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ABSTRACT

Thepredictionoftherunoffgeneratedwithinawatershedisanimportantinputinthedesignand
managementofwaterresourcesprojects.Duetothetremendousspatialandtemporalvariabilityin
precipitation,rainfall-runoffrelationshipbecomesoneofthemostcomplexhydrologicphenomena.
Undersuchcircumstances,usingsoftcomputingapproacheshaveproventobeanefficienttoolin
modelingofrunoff.Thesemodelsarecapableofpredictingriverrunoffvaluesthatcanbeusedfor
hydrologicandhydraulicengineeringdesignandwatermanagementpurposes.Ithasbeenobserved
thattheartificialneuralnetworks(ANN)modelperformedwellcomparedtoothersoftcomputing
techniques such as fuzzy logic and radial basis function investigated in this study. In addition,
comparisonofscatterplotsindicatesthatthevaluesofrunoffpredictedbytheANNmodelaremore
precisethanthosefoundbyRBForFuzzyLogicmodel.
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1. INTRodUCTIoN

Thedemandforwaterhasincreasedduetopopulationgrowth,urbanizationandindustrializationas
aresultofwhichwatershedsandriversystemshavebeenaltered.Thiswillcausegreaterdamageto
propertyandresultinlossoflifeiffloodingoccurs.Therefore,it’scriticallyimportanttosuccessfully
plan,designandmanagethesewaterresourcessystems.Determiningtherelationshipoftransformation
ofprecipitationtorunoffisanimportantissueinsurfacehydrology.Arainfallrunoffmodelisrequired
toobtaintherelationshipbetweenrainfallandrunoff.Thismodelhelpsinforecastingriverrunoff
valuesthatcanbeusedinhydrologyandhydraulicengineeringdesignandwatermanagementpurposes.

Generally,threetypesofmodels,includingdeterministic(physical)models,conceptualmodels
andempirical/systemstheoretic/black-boxmodels,arebeingusedbyhydrologistsinordertomodel
thisrelationship.Thedeterministic(physical)modelsdescribetherelationshipusingphysicallaw
ofmassandenergytransfer(DawsonandWilby,2001).Incontrast,inconceptualmodels,insteadof
usingphysicallawsofmassandenergytransfer,asimplified,butaplausibleorreliableconceptual
representationoftheunderlyingphysicsisadopted(JainandSrinivasulu,2006).
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Analternativemodelingapproachforhydrologicalprocessessuchasrainfall-runoffprocessis
theempirical/systemstheoretic/black-boxmodels,whichtriestofindarelationshipbetweenhistorical
inputsandoutputs(ASCETaskCommittee,2000a)withoutdetailedunderstandingofthephysics
involvedintheprocessunderinvestigation,suchasartificialneuralnetworks(ANNs).

1.1. Artificial Neural Networks
Intherecentpast,ArtificialNeuralNetworks(ANN)modelinghasgainedsignificantattentionbecause
of itsability toprovidebetter solutionswhenapplied tocomplexsystems thathavebeenpoorly
describedorunderstoodandwhereinputisincompleteoruncertainbynatureoverothertraditional
modeling techniques suchasempiricalmodels, statisticalmodels (autoregressive,autoregressive
movingaveragemodels)andphysicalbasedmodels.TheadvantagesofANNmodelsoverphysically
basedmodelshavebeendescribedindetailbyFrenchetal.(1992).

Oneofthemostgroundbreakingrediscoverieswasthatofbackpropagationtechniques(which
wereconceivedbyRosenblatt)byRumelhartetal.(1986).Inmanypreviousstudies,MultilayerFeed
ForewordBackPropagationNeuralNetwork(MLFBPN)wascommonlyadoptedanditprovedtobe
mostpowerfultoolto80percentofpracticalapplicationinallfieldofhydrologicengineeringand
sciences(Hsuetal.,1995;SmithandSli,1995).Inthepresentstudy,amultilayeredfeedforward
backpropagationneuralnetworkmodelisdevelopedwithrainfall,evaporationandlaggedrunoffas
inputtopredictrunoff.Thenumberofhiddenlayersandthenumberofnodesineachhiddenlayer
areusuallydeterminedbyatrial-and-errorprocedure.Thenodeswithinneighboringlayersofthe
networkarefullyconnectedbylinks.

1.2. Radial Basis Function Network
TheRBFnetworkcanbeconsideredasatwo-layerfeedforwardartificialneuralnetworkinwhich
thehiddenlayerperformsafixednon-lineartransformationwithnoadjustableinternalparameters.
Theoutputlayer,whichcontainstheonlyadjustableweightsinthenetwork,thenlinearlycombines
theoutputsofthehiddenneurons(Chen,etal.,1991).

