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Abstract  

Large atmospheric circulation has affectedlocal／regional  

hydro－meteOrOlogicalvariables such as precipitation and temperature．  

Thelarge－SCale circulation represented by Southern OscillationIndex  

（SOI）inthepresentstudyhasplayedadrivingforceaffectingthelocal  
Variables．Theunderlyinginteractionamongthemisdifficultto detect  

directly due to the existence of noise and strong nonlinearity．In the  

presentstudy，SimultaneouspredictabilityofSOI，preCipitation，andtem－  

perature at Fukuoka wasverifiedthroughnoisereductionbylowpass  

filtering andtraining ofartificialneuralnetworks（ANNs），PreSenting  

remarkable properties that canrepresent the nonlinearityin a system．  

Twotypesoftransferfunction（i．e．，hyperbolictangentandpurelinear  

functions）wereappliedtohiddennodes，Whileonlypurelinearfunction  

WaSuSedfor outputlayer．Possible extrapolationbeyond the extreme  

Valuesintrainingwasverifiedwiththetestingandvalidationdatasets．  

The observed and predictedvalues for the two cases were depictedin  

three－dimensionalphasespace to revealthe dynamicalbehavior ofthe  

interaction among the regionaldrivlng force andlocalhydro－  

meteorologicalvariables，aSWellasshownintherespectivetimeseries  

plots．TheidentifiedparametersfromtrainingofANNswereverifiedin  

thetestingandvalidationphaseaswell．   

Keywords：Southern OscillationIndex（SOI），Precipitation，Tempera－  

ture，Artificialneuralnetworks（ANNs），Prediction，Extrap－  
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1．Introduction  

EINiao resultsfrom alarge scale weakening of the trade wind andwarming ofsea  

surfacetemperatureintheeasternandcentralequatorialPacific．ThephenomenonofEI  

Niaolaststypically12～18monthsandoccursirregularlyat2～7yearintervals．Incontrast，  

LaNi負aphenomenonreferstotheconditionoflowerseasurfacetemperaturethannormal・  
Thereis aninter－annualseesawphenomenon thatis called Southern Oscillation（SO）in  
tropicalsealevelpressurebetweentheeastern and westernhemispheres．The Southern  

Osci11ationIndex（SOI），Whichisdefinedasthenormalizeddifferenceinsurface pressure  

betweenPapeeteatTahitiincentralPacificOceanandDarwininnorthernAustralia，isa  

measureofthestrengthofthetradewinds．Thefeaturesareco11ectivelyknownastheEI  

NiAo／SouthernOscillation（ENSO）phenomenon．  

Duringthelatestseveraldecadestherehasbeenconsiderablyinterestedintheinfluence  

ofENSOonregional／localhydro－meteOrOlogicalvariables，SuChastemperature，preCipita－  

tion，andstreamflow，etCl），2）・3）．ThesestudiesshowedthattheinfluenceofENSOonhydro－  

meteorologlCalvariablesinthelowertomid－1atitudesappearsevident．Formiddletohigh  

1atitudestheimpactofENSOonlocalvariablesisnotclear．However，SOmeStudieshave  

alsoshowneffectsofLaNi色aandSOonhydro－meteOrOlogicalvariablesfortheregion4）・5）  
For south－eaSt Asia，SeVeralstudies have been made．One of them studied relationships  

between SOIand precipitationin the Philippines／Malaysia andJapan，reSpeCtively6）．  

Althoughnoquantitativerelationshipwascalculated，aClearpatternsimilaritybetweenSOI  

andprecipitationinthePhilippinesandMalaysiacouldbefound．Kawamuraetal．detected  

quantitativeandstatisticallysignificantcorrelationbetweenSOIandprecipitation／tempera－  

