits high frequeng red anda low frequeng white noisetemperatureesponse
on white noisestochastidorcing. As the autocorrelatiorof this systemdecreaseex-
ponentiallywith finite integraltime scale thereis noindicationof long-termmemory
Still, suchconceptshave stimulatedan intensive red noise searchin obsened data
and simulationsof comprehensie generalcirculation models(GCM). At the same
time, obsenationsand modelingof flicker noiseor otherpower-law scalingregimes
emepged (Vossand Clark 1976[84], van Vliet etal. 1980[85]) with new concepts,
whicharealsocloseto theclimatesystem$enegy balancethatis, replacingthe New-
tonianor radiatve-corvective relaxationby the diffusive heatflux divergenceandthe
forcing by additive noisyfluxes(andnotby flux divergences)This systendevelopsa
power-law decorrelatior{or power spectrum)eadingto aninfinite integraltime scale,
which indicateslong-termmemory Sincethen power-law power spectradifferent
from Brownian motion have beenidentifiedin obsened recordsand model simula-
tions of the climate system.For example,the nearsurfacetemperaturéManabeand
Stoufer 1996[56], Pelletier1999[62]) shows low-frequeng behaiour which does
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not, up to very long periods,asymptote¢owardsa white plateau.While mostof these
studies(for a review seePelletierand Turcotte 1999[63]) are guidedby self-afine
scalinglaws governingthe non-lineardynamics the associatedbng-termmemoryor
correlationaspecthasbeenemphasiseanly recently(Koscielry-Bundeet al. 1998
[50], TalknerandWeber2000[78]) analysingobsenedtemperatureand GCM sim-
ulations(Muller etal. 2002[59], FraedrichandBlender2003[34]). In mostof these
studies,the variancespectrumanalysishasbeenreplacedby methodsbasedon the
analysisof a randomwalk (time seriesof accumulatecanomalies}o determinethe
scalinglaws and long-termmemory: Fluctuationand detrendedluctuationanaly-
sis (FA andDFA, seee.g. Pengetal. 1994[64]). Theseanalysessuggesthatthe
nearsurfacetemperaturdluctuationsare governedby a universalscalingbehaiour
shaving long-termmemorycorrelationaup to twentyyears.This featurehasbeenat-
tributedto the slow oceanandcryospherelynamicsalsoaffectingthe atmosphereas
thefastesbf the climatecomponentsBut, a quantitatvely similarlong-termmemory
hasbeenidentifiedin thedynamicalpropertiegglobalangulatmomentumpf a GCM
(PUMA) (Fraedrichetal. 1998[28]) driven by Newtonian cooling and dampedby
Rayleighfriction. Both the obsenationalsupportandthe understandingf stationary
climateprocessewvith long-termmemoryis far from beingcomplete notto mention
the existenceof generallyacceptedonceptuamodels.Herewe presentinformation
on the low-frequeng behaiour of the temperaturesthe mostimportantvariableof
the surfaceheatbalancewhich is analysedisingobsenationsandsimulations.First,
themethodis briefly describedandthenappliedto long time seriesof thenearsurface
air andsoil temperaturebsened and simulated.Finally, a simpleconceptuamodel
comprisingFickian diffusion and Newtonian cooling is introducedas a suitablecli-
mateconceptwhich, in contrastto the corventionalBrownian motion analogor red
noise,revealsa long-termmemoryregime. The subsequensectionsintroducedy-
namicalmechanismsf low-frequeng atmospheriwariability generatedby the North
Atlantic Oscillationlife-cyclesinitiated by spatialresonance.Finally, decadalvari-
ability is describedby a coupledocean-atmospheraode,which establishegtself by
a positive feedbackoop modulatedy theannualcycle.

A. Long-term memory everywhere?

Long-termmemoryandscalingregimes(correlation fluctuationandpower spectrum)
arededucedrom time seriesz;, which areinterpretedby randomwalk positionsor

the Y (j)-profile runningthroughtime j, whereY (j) = y1 +y2 + ... +y;. Therandom
step(or anomaly),y; = z;— <z;>, is obtainedafter subtractinghe ensemblenean
annualcycle <z;>. Thustherandomwalk profile startsfrom the zeropositionand
endsthere. The fluctuationanalysisappliedto the profile is basedon the structure
functionapproachMonin andYaglom1975[58]) to obtainscalingproperties:

F(r) = [(FZ + F2 + ... + F%)/N]*/?

Thestepsor squareddistancesFy, (r) = (Yim)r+1 — Ym—1)r+1)>, changewith sey-
mentlengthr andareaveragedover all segmentsof the profile, thatis fromm = 1to
N. Stationarityand normalisationby the total variances? yields the following rela-
tion betweenauto-correlatiorandstructurefunction, C(r) = 1 — £ F(r). Thatis, a
power-law scalingof the auto-correlatiorcorrespondso a power-law scalingof the
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Fig. 3.1 - Power law scalingof simple systems:(a) Fluctuation(FA) anddetrendedluctuationanalysis
(DFA1 to 3) of theartificial time seriesgiven by a 50 day wave superimposedy alinear trendandwhite
noise. (b) Normalizedvariancespectraof mixing-lengthaveragedtemperaturexnomalyfluctuationsin a
simpleenegy balanceclimatemodel,which is characterizedy one-dimensionarickiandiffusion excited
by white noisefluxesanddampedy Newtoniancooling: Thediffusivity andmixing lengtharefixedat D =

108m2s~1 andL = 1000km, the Newtonianrelaxationtime (in days)varieswith - = 102, 103, 10*

andoo.

structurefunction,C(r) ~ r=7 andF(r) ~ r, with @ = 1—1~. Fouriertransforma-
tion of the correlationfunctionleadsto the variancespectrumywhichis alsogoverned
by apowerlaw, S(w) ~ w=? forw — cowith f =1 — v = 2a — 1.