Thehiddenlayerfunctionh(x)istheGaussianactivationfunctionwiththeparametersr(theradius
orstandarddeviation)andc(thecenteroraveragetakenfromtheinputspace)definedseparatelyat
eachRBFunitasshowninequationbelow(Equation1):

h x exp( ) = −
−( )
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andtheoutputlayerfunctionisoftheformofequation(Equation2):
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Thefunction‘newrb’iterativelycreatesaradialbasisnetworkwithoneneuronatatime.Neurons
areaddedtothenetworkuntilthesum-squarederrorfallsbeneathanerrorgoaloramaximumnumber
ofneuronshasbeenreached.Thecallforthisfunctionis:

net=newrb(P,T,GOAL,SPREAD)
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Thefunction‘newrb’takesmatricesofinputandtargetvectorsPandT,anddesignparameters
GOALandSPREAD,andreturnsthedesirednetwork.Ateachiterationtheinputvectorthatresults
inloweringthenetworkerrorthemostisusedtocreatearadbasneuron.Theerrorofthenewnetwork
ischecked,andiflowenoughnewrbisfinished.Otherwisethenextneuronisadded.Thisprocedure
isrepeateduntiltheerrorgoalismetorthemaximumnumberofneuronsisreached.Itisimportant
thatthespreadparameterbelargeenoughthattheradbasneuronsrespondtooverlappingregionsof
theinputspace,butnotsolargethatalltheneuronsrespondinessentiallythesamemanner.

1.3. Fuzzy Logic
ATakagi-SugenoFuzzyInferenceSystem(FIS)hasbeendevelopedbyusingthesubtractiveclustering
(Chiu1994)algorithmintegratedwithalinearleastsquaresestimatealgorithmforthemodeling
ofrunoff.Clusteringisamethodwheredatapointscanbelonginmorethanonegroup(“cluster”).
Clusteringdividesdatapointsintogroupsbasedinsimilaritybetweenitemsandlookstofindpatterns
orsimilaritybetweenitemsinaset.Itemsinclustersshouldbeassimilaraspossibletoeachother
andasdissimilaraspossibletoitemsinothergroups.ClusterEstimationMethodcanbeusedto
estimatesumsandproductswhenthenumbersyouareaddingormultiplyingclusternearorisclose
invaluetoasinglenumber.

TheFISmodelhasbeendevelopedonthebasisoftheassumptionthattheclusterestimation
method,whenappliedtoacollectionofinputandoutputdata,producesclustercentersinwhich
eachclustercenterisinessenceaprototypicaldatapointthatrepresentsacharacteristicbehaviorof
thesystem.Hence,eachclustercentercanbeusedasthebasisofarulethatillustratesthesystem
behavior(Chiu1994).TheFuzzyLogicToolbox(MATLAB)(TheMathworks2001)isalibraryof
functionsimplementingaframeworkforcreating,editing,andexecutingfuzzyinferencesystems.
ThistoolboxwasusedtodeveloptheFuzzyLogicmodelformodelingtherunoff.

1.4. Application of Soft Computing Techniques in the Rainfall-Runoff Process
Rajurkar,etal.(2002)studiedtheapplicationofartificialneuralnetwork(ANN)methodologyfor
modelingdailyflowsduringmonsoonfloodeventsforalargesizecatchmentoftheNarmadaRiverin
MadhyaPradesh,India.Theyfoundthatalinearmultiple-inputsingle-output(MISO)modelcoupled
withtheANNprovidedabetterrepresentationoftherainfall-runoffrelationshipinsuchlargesize
catchmentscomparedwithlinearandnonlinearMISOmodels.Campolo,etal.(2003)forecasted
floodinArnoRiverbyusingfeedforwardneuralnetworkapproachwithstandardbackpropagation
trainingalgorithm.Theyusedtheinformationofrainfall,hydrometricdataanddamoperationatthe
basin,Italy,topredictthehourlywaterlevelvariations.Theyusedtwoyearsdatawithsomespecial
treatmentwithasinputs.Inthelastdecade,ANNshavebeensuccessfullyemployedinmodelingawide
rangeofhydrologicprocesses,includingrainfall–runoffprocesses.(Rajurkaretal.,2004;Ahmadand
Simonovic,2005;DeVosandRientjes,2005;Kisi,2007)foundacceptableperformanceofArtificial
NeuralNetworks(ANNs)inrainfall-runoffmodeling.Solaimani(2009)developedArtificialNeural
Network(ANN)tomodelingtherainfall-runoffrelationshipinacatchmentarealocatedinasemiarid
regionofIran.Theapplicationsofthefeed-forwardbackpropagationfortherainfallforecastingwith
variousalgorithmswithperformanceofmultilayerperceptionshasbeenillustratedinthisstudy.

Kumar,etal.(2004)havestudiedtheperformanceofMLPandRBFtypeneuralnetworkmodels
developedforrainfall-runoffmodelingoftwoIndianRiverbasins.TheperformanceofboththeMLP
andRBFnetworkmodelswerecomprehensivelyevaluatedintermsoftheirgeneralizationproperties,
predictedhydrographcharacteristics,andpredictiveuncertainty.Meritsandlimitationsofnetworksof
bothmodelswerediscussed.Suhaimietal.(2009)studiedonRainfall–runoffmodelingusingRadial
BasisFunctionNeuralNetworkforSungaiTinjarCatchment,Miri,andSarawak.TheRBFnetwork
developedinthisstudyhassuccessfullymodeledrainfallrunoffrelationshipinTinjarCatchment,Miri,
andSarawakwithanaccuracyofabout98.3%.Vivekanandan(2014)studiedpredictionofRainfall
usingMLPandRBFnetworks.ThispaperillustratestheuseofANNforpredictionofrainfallat
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Atner,MultaiandDharnistations.Multi-LayerPerceptron(MLP)andRadialBasisFunction(RBF)
networksareappliedtotrainthenetworkdata.Modelperformanceindicatorssuchascorrelation
coefficient,modelefficiencyandrootmeansquareerrorareusedtoevaluatetheperformanceof
theMLPandRBFnetworks.ThepaperpresentstheMLPnetworkisbettersuitedforpredictionof
rainfallforAtnerandMultaiwhereasRBFnetworkforDharni.