tureinJapan，uSingasimplebutefficientmethodinwhichSOIdatawerecategorizedinto  

fivegroupsaccordingtotheirmagnitudes7），8）．Thecategorizationmethodwasusedtoreveal  

theENSO－influenceonprecipitationinBusan，Korea9）．  

Asdescribedabove，theENSO－influencehasbeenconsideredasithasplayedadriving  

forceaffectinglocalclimatevariation．TheENSOhasbeenapprovedthatitcausesdisasters  

suchasfloodanddroughtwithfardistancebyteleconnection．Vastlossesbythedisasters  

areusuallybeyondhumanabilityandhavearisenwithmassivepropertydamageandaheavy  

tolloflives．Therefore，itisveryimportanttounderstandhowthereglOnaldrivingforcehas  

influenced thelocalvariables．  

TheclearnecessityoftheresearchonENSO－influencemotivatedthisstudy．Thebetter  

understandingoftheinfluencemightpreventdisastersfromfloodanddroughtcausedbythe  

regionaldrivingforce．However，SOfar，thereislittleresearchshowingthebehaviorofthe  

interactionbetweentheregionaldrivlngforceandlocalvariablesintime．Theunderlying  

interactionamongthemisdifficulttodetectdirectlyduetotheexistenceofnoiseandstrong  

nonlinearity．  

Therefore，inthepresentstudy，lowpassfilteringisappliedtoreducethenoisefromthe  

useddata．Thelowpassfilterisespeciallydesignedtoreducehigh－frequencycomponentsof  

the time series，Which are usually regarded as noiselO）．AIso，artificialneuralnetworks  

（ANNs）areusedtorepresentthestrongnonlinearityamongvariablesandtorevealhowthe  
relationshipischangingdynamicallyinthreeNdimensionalphasespace．  

Recently，ANNs have become extremely popular for prediction and forecastingin  

Variousfields，SuChasfinance，pOWergeneration，medicine，WaterreSOurCeSandenvironmen－  

talscience．Theuseofneuralnetworks offersveryusefulpropertiessuchasnonlinearity，  

1nPuトOutput mapplng，and adaptivityll）．In particular，the vast applications of ANNs to   
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WaterreSOurCeS，alongwithoutlinedstepstobefollowedfortheirdevelopment，arelistedin  

apaperofMaieretal．，12）．Identificationofinputsformultivariateartificialneuralnetwork  

modelscanbereferredtothepreviousstudyoftheauthors13）．  

The remarkable properties of ANNs are used in the present study to present the 

nonlinear relationship between SOIas a regionaldriving force andlocalhydro－  

meteorologicalvariables．Inputdatausedforthepresentstudyarethenoise－reducedSOI，  

precipitation，andtemperatureatFukuoka．TwomodelsofANNsarestructuredwiththe  

Samenumber ofinput，hidden，andoutputnodes，but differenttransferfunctionsinhidden  

layer．One ofthe two models shows possibility ofextrapolationbeyond the extremesin  

trainingdataset．  

ThetwomodelsofANNscarryouttheone－Stepaheadpredictiontoshowsimultaneous  

Predictabilityusingthethreevariables．Bothobservedandpredictedvaluesfromtraining，  

testing and validation are shownin a three－dimensionalphase space to depict how the  

VariableshavebeenevoIveddynamica11y．TheANNsmodelincludestheinfluence ofthe  

regionaldrivingforceonlocalhydro－meteOrOlogicalvariablesandtheirinteractionamongall  

ofthe three variables as well．  

2．Data tJsed  

SOI，preCipitation，andtemperature at Fukuoka were used to verify the simultaneous  

predictabilityofmultivariatetimeseriesusingartificialneuralnetworks（ANNs）．Fukuoka  

Stationwasselectedsinceithadlongwellrecordedprecipitationandtemperaturedata．The  

PeriodsofeachdatawerefromJanuary1890toDecember2000．Annualmeanprecipitation／  

temperaturevaluesare1627mm／15．60Cduringtheperiods，reSpeCtively．Timeseriesplots  
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Fig．1Timeseriesplotsofrawdatafor（a）SOI，（b）precipitation，and（c）temperatureatFukuoka．   
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Fig．2 Box－Whiskerplotsof（a）SOI，（b）precipitation，and（c）temperatureatFukuoka  