Short-andlong-termmemorycannow be introducedby time seriesanalysis. They
areformally distinguishedy their integral timescaler = f0°° C(r)dr beingfinite or
infinitely large. Thusstationaryprocessesvith long-termmemoryarelimited in the
rangeof exponentgo excludedivergenceof moments:

correlationC(r) ~r=7 for0 <y <1
fluctuation F(r) ~r® forl>a>1
spectrum S(w) ~w P for1>3>0

The scalingrangeis limited by white noise(y = 1, = %, and = 0), whichis
stationarywithout memory(zeroor finite integral time-scale)andby Flicker- or 1/f-
noise(y = 0,a = 1, andgB = 1), which is non-stationarywith long-termmemory
(infinite integral time scale).A purerandomwalk, for example attainsy = —1,a =
%, andf = 2. Fractionalstochastiqrocesse¢Tah 3.1) (Hosking 1981 [44]), for
example, shawv long-termmemory The statisticalpropertiesassociatedvith it are
power-law power spectrain the low frequeng range(with 8 = 2d), the power-law
decorrelatiowith increasingime-lag,C (r) ~ k2?~1(—d)!/(d—1)!, andaninfinitely
longintegraltime scaler, if 0 < d < % Not unlike theauto-rgressve or AR-models
beingfitted to datawith short-termmemory the fractional AR-modelsare usedto
determinethe scalingbehaiour of time serieswith long-termmemory Next, the
detrendedluctuationanalysiss introduced.
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Tab. 3.1- Fractionalauto-rgressve procesgHosking1981[44]).

moving average |x(t) = Y >~ a(k)z—

weights(d < §) |a(k) = (k +d — 1)!/k!(d — 1)! k?=1/(d —1)! forw — oo
auto-correlation |C(r) = (—=1)k(=2d)!/(k — d)!(—k — d)!| k231 (—d)!/(d — 1)! fork — oo
spectrum S(w) = (2sinfw) 2 w24 forw — oo
integraltime-scalgr = Y% C(r) =ocoforo <d < %

Detrendedfluctuationanalysis(DFA): The power-law scalingof the fluctuationsis
not affected, if the squareddistancesF(r) = (Yim)rt1 — Yim—1)r4+1)> Of all
time-sgmentsare replacedby variancesF2 (r) = Var(Y(’m ¥ +;) within the seg-
ments.Now, detrendedluctuationanalysisgoesa stepfurther. It removesthelinear,
guadraticcubic, etc. trendsfrom the segmentsfitting linear or higherorderpolyno-
mials to all segmentsof the profile beforethe sgmentialvariancesare determined
(seePenget al. 1994[64], Bundeet al. 1998[50], Hengghanand McDarby 2000
[43]). Notethat,conceptuallythe linear detrendingof the time-lagintervals returns
the accumulatecdinomaliedo the anomalies.Thus,a properlinear detrendingof the
anomaliecommences$or quadraticcubic, etc. detrendingof the profile. This canbe
seenwhenanalysinga surrogatalataset,which senesasanintroductoryexamplefor
the DFA methodology The fluctuationanalysisbasedon the structurefunction (FA)
andthe detrendedluctuationanalysisemploying linear, quadraticandcubic polyno-
mials(DFA, DFA2, andDFA3) areappliedto anatrtificial time seriesvhich consistof
alineartrendplusaperiodic50day-vwave plusafirst orderauto-regyressie or rednoise
procesgFig. 3.1a).All methodsshow theperiodicity. Only the detrendedluctuation
analysisemploying trend-remeing polynomialsof secondandhigherorder, capture
the basiclow frequeng fluctuationfeatureof the time series,which is white noise.
Thatis, for long time lags,FA andDFA do not scalewith the white noisepower-law,
a= % asDFA2 andDFA3 do. Therefore DFA2 will beusedfor furtheranalysis.