DekaandChandramouli (2005)proposedanewapproachcombiningFLandANNs,which
isreferredtoasfuzzyneuralnetworks(FNN),forriverflowprediction.TakagiandSugenofirst
introducedtheirmethodoffuzzyinferencein1985.InrecentyearstheTakagi–Sugenofuzzymethod
(TS)hasbeenusedextensivelyinhydrologyandhasgivenmanysatisfactoryresults(Vernieuwea
etal.,2005,JacquinandShamseldin,2006;Lohani,etal.,2006).Alvisi,etal.(2006)statedthat
theFLmodelshavealimitedcapacityfordealingwithtoodetailedinformationcomparedtoANN
modelsandthisresultisinlinewithotherhydrologicalstudiesbasedonthefuzzyrulessystemthat
aregenerallycharacterizedbyalownumber(from2to5)ofinputvariables.Recently,FLhasbeen
usedinthefieldofhydrologyandwaterresources.Bárdossy(2006)proposedafuzzyunithydrograph
toaccountforthenumberofuncertaintiesraisedfrombothmodelassumptionsanddataacquisition
inrepresentingtherainfall–runofftransformation.TayfurandSingh(2006)usedANNandfuzzy
logicmodelsforsimulatingevent-basedrainfall–streamflow.FiratandGüngör(2007a;2007b)used
stream-flowrecordsoftwostationsintheGreatMenderesbasinforadaptiveestimationbyusingthe
Takagi-Sugeno(TS)approach(TakagiandSugeno,1985).TheyconcludedthattheTS-typefuzzy
modelhasbetterskillinestimatingthecurrentvaluefromtwoantecedentvalues,comparedtoANNs.
Mukarji,etal.(2009)applytheANN,adaptiveneuro-fuzzyinferencesystem(ANFIS)andANFGI
modetoforecaststream-flowforAjayRiverBasininJharkhand,Indiaandresultsobservedthat
ANFISmodelpredictsbetterthantheANNmodelinmostofthecases.GowdaandMayya(2014)
applyfuzzylogicmodelforpredictingstream-flowforNethravathiRiverbasinislocatedinDakshina
Kannadapplyingdifferentmembershipfunctionsandresultsfoundthat,fuzzyinferencesystemusing
triangularmembershipfunctionshowagoodperformancecomparedtoothermodelsdeveloped.

2. MATERIALS ANd METHodS

2.1. Study Area
TheSutlejRiverisoneofthemaintributariesoftheIndusRiverSystemandislocatedinthewestern
HimalayanRegion.TheSutlejRiveroriginatesfromMansarowarLakeinTibetatanelevationof
about4572mandisamajortributaryoftheRiverIndus.Sutlejplaysakeyroleintheeconomyof
northernIndiawheretwooutofthreepersonsdependuponagricultureandalliedactivitiesfortheir
livelihood.TheentireSutlejbasinliesbetweenlatitudes30°Nand33°Nandlongitudes76°Eand
83°E.TheSutlejRiverentersIndianearShipkilaatanelevationofabout6,608metersandcontinues
toflowinHimachalPradeshthroughWangtooandKianbeforereachingBhakrareservoir,where
theIndia’shighestgravitydamhasbeenconstructed.Thetotallengthoftheriveris1,448km.The
totaldrainageareaoftheSutlejRiveruptoBhakraReservoirisabout56,000km2.TheIndianpartof
SutlejbasinupstreamofBhakradamisabout20,275km2.Thepresentstudyhasbeencarriedoutin
apartofSutlejRiverbasinthatisconfinedinthehillyStateofHimachalPradesh,India.

Thisbasinliesbetween30°51′23″Nand33°6′30″Nlatitudesand76°26′11″Eand78°59′32″E
longitudesasshowninfigure1.Theelevationoftheupperbasinvariesfromabout500matBhakra
damto7000m.However,onlyverysmallareaexistsabove6000m.Themeanelevationofthebasin
isabout3600m.Although,thebasincoversouter,middleandgreaterHimalayanranges,themajor
partofbasinliesinthegreaterHimalayanranges.Owingtolargedifferencesintherelief,thebasin
ischaracterizedbythediversifiedclimaticpatterns.Westerlyweatherdisturbancesproducemostof
theprecipitationduringwinterinthemiddleandupperpartsoftheupperbasin.
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Themeanannualrainfall(excludingsnow)intheouter,middleandouterHimalayanrangesof
thebasinisabout1300,700and200mm,respectively(SinghandKumar,1997b).Thedistributionof
rainfallindicatesthattherainfallismostlyconcentratedinthelowerpartofthebasinandhaslittle
influenceinthegreaterHimalayanrange.Thesnowlineishighlyvariable,descendingtoanelevation
ofabout2000mduringwinterandretreatstoabove4500maftertheablationperiod.