Withmedian，quartiles，maXimum，andminimumonamonthlybasis．   

OfthethreevariablesareshowninFig．1，Whereastheirbox－Whiskerplotsarerepresented  

inFig．2withmedian，quartiles，maXimum，andminimumonamonthlybasis．Figure2（a）  

representsthatSOIdataaredistributednormallyina11months．  

However，aSisclearlyseeninFig．1（b），thetimeseriesofprecipitationincludesaclear  

periodicityand，inFig．2（b），thedistributionsofprecipitationfromJanuaryto December  

revealhighskewness，eSPeCiallyduringsummerseason．Meanwhile，thetemperaturedepicts  

SlightupwardtrendinthesecondhalfoftheperiodinFig．1（c）andapproximatelynormal  

distributiononamonthlybasiswiththeclearperiodicity，Whichisshowlnganannualcycle  

asawholeinFig．1（c）andFig．2（c）．Thedeterministiccomponentssuchasperiodicity，  

SeaSOnality，and trend should be removed and，Sequentially，the data should be normally  

Standardizedtoensurethatallvariablesreceiveequalattentionduringthetrainingprocess  

in ANNs．   

Inthepresentstudy，theprecipitationandtemperaturewerenormallystandardizedusing  

appropriate methods，reSpeCtively，While SOIwas used asitself becauseit was already  

normallystandardized（Fig．2（a））．Theprecipitationdatawerenormalizedbycubicroot   
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Fig．3 Transformed（a）precipitationand（b）temperatureatFukuoka．   

transformationbecauseits distributionwas strongly skewed．The normalized data were，  

then，Standardizedintoameanofzeroandstandarddeviationofone，OnamOnthlybasisfrom  

Januaryto December（Fig．3（a））．Thetemperature data were only standardizedinto a  

meanofzeroandstandarddeviationofone，afterremovingtrendafterJanuary1937from  

whichtemperaturestartedtorise，becausethosewerenearlydistributednormally（Fig．3  

（b））．   
Ingeneral，Observedtimeseriesdatacontainnoise．Eventhoughdata transformation  

WaSuSedasdescribedabove，thenoiseexistsinthetimeseries．Therefore，thetimeseries  

needtobecleanedbyanoisereductionscheme．Inthepresentstudy，alowpassfilterasa  

linearnoisereductionschemewasappliedtoSOI，preCipitation，andtemperaturetimeseries．  

Alowpassfilteriscommonlyusedfornoisereductionofanytype oftimeseries．  

Thelowpassfilterisespeciallydesignedtoreducehigh－frequencycomponents ofthe  

timeseries，Whichareusuallyregardedasnoise．Thisschemeusedforthepresentstudyis  

expressedasfollowlng：  

〝（り＝（1－α）J（f）十α〝（仁1）  （1）  

wheretisthetimestep；Xistherawdata（inthisstudy，tranSformeddata）；yisthesmoothed  

（noise－reduced）data，andαisthesmoothingcoefficient（0≦α≦1）．Here，aisselected as  

O．995，Whichcanmakethesmoothedvaluessimilartothemagnitudesofthirty－yearmOVlng  

average．Toobtaindatamoreafternoisereduction，thelowpassfilterispreferredtothe  

thirty－yearmOVingaverage．ThenoisereducedtimeseriesofSOI，preCipitation，andtemper－  

atureareplottedinFig．4，reSpeCtively，andathreedimensionalphasespacewiththethree  

variablesisshowninFig．5．ThesedatasetsareusedforinputsinmodelingANNsinthenext  

Chapter．  

3．PredictabilityofArtificialNeuralNetworks（ANNs）  

3．1GeneraltheoryofANNs  

Generally，theartificialneuralnetworkremarkablyrepresentsthenonlinearrelationship   
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Fig．4 Noisereducedtimeseriesof（a）SOI，（b）precipitation，and（c）temperature，  