Air andsoil tempeatures(obsenedandsimulated):Temperaturdime seriesof local
air and soil columnsare subjectedo the DFA analysisto identify regimesof long-
termmemory Thisis theobsenednearsurfaceair andsoil temperaturat the station
Potsdan{Germairy, 1893-2001Fig. 3.2a)andsimulatedair temperaturén continen-
tal Europe(coupledatmosphere-oced@CM ECHAM-HOPE,1000yearcontrolrun,
Fig. 3.2b): (i) Theobsenednearsurfaceair (andsoil) temperatureshov apower-law
scalingregime, which extendsover two decadedrom lessthanone monthto about
several decadesand longer The DFA-scaling exponenta ~ 0.7 correspondgo a
power-law variancespectrumg ~ 0.4 (plottedwith increasinglog of the period).
This characteriseé) the long-termmemorywith long lastingpersistencef temper
atureanomaliesand(b) the invarianceof the samepower-law scalingfor along time
span. The occasionabreakdown at long periodsmay indicatea transitionto a new
scalingregime (e = 0.9 or 8 = 0.8), averylong quasi-periodioscillation,or it may
simply occur, becausehe resultsarelessreliablefor time scalescloseto the record
length. In the soil, the long-termmemoryregime extendsto about2m. At the low-
estlayerof 12m,aredspectrundominateshefluctuationsn thetime rangebetween
yearsandseveraldecadesThereis atransitionregion betweer2 and12msoil depth,
whereaflicker noiseregime characterisethetemperaturevariability in thetime span
betweenmonthsand mary decades.(ii) Simulatedair temperaturegrerequiredto
supplementhe obsenations,becausdong recordsof tropospheridemperatureb-
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senationsarenot available. The long-termmemoryregime, 8 ~ 0.4, extendswell
into the tropospheraurning white betweenthe mid-tropospher@andthe tropopause.
Thesimulatedong-termmemoryregimein thesoil is comparabléo the obsened,up
to the levels computed.(iii) Whetherthe long-termmemoryregime, which governs
thetemporaltemperaturdluctuationsbetweenthe mid-tropospher@ndthe nearsur
facesoil layers,is auniversalphenomenorhasnotbeensufficiently resolhed;coupled
GCM simulationsandobsenationsindicatedifferentbehaiour overtheoceansandin
thetropics.In summarisingA power-law scalingdifferentfrom thatgeneratedby the
Brownianmotionanalogof climatevariability, governsthefluctuationsontime scales
betweeramonthandseveraldecadesr evencentury Thatis, thescaling,whichchar
acterisesong-termmemory remainsunchangedaveralargetime span.This suggests
asuitablecooperatiorof fundamentaprocessesontributingto theclimatevariability,
which aredifferentfrom thosegeneratinged noiseor Brownian motion.

In the Brownian motion case,the fundamentaklimate processesnay be attributed
to Newtoniancooling andadditive stochastidorcing. Newtoniancooling relaxesthe

earthsystento its greenhousequilibriumby radiative-corvective heatexchangethe

relaxationtime scaler increasewith the systems heatcapacity(for simpleclimate
modelssee for example,(Fraedrichi2001[30])). Additive white noiserepresentsin-

correlatedfluctuationsof the atmospherewhich forcesthe climate fluctuationsout

of equilibrium. Thusthe climate responseshawns two regimes: The red spectrum,
B = 2, definesa transitionalfrequengy regime,w > 71, wherethe dampedsystem
respondson the shortfrequeng part of the white noiseforcing before,for long pe-

riods,w < 771, thelow frequeng partof the white forcing dominateghe systems

responsapproachinghe white noiseplateau.

Fickiandiffusionis anotherfundamentatonceptdescribingthe variability of the cli-
matesystemwhich characteriseis lateraland/orvertical Austauschlt existsbesides
Newtoniancoolingwhich, asa parameterisationf theradiative-corvective processes,
relaxesthe systemtowardsits greenhousequilibrium. Here Fickian diffusion dom-
inatesthe heatbalanceand may generatdong-termmemory Diffusive andrandom
fluxes provide the equatorto pole heatexchangeby synopticscaleeddies. In ad-
dition, the turbulent mixing affects a large spatialdomain(mixing length) within a
relatively shorttime, measuredby the Rossby-radiusndthediffusioncoeficient. Fi-
nally, Newtonianrelaxationof the nearsurfacepropertieso the deepsoil restoration
temperatureintroducesa very long time scale,beyond which the systemstabilises
aboutwhite noisefluctuations A toy modelis presenteqFraedrich2002[33)]).

A toy model(one-dimensionatiiffusion forced by randomfluxes): A simple linear
reaction-difusion equationcanbe usedto describea meridionally extendingenegy
balanceclimate. Thetroposphericemperature]” = § + T'g, fluctuatesabouta glob-
ally averagedestoratiortemperaturd’s (of the deepsoil, for example). Thesetem-
peraturefluctuations areinducedby two processes(i) Meridionaleddyheatfluxes
in thetropospherareparameterisely Fickiandiffusionplusarandomvolumenoise,
F = -Dg, — F', and(ii) thenearsurfacesoil relaxestowardsthe equilibriumdeep
soil temperaturdy Newtoniancooling,—6/:

6; = -0/ + (Db, + F'),
Randomheatflux andits intensity < F'(y, t)F'(y',t') >= 2nF¢o(y — y')o(t — t')

with dim(F2) = K*m?3s~1, may be attributedto the basicallywhite noisefluctua-
tionsof thewatercycle. The Fickiandiffusionrepresentshe eddyheatfluxes,which
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Fig. 3.2 - Temperaturdime seriessubjectedo detrendedluctuationanalysis(DFA2): (a) Obsered near
surface air and soil temperaturesit Potsdam(Germary, 1893to 2001); stationsin other climatesshav
similar results,(b) simulatedair temperatures centralEurope(100years ECHAM-HOPET30).

is the mostprominentcontributor to mix lower tropospheridemperaturecontrasts.
The diffusion coeficient D =< V Ay > may be scaledby meridionalparticle dis-
placementA, = 2L, andthe teleconnectionife-time, ¢t ~ 20days (sectionlll B),
as the mixing time scale. It providesthe short-termlimit of the climate system$
long-termmemory which is of the magnitudeof thelife cycle of the North-Atlantic
Oscillation(NAQO). With the Rossby-radiuasmixing-length,L.=1000km,andthe ad-
vective time-scaleV = L/t, oneobtainsD ~ 2L?/t ~ 10°m?s~! (seealsoGreen
1970[41]). Thesubsequeranalysis(seeVossandClarke 1976[84]) appliesFourier
transform sothatthetemperatur@anomalyd (k,w) = ikFy(k,w)/(Dk?* + 771 —iw)
in (k,w)-spaceandtheresponsapectrumsS(k, w) = 66* with the conjugatecomplex
6* canbededuced

S(k,w) = Fgk*/[(DE* + 771)% + w?]