2.1.1. Data Collection and Analysis
Thebasicdatarequiredfortherainfall-runoffmodelingarerainfallinformation,timeseriesofdischarge
dataandevaporationdataofthestudyarea.Thelong-termrainfall,dischargeandevaporationdataused
inthepresentstudyhasbeencollectedandsuppliedbyBhakraBeasManagementBoard(BBMB)for
eightgaugingsites;Berthin,Bhakra,Kahu,Kasol,Namgia,Raksham,Rampur,Suni.Dailyrainfall
dataforsixteenyearsstartingfrom01January1988to31December2004hasbeencollectedfrom
eightraingaugestationswhereasthedischargevaluesforthesameperiodwascollectedfromfour
dischargemeasuringstationsandevaporationwascollectedforonemeasuringstation.Thesedatasets
wereanalyzedandtransformedforproperuseasinputtothemodels.Thelocationsofgivenstations
areshownthroughFigure1earlierwhilethedetailsofthestationshasbeensummarizedinTable1.

2.2. Methodology
2.2.1. Selection of Input Vector for Model Development
TheANNmodelforthepredictionofrunoffisnormallydevelopedbyusingtheantecedentrainfall,
evaporation, and discharge values of upstream stations as input vector (Cobaner et al. 2009).
Determiningthenumberofantecedentrainfall,evaporation,anddischargevaluesinvolvesfinding
thelagsofrainfall,evaporation,anddischargevaluesthathavesignificantinfluenceonthepredicted
runoff.Theseinfluencingvaluescorrespondingtothedifferentlagscanbeverywell-established
throughthestatisticalanalysisofthedataseries.

The inputvector is selectedgenerallyby the trial-and-errormethod.The simplecorrelation
betweenthedependentandindependentvariableshelpsinselectingthesignificantinputvectorto
themodel.Toidentifytheinputvector,detailedcorrelationanalysisofthefollowingvariableswas
done:(i)DischargeatBhakraandrainfallvaluesatBhakra,Berthin,Kahu,Kasol,Namgia,Raksham,

Figure 1. Index map of Sutlej basin area used in present study
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RampurandSuni(ii)DischargeatBhakrawithevaporationatBhakra.(iii)DischargeatBhakrawith
dischargeatKasol,Rampur,Suni.

Thecorrelationanalysishelpstofindoutthepossibleinputvariableforthemodeling,butitdoes
notgivetheexactlagvalues.Generally,thetrial-and-errormethodisadaptedtofindoutthesignificant
lagvaluesoftheinputvariable.Sudheeretal.(2002)presentedastatisticalprocedurethatavoidsthe
trial-anderrorprocedure.Theauthorreportedthatthestatisticalparameters,suchasautocorrelation
function(ACF),partialautocorrelationfunction(PACF),andcross-correlationfunction(CCF),could
beusedtofindoutthesignificantlagvaluesofinputvariables.Thesestatisticalparametersareused
inthisstudytofindoutlagvaluesofinputvariables.

Theauto-correlationcoefficient(Salasetal.,1980)isdefinedasinequation3:
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Where   r lag k
k
= − correlationcoefficient,theserialcorrelationcoefficientortheautocorrelation

function(ACF);  x
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t
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t K+ =samplemeanfort = 1,…,N-k;N=samplesize.

Thepartialautocorrelationcoefficient(Salas,etal.,1980)maybeobtainedrecursivelybythe
Durbinsrelationsasgivenbelowthroughequation4,5and6:
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Table 1. Location details of the stations considered for the study in Sutlej basin

S.No. Station Height above 
M.S.L. (feet)

Latitude Longitude Duration of Data 
Availability Year

1. Bhakra 1700 31°24’32’’N 76°26’28’’E 1988–2004

2. Berthin 2155 31°28’15”N 76°37’20”E 1988–2004

3. Kasol 2170 31°21’25”N 76°52’42”E 1988–2004

4. Kahu 2130 31°12’13”N 76°47’15”E 1988–2004

5. Suni 2150 31°14’15”N 77°06’30”E 1988–2004

6. Rampur 3200 31°27’15”N 77°38’40”E 1988–2004

7. Raksham 10269 31°17’48’’N 78°32’10”E 1988–2004

8. Namgia 9547 31°48’36”N 78°39’23”E 1988–2004

Note:M.S.L.=MeanSeaLevel
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Thecross-correlationcoefficient(Salasetal.,1980)isdefinedthroughequation7as:
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Where r
k
ij =lag-kcross-correlationcoefficient; x
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2.2.2. Model Training
TheANNmodelshavebeentrainedbyusingbackpropagation(BP)algorithm.Thebest-known
algorithmfortrainingANNsisthebackpropagationalgorithm.Itessentiallysearchesforminima
on theerrorsurfacebyapplyingasteepest-descentgradient technique.Thealgorithmis linearly
convergent.Thebackpropagationarchitecturedescribedhereandintheaccompanyingappendices
isthebasic,classicalversion,butmanyvariantsofthisbasicformexist.Basically,eachinputpattern
ofthetrainingdatasetispassedthroughafeedforwardnetworkfromtheinputunitstotheoutput
layer.Thenetworkoutputiscomparedwiththedesiredtargetoutput,andanerroriscomputedbased
onanerrorfunction.Thiserrorispropagatedbackwardthroughthenetworktoeachneuron,and
correspondinglytheconnectionweightsareadjusted.