bylowpassfilter．  
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Fig．6 Architecturalgraphofthestructureusedinthepresentstudy．   

andiswellsuitedtothepredictionofthevariablesbasedonthenonlinearinteraction，For  

the present study，threeinput variables with SOI，preCipitation and temperature at the  

presenttimeareusedtopredictthethreevaluesofthenexttimesimultaneously．Thatis，  

thepredictioniscarriedoutonestepahead．Ahiddenlayer，Whichcanmainlyexpressthe  

nonlinearrelationshipamongthevariables，hasthreenodes．Therefore，themodelofthe  

artificialneuralnetworkusedinthepresentstudyhasthestructurecomposedofthreeinput，  

hidden，andoutputnodes，reSpeCtively（Fig．6）  

Thisneuralnetwork modelperformsthe usualerrorback－PrOpagation algorithm for  

trainingas abatchmode．In other words，Weightupdatingisperformed after allofthe  

trainingdataarepresentedforcomputingtheoutputvaluesandthispresentationofa11the  

trainingexamplesconstitutesanepoch．Anerrorfromtheepochiscalculatedasanaveraged  

errorfromdifferencesbetweenalltargetandoutputvalues．Thistrainingmethodiswell  

knowntobeveryefficientintermsoftrainingspeedaswellasthetrainingperformance・  
Brieflydescribingtheerrorback－PrOpagationalgorithm，therearetwomainprocedures  

totrainaneuralnetwork：forwardandbackwardpassesll）．Intheforwardpass，theweights  

remain unaltered throughout the network，and the function signals of the network are  

computedonaneuron－by－neurOnbasis．Theinducedlocalfieldofneuronj，γj（n）inhidden  

layerisdefinedby  

椚 γノ（乃）＝∑伊J∠（犯）ござ（乃）  

g＝0  
（2）  

where misthetotalnumberofinputs（excludingthebias，Whichisrepresentedbyi＝0）  

appliedtoneuronj，Wji（n）istheweightconnectingneuroniintheinputlayertoneuronj  

inhiddenlayer，andxi（n）istheinputsignalofneuronj．Thefunctionsignalappearingat  

theoutputofneuronjinthehiddenlayeriscomputedas  

（3）  〝J（犯）＝甲（γJ（犯））  

Theinducedlocalfieldofneuronk，γk（n）inhiddenoutputiscomputedby   

7乃  

γた（抑）＝∑局毎（邦）狛（乃）  
J＝0   

（4）  

wherem，here，isthetotalnumberofhiddennodes（excludingthebias）appliedtoneuronk，  

wkj（n）istheweightconnectingneuronjinthehiddenlayertoneuronkinoutputlayer，and  

yi（n）istheinputsignalofneuron k or equivalently，the functionsignalappearing atthe  

outputofneuronj．Thefunctionsignalappearingattheoutputofneuronkinthehidden   
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1ayeris computedas  

〝た（犯）＝甲（γん（乃））  （5）  

Where yk（n）isthe kthelement of the output vector．This outputis compared withthe  

desiredresponse，dk（n），Obtainingtheerrorsignalek（n）forthekthoutputneuron．Thus，the  

forwardphase of computationbegins at the hiddenlayerby presentingit with theinput  