Integrating over the 2L mixing-domaingives a meanmixing temperaturd6]. It is
controlledby the diffusiondueto eddylife-cyclesanddescribeghetropospheriand

nearsurfacesoil temperaturelf(t)] = (2L) ™" ffL 0(y,t)dy:

L oo

(1, w)dy = (27) " / sin(kL)0(k,w) (kL)' dk

—0Q0

[6(t)] = (2L)! /

—L

Now thevariancespectrumS(w) of thetime fluctuationsof thetemperatureveraged
overthemixing domaincanbedetermined:

S(w) = Fg(2m) 2 [%_ dkk?sin*(kL)[(Dk?* + 77 1)* + w?] 1 (kL) ~*
= F3(2m)2L~2 - aD~Y2(172 4 w?)~3/4[sin(1/2¢)
—exp(—pB)[cos(1/2¢)sin(a) + sin(1/2¢)cos(a)]]/sin(¢)
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where¢ = arctan(tw), a = 2Lusin(1¢), B = 2LD~3 (172 + w?)~" /4cos(1 )

with dim(S) = KZ?s. The spectrumis characterisedy two fundamentaltime

scales(or frequencies)which govern the deterministicdynamicsof the systems

mixing-lengthaveragedemperaturdluctuations:(i) Thetemperatureelaxationtime

scaleis associatedvith the Newtoniancooling andcharacterisethe slow relaxation
processtowards the deepsoil restorationtemperature. (i) The diffusive mixing,

wo = %D/L2 ~ 1/10days,is shortdueto the fastmixing processesn the lower

atmosphereThefollowing threespectraregimesareidentified(Fig. 3.1b): (a) High

frequencieshov a slope(wy < w): S(w) ~ w~3/2. (b) Intermediatefrequencies
are characterisedy long-termmemoryeffects, which arelimited by the time scale
of the slow climate component(w, <« w < wp): S(w) ~ w™ /2. (c) At very

low frequeng, the white noiseplateauis reachedw, < w < wp): S(w) ~ w°.

The white noise responsdevel at zero frequeny is S(wo) = Fg(2m)~2L~2 —

LD~/273/2[1 — exp(—B)]. Neglecting Newtonian cooling (r — oc), thatis

p— w2 ¢ = Lr,a = B — a(2w)'/?, meanghatthe systemcannotbe attracted
by the stableequilibrium but the variancedensityincreasesS (w) — oo forw — 0:

S(w)

F2(2m) 2 / k?sin®(kL)(D*k* + w?) (kL) 2dk

F2(2r) 2L 2xD Y2 (2w) 3/2[1 — exp(—2Z)[sin(Z) + cos(Z)]|Z*

whereZ? = w/wy is thefrequeng normalisedy the naturaloneassociatedavith the
diffusion processwy = %D/L2 ~ 1/10days. This specialcaserevealstwo power-
law scalingregimes: For low frequenciew < wy) the spectrumfollows S(w) ~
w'/?, andfor higherfrequenciegw > wo) oneobtainsS(w) ~ w~3/2. This systemis
similar to the oneanalysedy VossandClarke 1976[84], which hasbeenadoptedas
a paradigmfor the obsened power-law or self-afine scalingof the climate systems
low-frequeng fluctuationsby Pelletierand Turcotte1999[63]. However, they usethe
verticalheatflux divergenceassociateavith verticaloverturningandaverticalmixing
length,which affectsthe whole depthof theatmosphere.

Resonance The long-term memory of the nearsurfacetemperaturess associated
with thediffusive enegy flux affectingthelength2L of a mixing domain.Thatis, the
temperaturdluctuations(averagedover the 2L-domain)arelong-termcorrelatedfor
frequenciesw < wy = %D/L2 ~ 1/10days,below the naturalfrequeng represent-
ing thediffusionprocessThismaybecharacterisedsaresonanceffect(Benzietal.
1982and 1989]6][5]), which commencest periodslong enoughfor diffusive mix-
ing to spatiallycorrelatetemperatureacrosshe mixing length2L. Now the (domain
averaged}Yemperaturdluctuationsbecomeime correlatednot unlike a positive feed-
back, so that a long-termmemaoryregime evolveswith a processelatedpower-law
spectrumwhich extendsoverawide frequeng band.Thelow frequeng limit of this
regimeis setattherelaxationtime-scalew,, of the stabilisinginfluenceof Newtonian
cooling. The high frequeng limit, wq, definesthe diffusiontime scale,up to which
temperaturdluctuationsat the boundarie®f the mixing domainremainindependent
of oneanothersothatalong-termmemorycannotevolve in the mixing domain.
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B. Teleconnections:Observations, idealisedexperiments,and mechanisms