Backpropagationisafirst-ordermethodbasedonthesteepestgradientdescent,withthedirection
vectorbeingsetequaltothenegativeofthegradientvector.Consequently,thesolutionoftenfollows
azigzagpathwhiletryingtoreachaminimumerrorposition,whichmayslowdownthetraining
process.Itisalsopossibleforthetrainingprocesstobetrappedinalocalminimum.

Apossiblewayofpreventingovertrainingiscalledregularization.Thismethodinvolvesmodifying
theerrorfunctionofperformancelearningalgorithms.Forexample, if theMSEisusedaserror
function,generalizationcanbeimprovedbyaddingatermthatconsistsofthemeanofthesumof
squaresofthenetworkweightsandbiases:

MSEREG MSE MSW= + −( )γ γ. .1  (8)

Where
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w
j
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j
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Usingthisperformancefunctionwillcausethenetworktohavesmallerweightsandbiases,and
thiswillforcethenetworkresponsetobesmootherandlesslikelytoovertrain.Bayesianregularization
algorithmisusedinthisstudyinordertrainthegivennetworkmoreefficiently.

Thewholedatahasbeendividedintotwodatasetsforthetrainingandvalidationofthemodels.
Thedailydatafrom1,January1988to25,November1999(i.e.70%ofthetotalavailabledata)were
consideredforthecalibrationofthemodelbecauseitcontainedtheextremevaluesofdischarge.The
dailydatafrom26,November1999to31,December2004(i.e.30%ofthetotalavailabledata)were
consideredforthevalidationofthemodel.TheANNmodelsweretrainedbyusingthefunctionsof
MATLAB(TheMathworks,2001).

2.2.3. Performance Evaluation
Theresultsobtainedfromcalibrationandvalidationisevaluatedinordertodeterminethedifference
betweenobservedandpredictedvalues. Inmostofstudies in this thesis, rootmeansquareerror
(RMSE),modelefficiency(EFF)(NashandSutcliffe,1970),andcoefficientofcorrelation(CORR)
wereusedasperformancecriteriatoevaluatethevariousANNmodels.IfCORRandEFFvaluefora
modelisfoundtobehigheramongallothermodelsandRMSEisalsoloweramongallothermodels,
thenthismodelisconsideredtogivethebestperformancethantheothermodel.Thesemodelscan
bedefinedbyequation10,11and12respectively:

RootMeanSquaredError RMSE
t y

K
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K

� � � �( ) =
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=∑ 1

2

 (10)
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3. RESULTS ANd dISCUSSIoNS

3.1. Input Vector Selection
Theautocorrelationcoefficient(ACF)andpartialautocorrelationcoefficient(PACF)ofdischarge
atBhakraarepresentedthroughFigure2(a-b)respectively.Thecross-correlationcoefficient(CCF)
between discharge at Bhakra and rainfall at Bhakra, Berthin, Kahu, Kasol, Namgia, Raksham,
RampurandSuniarepresentedinFiguresfrom3(a-h)respectively.TheCCFbetweendischargeand
evaporationatBhakraispresentedinFigure4.TheCCFbetweendischargeatBhakraanddischarge
atKasol,RampurandSuniarepresentedinFigures5(a-c),respectively.

ThepartialautocorrelationcoefficientofdischargeatBhakraforlag0was1.Thepartialauto-
correlationcoefficientvalues forother lagswere less than0.3.Therefore,wehaveconsidered0
lagforpartialautocorrelationcoefficientofdischargeatBhakra.Thecross-correlationcoefficients
ofdischargeatBhakrawithevaporationatBhakraforlag0and1were0.3and0.29,respectively.
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Therefore,wehaveconsidered0lagwhilecross-correlatingdischargeatBhakrawithevaporationat
Bhakra.Thecross-correlationcoefficientsofdischargeatBhakrawithrainfallatBhakra,Berthin,
Kahu,Kasol,Namgia,Raksham,RampurandSuniforlag0were0.4,0.4,0.4,0.41,0.09,0.29,0.26,
0.32,respectively.However,thecross-correlationcoefficientsofdischargeatBhakrawithdischarge
atKasol,RampurandSuniforlag0were0.95,0.94,and0.96,respectively.Thesevaluesarefound
tobemorethanallotherlaggedcross-correlationcoefficientvalues.

OnthebasisofthevaluesofPACFandCCFofthedataseriesaspervaluesmentioned,the
followinginputvectorwasselectedforneuralnetworktrainingasshowninEquation13:

bhadis(t)=f(berrain(t),bharain(t),kahrain(t),kasrain(t),namrain(t),rakrain(t),ramrain(t),
sunrain(t),bhaevap(t),kasdis(t),ramdis(t),sundis(t),bhadis(t-1)) (13)

Inequation13,bhadis,kasdis,ramdis,sundisaredischarge(m3/s)atBhakra,Kasol,Rampurand
Sunirespectively.Similarly,bharain,berrain,kahrain,kasrain,namrain,rakrain,ramrain,sunrainare
rainfallvalues(mm)atBerthin,Bhakra,Kahu,Kasol,Namgia,Raksham,Rampur,Suni,respectively
andBhaevapisevaporation(mm)atBhakra.