VeCtOrandterminatesattheoutputlayerbycomputingtheerrorslgnalforeachneuronof  

thislayer．  

Ontheotherhand，thebackwardpassstartsattheoutputlayerbypassingtheerror  

Signalbackwardthroughthenetwork，1ayerbylayer，andrecursivelycomputingthe∂（i．e．，  

thelocalgradient）for each neuron．This recursive process permits the weights of the  

networktoundergochangesinaccordancewiththedeltaruledefinedby  

（6）．  

Foraneuronlocatedintheoutputlayer，the∂issimplyequaltotheerrorsignalofthat  

neuronmultipliedbythefirstderivativeofitsnonlinearity．Eq．（6）computesthechangesto  

theweightsofalltheconnectionsfeedingintotheoutputlayer．Aftercalculatingthe8sfor  

theneuronsoftheoutputlayer，the8sforallneuronsinthehiddenlayerarecomputedas  

＆（犯）＝ダニ（γJ（乃））∑∂た（乃）抄揖（乃）  （7）  

Therefore，thechangestotheweightsofa11connectionsarefedintothehiddenlayer．  

3．2 Application ofANNs  

Asmentionedearlier，theobserveddatausuallycontainnoise．Therefore，themultivar－  

iatetimeseriesneedtobecleanedbyanoisereductionscheme．Inthepresentstudy，alow  

passfilterwasappliedto the timeseries ofSOI，preCipitation，andtemperaturewiththe  

SmOOthingcoefficientofO．995thatcanmakethesmoothedvaluessimilartothemagnitudes  

Ofthirty－yearmOVingaverage．Thenoise－reduceddatawereusedfortheinputdataafter  

SCalingthedataintotherangeof［0．8，0．8］．AIso，thewholedataweredividedintothree  

Subsetsfortraining，teStingandvalidation．  

The scaling shouldbe performedin order to ensure that allvariables receive equal  

attentionduringthetrainingprocess．Inthepresentstudy，thescalingwascarriedoutwith  

thetrainingandtestingdata．Inotherwords，aSetOfminimumandmaximumcorresponding  

thetwodatasetswereusedtoscalethesmootheddatalinearlyinto［－0．8，0．8］，atthesame  

time．Then，themaximumandminimumvalueswerereusedtoscalethedataforvalidation．  

Thatis，thedatabeyondtheextremevaluesfortrainingandtestingprocedurescanexistin  

the testing and validation datasets・The distinguishable difference between testing and  
Validationis that theinformation of testing was used for training phase but no prior  

knowledgeforvalidationwasconsidered．Theperiodfrom1890to1940datawasusedfor  

trainingand1941to1970fortesting，Whilethedataofthethreevariablesfrom1970to2000  

were used for validation．   

Inthepresentstudy，thetransferfunctioninhiddenthelayertookhyperbolictangentand  

purelinearfunctions，Whereastheoutputlayertookonlyapurelinearfunction．Anadaptive  

learning rate was also used toimprove the performance of the training．This adaptive  

learningrate attempts to keep thelearning step size aslarge as possible while keeping   
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1earningstableandthelearningrateineveryepochismaderesponsivetothecomplexityof  

thelocalerrorsurface・ThelearnlngrateWaSSetaSO．7initially，WhereasO．1wassetforthe  

momentumconstant・TrainingwascarriedoutduringatotalepochnumberoflOOO．  

4．Results  

4・1Trainingwithhyperbolictang・entfunCtioninhiddenlayer  

Figure7showstheperformanceofthenetworkcomposedforthepresentstudywith  

threelnPut，hidden，andoutputnodes，reSPeCtively．Themodelusedthehyperbolictangent  

functioninhiddenlayer．Asmentionedearlier，theperiodsoftherespectivedatafortraining  

isfrom1890to1940．AIso，thethreeinputdatausethenoise－reduceddatabylowpassfilter  

WithαOfO・995・Inthepresentstudy，theupdatedweightsintrainingoftheartificialneural  

networkareappliedfortestingandvalidationineveryepoch，aSSeeninFig．7．   

Itrevealsthatthenetworkwaswelltrainedenoughwithnomoredecreasingoferrors  

inbothtrainingandtestingafterthespecifiedepochnumber，Theerrorinvalidationalso  

COnVergedintothesimilarmagnitudewiththeerrorintesting．Averagerootmeansquared  

error（RMSE）wasaroundO．035fortraining．RespectiveresultsforSOI，PreCipitationand  

temperaturefromtrainingareshowninFig．8withtarget（observedvalues）andpredicted  

Values（outputsfromnetwork），andtheirrespectiveRMSEsareshowninforeachphase，  

respectively．Ascanbeclearlyseeninthefigure，theoutputsoftherespectivevariableswell  