The large scaleweatheror teleconnectiorpattern,which governsthe Europearcli-

mate,revealsalsolong-termmemory This is the North-Atlantic Oscillation (NAO),

whichis oftenquantifiedoy anindex givenby thesurfacepressurealifferencebetween
thelcelandLow andthe AzoresHigh in winter. Theindex decribeghe zonality of the
cross-Atlanticflow on a monthly meanbasis(Fig. 3.3a),althoughthe NAO life cy-

cle laststypically only 10 to 20 days. The detrendedluctuationanalysis(Fig. 3.3b)
shaws scalingregimesof NAO indices obtainedfrom recentobsenational (Hurrell

1995[46]) andhistoricalclimaterecords(Luterbacheetal. 1999[55]), simulations
with comprehensie coupledocean-atmospheraodels(Raibleetal. 2001[66]), and
idealisedexperimentswith a simplifiedatmosphericGCM (Franzle et al. 2000[36]).

With the power law slopea ~ 0.58 thelong-termmemoryis lessobviousin the NAO

pressuraéndex thanin the temperaturelata. This may be dueto the stronginfluence
of the weatherrelatedprocesseslominatingthe intensefluctuationsof pressureor
wind. For obsenationaldatathe scalingobtainedby DFA-analysisagreeswell with

anadaptedractionalauto-reyressve procesgseeabove, Stevensonetal. 2000[77]),

but it differsfrom the simulatedndices.

a) b)
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Fig. 3.3- North Atlantic Oscillation(NAO): (a) The NAO-index asthedifferencebetweerthe normalized
sedevel pressurat PontaDelgadaAzore,andStykkisholmurReykjavik, Iceland averagedverthewinter
seasorDJF (datafrom Hurrel, top panel)andits waveletpower spectrum(basedon Morlet wavelet; cross-
hatchedegion correspondso the coneof influencewherezeropaddinghasreducedhe variance software
by www.ResearchSystems.cobgttompanel);(b) detrendedluctuationanalysistDFA2) of theobsered,
recontructecindsimulatedNAO indices.

Climatolagical embedding The North-Atlantic oscillation and the Pacific-North
Americapatternareembeddedh anernvironmentof jetstreamsndstormtrackswhich
representhe atmospheres first and secondmoments(Fig. 3.4a-c). Comparingthe
figures,one obsenesthat the PNA patternemegeswith a wavetrain-like structure
in regions,wherethe Subtropicalletin 30° latitudeattainsmaximumintensitypole-
ward of the largestheatingover the tropical Pacific. The NAO developsasa North-
Southdipole (IcelandLow and AzoresHigh) in associatiorwith an eddydriven or
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Fig. 3.4 - Jetstreamsstormtracksandteleconnectiorpatterns:(a) The mean300hR zonalwind in the
northernhemispherén winter (Decembetto February abore 15ms—1 shaded)(b) the annualmeansof
3-6 day bandpasdiltered standarddeviation of the 500hR geopotentialabore 40gpmshaded)with the
surfacepressurdin hPa, thin lines), and(c) teleconnectiompatterngafter GutzlerandWallace1981): The
Pacific-North Americapattern(PNA, an east-westlipole embeddedn anarcfrom the tropical Pacific to
North America)andthe North Atlantic Oscillation (NAO, a North-Southdipole with centresnearlceland
andAzores).
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Polar Front Jet, which changedts meridionalpositionin a region poleward of the
wealer heatingoverthetropical Atlantic. The NAO variability coversawide spectral
bandrangingfrom the relatively shortlife cycle of aboutten daysto a distinct low-
frequeng contributionwith enhancedactive) andreducedpassve) phasegFig. 3.3a
andb, Appenzelleretal. 1998[3]). Thesetwo aspectwill be discussedn this and
the following subsectiorusingidealisedatmospheri@and coupledocean-atmosphere
GCM experiments.

Teleconnection®bserved(teleconnectiity, patterns,and indices): Teleconnection
patternsdescribecentresof actionwhich characteriseéhe low-frequeng variability
of atmospheridields betweerremotelocations.Following WallaceandGutzler1981
[86] thesepatternsaarededucedrom the correlationmatrix, whoseelementsaretem-
poralcorrelationcoeficients,r;;, betweermonthlymeangeopotentiaheightfluctua-
tions, ¢}, normalisedy their local standardieviation at ary selectedyrid point (sub-
scripti) andevery othergridpoint(subscripg): r;; =<¢;¢;>. The centresof action
inducinglow-frequeng variability areidentifiedby the teleconnectiity, givenby the
(negative) correlationminimum of eachcolumnof the correlationmatrix: T; = |r;;-
minimum of all j|. Teleconnectiorpatternsare definedby the columnsof the cor
relationmatrix which, spatiallydisplayed represenbne-pointcorrelationmaps(Fig.
3.4¢,3.6). A teleconnectiorindex is definedasthe differenceof normalisedfluctu-
ationsbetweenanti-correlatedegions (averagedover several grid points). It is used
to describethe space-timevariability of ateleconnectiompattern.A large setof tele-
connectionpatternshasbeenidentifiedin both obsenationsand generalcirculation
models(Fig. 3.4c): North Atlantic Oscillation(NAO), Pacific North Americapattern
(PNA), El Nino/SoutherrOscillation(ENSO).