3.2. Model Performance
TheperformanceoftheMLP,RBFandFUZZYmodelsduringcalibrationandvalidationwiththe
inputcombinationderivedfromstatisticalprocedureassuggestedbySudheer,etal.(2002)andis
showninTables2,3and4,respectively.

3.2.1. Artificial Neural Network
Thenumberoftheneuronsinthehiddenlayerisestablishedbytrialanderrorprocedurestartingwith
onehiddenneuroninitiallyandthenincreasingitupto10hiddenneurons,basedontheperformance
criteriaofthemodel.Thetransferfunctionforthehiddenandoutputlayerarelogsigmoidandpure
linearrespectivelyinthetrainingofthemodels.

Table2indicatesthatANN8performedbetterthanothermodelsduringcalibration(CORR=
0.99,RMSE=0.54,EFF=98.56%)andvalidation(CORR=0:98,RMSE=0.56,EFF=97.69%)
becausethecoefficientsofcorrelationandEfficiency(%)ofANN8isfoundtobehigheramongall

Figure 2. (a) Autocorrelation of discharge at Bhakra; (b) Partial autocorrelation of discharge at Bhakra.
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Figure 3. (a) Cross-correlation of discharge at Bhakra with rainfall at Bhakra (b) Cross-correlation of discharge at Bhakra with 
rainfall at Berthin (c) Cross-correlation of discharge at Bhakra with rainfall at Kahu (d) Cross-correlation of discharge at Bhakra 
with rainfall at Kasol (e) Cross-correlation of discharge at Bhakra with rainfall at Namgia (f) Cross-correlation of discharge at 
Bhakra with rainfall at Raksham (g) Cross-correlation of discharge at Bhakra with rainfall at Rampur (h) Cross-correlation of 
discharge at Bhakra with rainfall at Suni.
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otherANNmodels.Alsofromtable2itcanbeinferredthattheRMSEofANN8isloweramong
allotherANNmodels.TheoptimumstructureoftheANNmodelhasbeenfoundtobe8neurons
inthehiddenlayer.

3.2.2. Radial Basis Function Network
Numberofhiddenneuronsinthehiddenlayerwasinvestigatedbytrialanderrormethod.Thevalues
investigatedare10,20,30,40,50,60,70,80,90and100.Asmoothingparameterknownasspread,
hasbeenneededtobeset.Thespreadvaluesastestedare0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9and1.

ThedatasummarizedinTable3indicatesthat themodelRBF9performedbetter thanother
modelsduringcalibration(CORR=0.97,RMSE=1.11,EFF=93.61%)andvalidation(CORR=
0:97,RMSE=0.87,EFF=97.24%)becausethecoefficientsofcorrelationandEfficiency(%)of
RBF9ishigheramongallotherRBFmodels.Also,RMSEofRBF9isloweramongallotherRBF
models.TheoptimumstructureoftheRBFmodelwasfoundtobe90neuronsinthehiddenlayer.

3.2.3. Fuzzy Logic
TheRadiusinfuzzylogichasbeenfoundbytrialanderrorprocedurestartingwith0.1andthen
increasingitupto1,basedontheperformancecriteriaofthemodel.

The data summarized in table 4 by using fuzzy model indicates that the model FUZZY8
performedbetterthanothermodelsduringcalibration(CORR=0.98,RMSE=0.87,EFF=96.71%)
andvalidation(CORR=0:99,RMSE=0.57,EFF=97.58%).Thisisbecausethecoefficientsof
correlationandEfficiency(%)ofFUZZY8ishigheramongallotherFUZZYmodelsandRMSEof
FUZZY8isloweramongallotherFUZZYmodels.TheoptimumstructureoftheFUZZYmodel
wasfoundtobe90neuronsinthehiddenlayer.

Figure 4. Cross-correlation between evaporation and discharge at Bhakra
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Figure 5. (a) Cross-correlation of discharge at Bhakra with discharge at Kasol. (b) Cross-correlation of discharge at Bhakra with 
discharge at Rampur. (c) Cross-correlation of discharge at Bhakra with discharge at Suni.

Table 2. Results of ANN model during calibration and validation

Model 
No.