predictedthecorrespondingtargetvaluesinthetrainingphase．  

However，fortheresultsoftesting，therespectiveplotsofobservedandpredictedvalues  

forSOI，preCipitation，andtemperatureareshowninFig．9．RMSEfortestingrevealedabout  

O・14，aS Seenin Tablel，Whenthe weights from the trained network were applied to the  

noise－reduceddata ofthethreevariablesfrom1941to1970ineveryepoch．Asmentioned  

earlier，aSetOfminimumandmaximumvaluesfromtrainingandtestingwasusedforscaling  

Ofthecorrespondingdata．Themaximumvaluesduringtheperiodswereinthedatafor  

testingofprecipitationandtemperature，WhileitwasintrainingphaseforSOI．Therefore，  

the scaled data for training had no the scaled maximum values for precipitation and  

temperature．  

Sequentiallytheneuralnetwork modelwas trainedusingthe data with the narrower  
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Fig・7 Performance of artificialneuralnetwork with hyperbolic tangent for transfer  
functionin hiddenlayer composed of threeinputs，hidden nodes，and outputs，  

respectively，WithmaximumepochnumberoflOOO．   
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Tablel Rootmeansquarederrors（RMSEs）intherespectivephasesfromthemodelwith  
hyperbolictangentfunctionforhiddenlayer．  

Average RMSE O．0348  0．1361  0．1734  

RMSEforSOI  O．0349  0．1044  0．2580  

RMSEforprecipitation O．0423  0．1549  0．1231  

RMSEbrtemperature  O．0249  0．1437  0．0920   

rangethan［－0．8，0．8］andhaslowerpredictabilityforthedatabeyondtherangeusedfor  
training．AsclearlyseeninFig．9，thereareconsiderableunder－eStimatinginthesecondhalf  

Ofthe testingdata fortherespectivevariables．The average RMSE ofthreevariablesis  

aboutO．14intesting，WhiletherespectiveRMSEsareshowninTablel．Itisconsideredthat  

theunder－eStimatingforSOIwasinfluencedbylowpredictionforprecipitationandtempera－  
ture，becausetheweightsinthenetworkwasidentifiedfromtheaverageRMSEofeacherror  

forthethreevariablessimultaneously．  

Thelimitedapplicabilityoftheparametersidentifiedbythenarrowrangeintrainingcan  

beclearlyseeninFig．10，Whichshowstheobservedandpredictedvaluesforvalidationfor  

therespectivevariables．AverageRMSEofthreevariablesisaboutO．17andtherespective  

RMSEsare aboutO．26for SOI，0．12forprecipitation，andO．09fortemperature，aSSeenin  
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tangentfortransferfunctioninhiddenlayerinvalidation．   
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Tablel．Especially，thereissignificantunder－andoverestimationinthevalidationforSOI，  

duetotheexistenceofhigh1yextremevaluesbeyondtherangeintrainingandtesting．The  

SmOOthedextremevaluesforSOIinthewholeperiodusedforthepresentstudyoccurredin  

1976and1998，reSpeCtively．Thescaledrangeofト2．03，1．32］forSOIinvalidationbythe  

minimumandmaximumvaluesduringtrainingandtestingperiodsconsiderablyexceedsthat  

ofト0．8，0．8］intraining．  

Therefore，theproblemforextrapolationofthedatabeyondtherangeusedfortraining  

isnottrivialbutinsteadcriticalfor the simultaneous prediction ofthe three variablesby  