IdealizedGCM experiments Atmosphericeigenmodesimilar to the obsened NAO
andPNA structureoccurin experimentswith anidealisedatmospheri€CM (PUMA).
This idealisedatmosphericirculationis representetdy a globalspectraimodelsolv-
ing the primitive equationn sigmalevels (pressure/sudcepressure).The diabatic
processearerepresentetly Newtoniancoolingwith the modelbeingdrivento aref-
erenceemperature]’r — T', within arelaxationtime scalerg ~ 20days. Dissipation
is formulatedby Rayleighfriction. Themodelis usedwith T21 spectratruncationand
5 equallyspacedsigmalevels(PUMA, PortableUniversityModel of the Atmosphere,
Fraedrichet al. 1998). The idealisedexperimentsare designedwith and without
the mid-latitude stormtracksand weak or strongtropical heatingto explore the at-
mospherianechanismsinderlyinglow frequeng variability (Jamesetal. 1994[47],
Frisiuset al. 1998[37], Franzle etal. 2000[35] and2001[36], Walter et al. 2000
[87)).

Jetsteamsandeddies Two classe®f mechanismsontributeto the obsenedstateof
theatmospherediabaticanddissipatve processesandadiabaticnonlineardynamics.
The physicalprocessetink thetime meanflow to the externalforcing (radiation,la-
tentheatreleaseandthe dynamicsmodify this basicstateby its time-meaneffects,
whicharedueto divergenceor corvergenceof momentum-andtemperaturéransports
by transienteddies. The interactionof both physicaland dynamicalprocessesnd
the sensitvity of the basicstateon both mechanismés documentedy four PUMA
simulations.A zonallyandhemisphericallysymmetricTg-field with a90 K equator
pole differenceprovidesthe diabaticforcing. With or without an additionaldiabatic
heatsourceat the equator(1K/day), one can simulatethe situationsof strongeror
wealer releaseof latentheatover the tropical Pacific and Atlantic. The effect of ed-
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Fig. 3.5- Meridionalcross-sectionsf the zonalmeanzonalwind (thin line) andthe massstreamfunction
(heary line, top panels),the temperaturgthin line) and the baroclinic growth rate (heary line, bottom
panels)f PUMA simulationswith andwithout additionalequatoriaheating(left andright column;height
in Pascal):(a) withouttransienteddiesand(b) with transieneddies.

dieson thesetwo basicstatess analysedy integrationswith andwithoutinitialising
transienteddies.Vertical-meridionakross-sectionef four zonally averagedparame-
tersdescribethe time-mearflow responsesZonalwind, mass-strearfunction, tem-
peratureandbaroclinicity or baroclinicgrowth (Eady 1949[11]). Without transient
disturbancegFig. 3.5a),an additionalequatorialheatsourceenhanceshe Hadley
cell andthe subtropicaljet. Baroclinicity is alsoenhance@ndconcentratesearthe
strengthenedubtropicalet; a secondarynaximumappearsn the mid-latitudes(50°
to 60°). With transienteddies(Fig. 3.5b)the circulationchangessignificantly: The
eddydrivenjet of the mid-latitudesdominateshe zonalwind field in both casesof
weakandstrongtropicalheatingwith the subtropicajet atthe polevardbranchof the
Hadley cell beingreducedio a secondaryminimum. Thusthe zoneof largestbaro-
clinicity is shifted polevardsand wealens. That s, the transienteddiesaffect the
meridionalcirculationwhich, by building the Ferrelcell, strengthenshe Hadley cell.

Teleconnectionandstormtiack phenomenolgy. An almostrealisticsinglestormtrack
is generatedy superimposinga zonally asymmetriccontribution to the symmetric
globalreferencaemperaturdield, which consistf anidealiseddipole representing
a cold continentlocatednorthwestvard of a warm ocean. This Tr-dipole anomaly
decreasewith heightandvanishesat the tropopause The teleconnectiorpatternof
the singlestormtrackexperimentandits fluctuationarecharacterisetby a retrograde
travelling Rossbywave numbertwo (Frisiuset al. 1998[37]). Two-stormtrackex-
periments(Franzle et al. 2001[36]) are performedintroducingtwo Tgr-dipolesat
varying zonaldistancewith one dipole beingshiftedfrom 180° to 130°. To further
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Fig. 3.6 - Idealizedtwo stormtrackexperimentof 150° separation(a) Restoratiortemperatur@t 900hR

(contourintenal is 10K), (b) stormtrackor standarddeviation of band-pasdiltered 500hR geopotential
(high-frequeng transienteddies,contourintenal is 5pgm), (c) long-termmeanof 300hR geopotential
minus zonal mean(stationaryeddies,contourintenal 20 gpm), (d) teleconnectity (contourintenal is

0.05),(e) and(f) local correlationsof monthly mean300hR geopotentialcontouris 0.2, negative values
aredashedzeroline is not displayed)for basepointin P-area(56.3°E, 47.1°N) and A-area(230.6°E,

47.1°N).