Input 
Combinations

ANN 
Structure

Calibration Validation

CORR RMSE EFF 
(%)

CORR RMSE EFF 
(%)

ANN1 bhaR(t),berR(t),
kahR(t),kasR(t),
namR(t),rakR(t),
ramR(t),sunR(t),
bhaE(t),kasD(t),
ramD(t),sunD(t),
bhaD(t-1)

13-1-1 0.98 0.90 96.47 0.99 0.61 97.23

ANN2 13-2-1 0.98 0.83 96.98 0.99 0.60 97.26

ANN3 13-3-1 0.99 0.74 97.58 0.98 0.63 96.96

ANN4 13-4-1 0.99 0.70 97.85 0.97 0.94 96.76

ANN5 13-5-1 0.99 0.69 97.91 0.98 0.67 96.63

ANN6 13-6-1 0.99 0.64 98.23 0.96 1 92.50

ANN7 13-7-1 0.99 0.58 98.53 0.97 0.88 94.20

ANN8 13-8-1 0.99 0.54 98.56 0.98 0.56 97.69

ANN9 13-9-1 0.99 0.54 98.73 0.97 0.96 93.14

ANN10 13-10-1 0.99 0.57 98.69 0.96 1.04 96.04
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Note:bhaR=rainfallatBhakra;berR=rainfallatBerthin;kah:rainfallatKahu;kasR=rainfallatKasol;namR=
rainfallatNamgia;rakR=rainfallatraksham;ramR=rainfallatrampur;sunR=rainfallatSuni;bhaE=evaporation
atBhakra;kasD=dischargeatKasol;ramD=dischargeatRampur;sunD=dischargeatSuni;bhaD=dischargeat
Bhakra.

Table 3. Results of RBF model during calibration and validation

Model 
Number

Input 
Calibration

ANN 
Structure Goal Spread

Calibration Validation

CORR RMSE EFF 
(%) CORR RMSE EFF 

(%)

RBF1
bhaR(t),
berR(t),
kahR(t),
kasR(t),
namR(t),
rakR(t),
ramR(t),
sunR(t),
bhaE(t),
kasD(t),
ramD(t),
sunD(t),
bhaD(t-1)

13-10-1 0.1 0.1 0.41 4.40 16.54 0.44 3.41 13.48

RBF2 13-20-1 0.1 0.2 0.71 3.40 50.21 0.76 2.48 54.24

RBF3 13-30-1 0.1 0.3 0.81 3.01 61.04 0.87 1.89 73.20

RBF4 13-40-1 0.1 0.4 0.89 2.16 79.76 0.93 1.40 85.22

RBF5 13-50-1 0.1 0.5 0.92 1.88 84.77 0.95 1.23 88.69

RBF6 13-60-1 0.1 0.6 0.94 1.63 88.56 0.96 1.06 91.56

RBF7 13-70-1 0.1 0.7 0.95 1.47 90.69 0.97 0.92 93.60

RBF8 13-80-1 0.1 0.8 0.97 1.20 93.50 0.98 0.79 95.28

RBF9 13-90-1 0.1 0.9 0.97 1.11 93.61 0.97 0.87 97.24

RBF10 13-100-1 0.1 1 0.97 1.11 93.60 0.98 0.73 96.03

Note:bhaR=rainfallatBhakra;berR=rainfallatBerthin;kah:rainfallatKahu;kasR=rainfallatKasol;namR=
rainfallatNamgia;rakR=rainfallatraksham;ramR=rainfallatrampur;sunR=rainfallatSuni;bhaE=evaporation
atBhakra;kasD=dischargeatKasol;ramD=dischargeatRampur;sunD=dischargeatSuni;bhaD=dischargeat
Bhakra.

Table 4. Results of fuzzy logic model during calibration and validation

Model No. Input 
Combinations Radius

Calibration Validation

CORR RMSE EFF 
(%) CORR RMSE EFF 

(%)

FUZZY1

bhaR(t),berR(t),
kahR(t),kasR(t),
namR(t),rakR(t),
ramR(t),sunR(t),
bhaE(t),kasD(t),
ramD(t),sunD(t),
bhaD(t-1)

0.1 0.27 6.38 75.57 0.21 4.93 81.54

FUZZY2 0.2 0.98 0.88 96.63 0.99 0.62 97.10

FUZZY3 0.3 0.98 0.91 96.45 0.99 0.61 97.19

FUZZY4 0.4 0.98 0.91 96.45 0.99 0.61 97.19

FUZZY5 0.5 0.98 0.97 96.67 0.99 0.58 97.46

FUZZY6 0.6 0.98 0.87 96.69 0.99 0.57 97.52

FUZZY7 0.7 0.98 0.87 96.68 0.99 0.57 97.53

FUZZY8 0.8 0.98 0.87 96.71 0.99 0.57 97.58

FUZZY9 0.9 0.98 0.87 96.70 0.99 0.57 97.57

FUZZY10 1.0 0.98 0.90 96.45 0.99 0.61 97.19

Note:bhaR=rainfallatBhakra;berR=rainfallatBerthin;kah:rainfallatKahu;kasR=rainfallatKasol;namR=
rainfallatNamgia;rakR=rainfallatraksham;ramR=rainfallatrampur;sunR=rainfallatSuni;bhaE=evaporation
atBhakra;kasD=dischargeatKasol;ramD=dischargeatRampur;sunD=dischargeatSuni;bhaD=dischargeat
Bhakra.
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3.3. Analysis of Results of ANN, RBF and Fuzzy Models
TheperformanceofthebestANN,RBFandFUZZYmodelsforthepredictionofrunoffatBhakra
duringcalibrationandvalidationisdepictedthroughFigure6(a-b)to8(a-b)respectively.Thescatter

plotsclearlydemonstratethepotentialityofthedevelopedANN,RBFandFUZZYmodelsinthe
predictionofrunoff.