ANNsinthepresentstudy．Inthenextsection，thealternativeusingpurelinearfunctionin  

hiddenlayerforthetrainingofneuralnetworkisproposedandtheresultsaredescribedin  

detail．   

4．2 Training・Withpurelinearfunctionin hiddenlayer  

Purelinear functionin hiddenlayer as an alternative to overcome thelimitation  

described above was applied to extrapolate the extreme values beyond the data used in 

training．TheRMSEswithpurelinearfunctioninhiddenlayerarelistedinTable2andthe  

Variations through epochs were depictedin Fig．11for the respective phases of training，  

testing，andvalidation，reSpeCtively．Asseeninthefigure，theRMSEsoftheeachphaseafter  

Table2 Rootmeansquarederrors（RMSEs）intherespectivephasesfromthemodelwith  
Purelinearfunctionforhiddenlayer．  

Average RMSE O．0334  0．0366  0．0355  

RMSE丘）rSOI  O．0344  0．0331  0．0368  

RMSEforprecipitation O．0396  0．0442  0．0419  

RMSEfortemperature  O．0245  0．0313  0．0259  
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Fig．11Performanceofartificialneuralnetworkwithpurelinearfortransferfunctionin  

hiddenlayer composed ofthreeinputs，hidden nodes，and outputs，reSpeCtively，  

WithmaximumepochnumberoflOOO．   
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themaximumepochnumberconvergedintothesimilarvalueslistedinTable2．   

Comparedtotheresultsfromtheneuralnetworkwithhyperbolictangentfunctionin  

hiddenlayer，theresultswithpurelinearfunctioninthesamelayershowsignificantimprove－  

mentinthe allphases oftraining，teSting，andvalidation，ingeneral．The observed and  

predictedvalueswereplottedinFig．12andthree－dimensionalphasespacewasusedtodepict  

thedynamicalbehavioroftheinteractionamongthethreevariablesinFig．13．Itisclear  
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Fig．12 0bservedandpredictedvaluesfromtheartificialneuralnetworkwithpurelinear  

fortransferfunctioninhiddenlayerintraining．  

Fig．13Three－dimensionalphasespacerepresentingobservedandpredictedlJaluesintraining  

Oftheartificialneuralnetworkwithpurelinearfortransferfunctio11inhiddenlayer．   
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thattheneuralnetworkperformedverywellfortheonestepaheadpredictionintraining．As  

ClearlyseeninFig．13，eVenthoughtheinteractionamongvariablesisrandomlyevoIvingin  

time，theidentifiedmodeliswellrepresentingthedynamicalbehavioroftheinteractionas  

prediction．   

In Fig．14，the observed and predicted datain testing were plotted and revealthe  

identifiedmodelisverywellperformingfortestingaswell．Especially，theidentifiedmodel  

extrapolatedtheextremevaluesbeyondthedatausedfortrainingintestingphase．AIso，  

Fig．15showsthedynamicalbehaviorofinteractionamongvariablesintestingandpresent  

thatthemodelhastheconsiderableabilityofextrapolationfordatabeyondtherange of  

training．However，itshouldbenotethattheinformationfortestingwasinvolvedintraining  

phase，i．e．，themaximum andminimumvaluesfrom thedatasetfortestingcouldpossibly  

usedfortraining．Therefore，theidentifiedmodelshouldberetestedwiththeindependent  

datasetofobtainingthegeneralizedevidenceforthemodel．  

Sequentially，Validation was carried out with theindependent dataset from training  

procedureanditsresultswereplottedinFig．16usingtheobservedandpredicteddatafor  

thisphase．Remarkably，theabilityforextrapolationoftheidentifiedmodelwasrepresented  

inthisphase，eSpeCiallyforSOI．Asmentionedearlier，therangeforvalidationdata［r2．03，  
1．32］greatlyexceedsthatfortrainingandtesting，ト0．8，0．8］．Nevertheless，theresultsfrom  

validationphaseshowedthesignificantandremarkableabilityforextrapolationofthemost  

extremedatabeyondtherangefortraining．AIso，Fig．17clearlyshowthemodelcanwork  

wellfortheonestepaheadpredictionoftheinteractionamongvariablesaswellasreveal  

thatitcanrepresentthedynamicalbehavioroftheinteractionbytheprediction．  
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Fig．15 Three－dimensionalphase space representing observed and predicted valuesin  

testingoftheartificialneuralnetworkwithpurelinearfortmnsferfunctionin  

hiddenlayer．  
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Fig．17 Three－dimensionalphase space representing observed and predicted valuesin  