comparedealisedexperimentswith the obsened stormtracksandteleconnectionn
the North Atlantic and North Pacific, the areadownstreamof the shifted TR-dipole
is denotedasA-area,the otheroneasP-areatherespectie A- andP-teleconnection
indicesandtheir patternsare deduced:(i) Separation®f 200° to 160° betweernthe
two stormtrackgeneratingl'g-dipolescreateteleconnectiorpatternswhich, not un-
like the singlestormtrackcase describea retrograddravelling Rossbywave number
two (Franzle etal. 2000[35]) with a strongcorrelationbetweerthe two teleconnec-
tion indices.Thelow frequeng variability andexitation of the Rossbywave is dueto
the sizeandlocationof the stormtrackswhich induceamplification(damping)of the
anti-cyclonic (cyclonic) partof thewave (seebelow). (ii) Separationsf 14(° to 15C¢°
betweenthe two stormtrackgeneratingl'’z-dipolesyield a more realistic climatol-
ogy of thelocationof the stormtracksandthe asymmetridime meanflow (stationary
waves, Fig. 3.6a-c)wherethe A-areaand P-areadlie in the lower andupperhalf of
eachgraph.Two teleconnectionsoexist whoseteleconnectiities andlocal one-point
correlationgA- andP-patternjare,in contrasto the 180° experiment,unrelatedand
similarto theobsenedNAO andthe PNA pattern(seeWallaceandGutzler1981[86],
Fig. 3.6d-f). Both patternaundego alow frequeng life cycle of about20 days(from
-10to +10daylag, Fig. 3.7a-cfor the A-patternonly), whichis alsocomparablevith
the obsenred features. Life cycle compositesshow the following results: The posi-
tive A-index is associateavith aretrograderavelling barotropicRossbywave, which
originatesin the centerof the A-stormtrack (-20 day lag) and propagatesipstream.
Whenthe high pressureareaof this wave passeghe stormtrack, its amplitudeam-
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Fig. 3.7 - Idealizedtwo stormtrackexperimentof 150° separatior(A-area): Lag correlationpatternsof
300 hPa geopotentiaheightarebasedon low passfiltered daily dataof (a) -5 days,(b) O daysand(c) +5
days. Thebasepointis at 230.6°E, 47.1°N in the A-area,which is locatedin the lower partof all panels
(contourintenal is 0.2, thezerocontouris not displayed).Composite®f the vertical meanstreamfunction
anomalyfor positive A-index eventsatd) day-10, e)day0, f) day10. Thecontourintenal is 5-105m2s—1,
shadingndicatessignificanceaboe the 99%-level.

plifies (until zero-lag)and decaysafter zero-lag(Fig. 3.7d-f). At zero-lagthe high
pressurareaof the barotropicwave compositecoincideswith the positive areaof the
onepointcorrelationmapandwith the high pressureanomalyof the stationarywave;
the centerof the low pressurearea(further downstream)doesnot coincidewith the
negative areain the one point correlationmap. The negative phaseof the index is
similarto the positive phasebut of oppositesigns(notshown).

Mechanismglocation,life-cycle,andspatialresonance)Fromthe phenomenological
analysiswe turnto the physicalmechanismsyhich generateandsupportthetelecon-
nectionpattern. (i) As the positive areaof the one-pointcorrelationmap coincides
with the high pressureareaof the stationaryeddies,the asymmetridime meanflow
appeargo be responsiblefor the geographicalocation of the low frequeng vari-
ability (seeBranstatorl990[8], Kang 1990[49]). It is shawvn thatthe responsesf
forced Rossbywavesdependstronglyon the meanflow structure. This is supported
by the barotropicstreamfunctiortendeng with eight termsof linear and nonlinear
interactions(seeFranzle et al. 2001[36]), which is appliedto the compositelife-
cycle (shovnin Fig. 3.7d-f). (ii) The A-patternlife cycle or low-frequeng variability
is exited (as early as-20 day lag) by the zonally asymmetrictime meanflow (sta-
tionary wave, Fig. 3.6c), which interactswith the retrogradetravelling barotropic
Rossbywave numbertwo. Note thatits amplitudeamplifies,whenits high pressure
areapasseshe stormtrack, which characterisespatialresonancéseeiii). Thedecay
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Fig. 3.8 - Mechanismof ’spatial resonanceleadingto ridge amplification (H) and trough wealening
(L): Both ridge (a) andtrough (b) of the eastvard traveling Rossbywave (arrons) generatepositive (a)
andnegative (b) streamfunctiortendencies%l:, when projectedonto the positive high frequenyg eddy
forcing, V=2 (-V - a’BCB) ?" (shadedareas).The obsered phaseshift betweerhigh frequeng eddy
forcing (shadedareaspndthephasef the ¥-wave is alsoindicated.

of the anomaly(after zerolag) commencesvith the end of the exitation phaseafter
passag®f the Rossbywave. The streamfunctiortendeng of this decay-parof the
life cycle is forced by the interactionbetweenthe zonal meantime meanflow with

the low frequeng flow, andthe low frequeng contribution to the divergenceterm.
(iii) The’spatialresonancemechanisntharacterisethe stormtrackinducedampli-
fication (decay)of the anti-gyclonic (cyclonic) part of the wave. It canbe formally

derived by the low frequeng barotropicstreamfunctioror vorticity tendeng, whose
dominatingtermis the divergenceof the high frequeng vorticity flux (Franzle et al.