Duringcalibration,thecoefficientofcorrelationfortheANNmodel(ANN8)isfoundtobe0.99,
whereas,thevalueofthecoefficientofcorrelationfortheRBFmodel(RBF9)isfoundtobe0.97.
However,fortheFUZZYmodel(FUZZY8)thevaluecomesouttobe0.98.RMSEforANNmodel
(ANN8)isfoundtobe0.54andforRBFmodel(RBF9)thevaluecomesouttobe1.11.Whereas,for
theFUZZYmodel(FUZZY8)theRMSEvalueisobservedtobe0.87.Therefore,fromthepresent
evaluationitcanbeinferredthatintermsofRMSEvalue,theANNmodelperformedbest(0.54)and
RBFmodel(RBF9)performedworst(1.11)thanallothermodelsinvestigatedinthisstudy.However,
intermsofefficiency,theANNmodel(ANN8)performedthebest(98.56%),whereasRBFmodel
(RBF9)performedtheworst(93.61%).

Figure 6. (a-b). Scatter plot for the result of best ANN model during (a) Calibration (b) validation.

Figure 7. (a-b). Scatter plot for the result of best RBF model during (a) calibration (b) validation.
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DuringValidation,thecoefficientofcorrelationfortheANNmodel(ANN8)isobservedtobe
0.98.ThevalueofthecoefficientofcorrelationfortheRBFmodel(RBF9)hasbeenfoundtobe
0.97.However,fortheFUZZYmodel(FUZZY8)thevaluecomesouttobe0.99.RMSEforANN
model(ANN8)isobservedtobe0.56andforRBFmodel(RBF9)thevalueis0.87.IntheFUZZY
model(FUZZY8)theRMSEvalueisobservedtobe0.57.Therefore,fromthepresentevaluation
itcanbeinferredthatintermsofRMSEvalue,theANNmodelperformedbest(0.56)andRBF
model(RBF9)performedworst(0.87)thanallothermodelsusedinthisstudy.However,interms
ofefficiency,theANNmodel(ANN8)performedthebest(97.69%),whereasRBFmodel(RBF9)
performedthebest(97.24%).

TheresultsofthecalibrationandvalidationofthebestANN,RBFandFUZZYmodelsinterms
ofvariousstatisticalindicesarepresentedintheTable5.TheperformanceofthebestANN,RBFand
FUZZYmodelsintermsofobservedandpredictedrunoffatBhakraduringcalibrationandvalidation
arepresentedinFigures9and10respectively.

FromperformanceindexesasshowninFigures9and10,ithasbeenobservedthattheANN
modellearnedtheprocessbetterthananyothermodelbecausetheefficiencyofANNmodel(ANN8)
ishigherthantheRBFmodel(RBF9).However,theFUZZYmodelandRMSEvalueisleastforthe
ANNmodel(ANN8)thananyothermodelduringcalibrationandvalidationasshowninTable5.
Thus,itcanbeconcludedfromtheoverallperformanceofthemodelsthattheANNmodel(ANN8)
performedthebestandtheRBF(RBF9)modelperformedtheworstduringbothcalibrationand
validation.Ingeneral, theperformanceofall themodelsusedin themodelingprocesspredicted
runoffwithadequateaccuracybutparticularlytheANNmodelperformedbestwiththeefficiency
ofwiththeefficiencyof98.56%.

Figure 8. (a-b). Scatter plot for the result of best FUZZY model during (a) calibration (b) validation.

Table 5. Comparison of results among the best ANN, RBF and FUZZY Logic models during calibration and validation

Model
Calibration Validation

CORR RMSE EFF (%) CORR RMSE EFF (%)

ANN8 0.99 0.54 98.56 0.98 0.56 97.69

RBF9 0.97 1.11 93.61 0.97 0.87 97.24

FUZZY8 0.98 0.87 96.71 0.99 0.57 97.58
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4. CoNCLUSIoN

Thispaperpresentsthefindingsofastudyaimedatacomparativeanalysisofvarioustechniques
availableforthepurposeofmodelingofrunoffattheBhakragaugingsiteoftheSutlejriverbasin
innorthernIndia.ThetechniquesinvestigatedincludeArtificialNeuralNetwork(ANN)withback

Figure 9. Graph showing predicted runoff values by ANN, RBF and Fuzzy logic against observed runoff values during calibration 
at Bhakra

Figure 10. Graph showing predicted runoff values by ANN, RBF and Fuzzy logic against observed runoff values during validation 
at Bhakra
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propagationalgorithm,RadialBasisFunctionandFuzzyLogic.ThestatisticalparametersACF,PACF
andCCFwereusedforselectionoftheinputvectortothevariousmodels.Dailyobservedrainfall,
evaporationandrunoffwith1-daylaghasbeenusedastheinput.Outof16yearsdatasets,70%of
dataisusedforcalibrationand30%isusedforvalidation.Thestatisticalindicessuchascoefficient
ofcorrelation,rootmeansquarederror(RMSE)andmodelefficiencyhavebeenusedtoevaluate
theperformanceofthemodel.Ingeneral,theperformanceofallthemodelsusedinthemodeling
processpredictedrunoffwithadequateaccuracybutparticularlytheANNmodelperformedbest
withtheefficiencyofwiththeefficiencyof98.56%.
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