Validationoftheartificialneuralnetworkwithpurelinearfortransferfunctionin  

hiddenlayer．  

5．Conclusions andI）iscussions  

ENSO－influence has been considered asit has played a drivlng force affectinglocal  

Climatevariation，CauSinggreatdisasterswithfardistancebyteleconnection．Itisimpera－  

tivetounderstandhowtheregionaldrivingforcehasinfluencedthelocalvariablesandhow  

therelationshipamongthemhasevolveddynamically．   

In the present study，artificialneuralnetworks（ANNs）were employed to show the  

dynamicalbehavior of theinteraction among them and to predict theinteraction．Itis  

apparent that ANNs can obtainits computing power through，first，maSSively parallel－  

distributedstructureand，SeCOnd，itsabilitytolearnandthereforegeneralize．Thesetwo  

information－prOCeSSlngCapabilitiesmakeitpossibleforANNsto solvecomplex problems  

and predict more accurately．The remarkable characteristics of ANNs were used to  

representthenonlinearrelationshipamongSOI，preCipitationandtemperatureatFukuoka．  

The threevariableswere usedforinput data simultaneously，after applying thelow pass  

filtertoreducenoisecontainedinthetimeseries．Errorback－prOpagationalgorithmwas  

appliedtothetrainingphasetoidentifytheweightsofthenetwork．Thereweretwotypes  

Oftransferfunctionsinhiddenlayer，i．e．，hyperbolictangentandpurelinearfunctions．  

Theneuralnetworkwithhyperbolictangentfunctioninhiddenlayershowedthelimita－  

tioninvalidationthatitcannotextrapolatetheextremevaluesbeyondthedatarangefor  

training．Especially，thisphenomenonwasremarkableonthevalidationforSOI．However，  

thenetworkwithpurelinearfunctioninhiddenlayerrevealedthatitcouldpredictwelland  

atthesametime，eXtraPOlatetheextremevalues，Whichhaveneveroccurredintrainingand  

testingperiods．  

Consequently，theperformanceofidentifiedmodelofANNswithpurelinearfunction  

WaSCOnSiderablysuccessfulintestingandvalidationaswellastraining．Inotherwords，the   
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Simultaneouspredictabilityofmultivariatetimeserieswaswellperformed．Theidentified  

neuralnetworkmodelincludestheinteractionamongaregionaldrivin；ぎforceofENSOand  
localhydro－meteOrOlogicalvariablessuchasprecipitationandtemperzLture．  

Additionally，theinteraction ofthe three variables was depictedin three－dimensional  

Phase space to see the dynamicalvariation．Observed and predictelivaluesin training，  

testing，andvalidationphases oftheidentifiedneuralnetwork withpurelinearfunctionin  

hiddenlayerwereusedtoshowthebehaviorofinteractionamongvarjablesintimeaswell  

as shown as the respective time series plots．Even thoughgeneraliz；Ltion of the evolving  

interactionamongthemcouldnotformulated，itwasconsiderablymeaningfulinthesense  

that the trialto understand the behavior dynamically was perform〔＝d for the first time  

COnSideringaregionaldrivingforceandlocalhydro－meteOrOlogicalvariables．Furthermore，  

itis stronglyrecommended to carry out the procedure to obtain bet［er understanding of  

nonlineardynamicsunderlainamongthevariables．  
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