2000[35]) (Fig. 3.8a,b). In this sensehehigh frequeny eddiescreatdow frequeng

variability. The samemechanisnoccursalsoin oceancirculations,which aredriven
by a spatiallyinhomogeneoustormtrack(Suraetal. 2000[74]).

Summarising This sectionis an introductionto long-termmemoryandthe mecha-
nisms,which mayetablishlow frequeng variability in theclimatesystem.The meth-
ods of analysisintroducedare dataanalysistechniquesjdealisedcirculation model
experiments,and the developmentof conceptualmodels: (i) Long-termmemoryis
documentedby detrendedluctuationanalysisappliedto obsenedandsimulatecdata.
A toy diffusion modelwith randomforcing and Newtonianrelaxationis presented,
which shows qualitatively similar behaiour. (i) The dynamicsof teleconnections
andtheirlife cyclesis analysedthey arepartof theatmospherelow frequeng vari-
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ability. Spatialresonanceppearssasuitablemechanisnto describehelife-cycle of
teleconnectiompatternsandto generatdow frequeng variability in idealisedmodels
of theatmosphericirculation(Franzle etal. 2000,2001[35][36]). A similar mech-
anismhasbeendiscoveredfor a shallov wateroceanforcedby the atmospheréSura
etal. 2000[74]). (iii) Finally (notdiscussed)noiseinducedregime transitionsmay
beaddedasanothemechanisnproducinglow-frequeng variability. A shallav water
oceanforced by spatiallyinhomogeneousandomwindstressshavs suchbehaiour
(Suraetal. 2001[75]). Althoughthe subjectof long-termmemoryandtheassociated
processess farfrom beingcompletelydescribedthe next section which senesasan
outlook,extendsthe predictabilityissueinto the new field of GlobalChange.

IV. GLOBAL CHANGE PREDICTABILITY : SEVEN GLOBAL RISKS

Lectureson predictability of weatherand climate would be incompletewithout an
outlook to somefuture issues. Oneissueis relatedGlobal Changeand a scientifi-
cally basedguidancefor political initiatives, decisions,and actions. Not unlike the
information provided for clients of weatherforecastyshouldshetake her umbrella
or leave it at home),Global Changepolitics expectsandrequiresrecommendations.
In both casesthe diagnosedpastandpresenfoin the predictionof future statesand
leadto recommendationsespectinghormative-ethical_eitmotifs (Tah 4.1). Working
toolsfor Global Changeadvicearedevelopedandextensiely discussedy the Ger
manAdvisory Council of GlobalChanggWBGU) in their reportsto the government
(http://mww.whbgu.deseealsoFraedrich2000[29]).

Tab. 4.1- GlobalChange:Diagnosis prognosisandrecommendations

Diagnosis Symptomstrendsof globalenvironmentalchanges
Syndromespositive feedbackdetweersymptoms
Criticality: loadingof naturalsystemscomplex indicators
Prognosis Risks,risk classesndassociatedtratgies

Risk dynamics
RecommendatiofNormatie-ethicalLeitmotif

Qualitatve evaluationof diagnosisandprognosis
Quantitatve evaluation:guardrails andtolerancewindows

The predictabilityissuemay suffice hereasa first introduction. It is associatedvith
therisk conceptpy whichthediagnosticof damagendits circumstancesirnsinto a
prognosigprovidedby anestimateof the probabilitiesof its occurrenceThusdamage
versugrobabilityof occurrencespamatwo-dimensionaphasespaceof risks,in which
threeregionsareidentified: Normal,transitionandprohibitedareagFig. 4.1). Adding
confidenceintervals to the damageand the probability estimatesnlagesthe two-
dimensionalphasespaceof Global Changerisks, whosedimensioncan be further
increasedy including informationon their spatialextent, their durationandtype of
evolution, thatis theubiquity, persistencandirreversibility of theglobalrisks. In this
effectively higherdimensionaphasespaceisk classesreformed,whichmaycontain
risks of differentorigin. Sevenglobalrisk classe$ave beenidentifiedwhich, except
for the unknown risk, are coinedafter the Greekmythology: Cyclops Cassanda,
MedusaPandor, DamoclesPhythia(Beeseetal. 1998[90]).
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Probability of occurence P

Exent of damage E — =

Beyond
definition

Normal ‘:l Transition Prohibited
area area area

Fig. 4.1 - Risk Classe®f Global Change:Their locationin the normal,transitionandprohibitedregions
of the (damageprobability)-spacdafter WBGU 1998[90]).

Action of societymay move a risk from one region to anothey even by perception.
A concertedaction,however, is required,if risksareto be reducedandshiftedto the
normalregion. Therefore gachrisk classrequirests own reductionstrateyy, whichis
relatedto its locationin phasespace.For example: Cyclopsare mighty giantswho,
for all their strengthbut beingone-g/ed,canonly perceve onesideof reality. Thus,
Cyclopeclassrisks arecharacterisethy a probability of occurrencewhich is highly
uncertainbut, if damageoccursiit is very large. Many naturaleventslike floodsand
earthquaksfall in this class,andthe occurrenceof AIDS. The high uncertaintyof
occurrenceaequiresthreestratgies: Ascertainingthe probability, prevent surprises,
and manageemegeng. - This outlook on predictability and forecastingin Global
Changeandthis specificexamplemay sufiice asa snapshobf a new researcharea
linking the social,economicandnaturalsciencecommunities.
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