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ABSTRACT

Inthepastfewdecades,tourismhasclearlybecomeoneofthemostprominenteconomictrendsfor
manycountries.Formanydestinations,thistrendwillcontinuetorise,andtourismwillbecomethe
mostdynamicandfastestgrowingsectoroftheeconomy.Thus,thereliableandaccurateforecasting
oftourismdemandisnecessaryinmakingdecisionsforeffectiveandefficientplanningoftourism
policy.Theobjectiveofthispaperisthemodelingandforecastingtheinternationaltouristarrivals
tofourprefecturesofCreteintheyear2012,basedontheactualtouristarrivalsdataovertheperiod
1993–2011,usingone-step-aheadforecast.Inparticular,thispaperpresentedacomparativestudy
oftimeseriesforecastsofinternationaltraveldemandforthefourprefecturesofCreteusingavariety
ofstatisticalquantitativeforecastingmodelsalongwithneuralnetworksandfuzzymodels.
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INTROdUCTION

Tourismisoneofthemostdynamicsectorsoftheglobaleconomy.Beingthemajoreconomicactivity
inmanycountries,ithasmultipleandsignificanteffectsonmanyothersectorsoftheeconomyandit
contributestotheoveralleconomicdevelopmentofthecountries.Nowadays,tourismisnotonlyan
economicissuebutalsoasocial,culturalandpoliticalactivitythatinvolvesbothlocalsocietiesand
countriesandrelatestoallsocialclasses.Internationaltourismcreatesjobs,contributestotheincrease
oftheincome,thatofthesavings,thatoftheinvestmentandgenerallyleadstoaneconomicgrowth
(Lim,1997).Thus,itsapparentthattourismisaneconomicactivityofprimaryimportanceformany
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countries.Atouristhostcountry,whichwishestoplayaleadingroleinthecompetitiveinternational
tourismmarket, shouldbeable to formulateagoodpolicy in the fieldof tourism.Undoubtedly,
marketingdecisionsandstrategicplanningoftourismbenefitsprimarilyrequireknowledgeofthe
factorsthatinfluencethechoiceofdestinationoftourists(Seddighi&Theocharous,2002).

Greeceisnowadaysapopulartouristdestination,recordingacontinuousincreaseinarrivalsof
touristssince1950(Bouhalis,2001).It’spositionintheworldrankingofthearrivalsisparticularly
highaccordingtothedatafromtheWorldTourismOrganization(W.T.O).InrecentyearsGreecehas
asteadypositionbetweenthe13thand15thplaceonthelistofcountrieswiththehighestnumberof
arrivals,apositionwhichautomaticallymakesitoneofthemostimportantdestinationsinternationally.

Particularly,CreteisoneofthemostpopularGreekdestinations.Overthe15%ofthetotalarrivals
totheportsandairportsofthecountryaremadeviathecityofHeraklion.Attheyear2006charter
flightsatHeraklionAirportareaccountedformorethanthe20%ofallcharterflightsinthecountry
andmorethantwomilliontouristsvisitedCreteinthesameyear.ThispreferenceoftouriststoCrete
reflectedonthenumberofhotelrooms,whichincreasedinCreteby53%from1986to1991,while
attherestofGreekregionsshowedanincreaseofonly25%.Today’stouristinfrastructureinCrete
satisfiesallthepreferences.Thereishousingofeverypossiblecategoryfromlarge,luxuryhotelsto
smallerprivately-ownedfamilyapartmentsororganizedcamping.Thetourists’accesstotheisland
ismadebyairthroughtheinternationalairportofHeraklionandtheairportsinChaniaandSitiaor
byferry,totheportsofHeraklion,Chania,Rethymno,AgiosNikolaos,SitiaandKastelliKissamos.

THe FOReCAST OF TOURIST ARRIVALS

Becauseoftheaforementionedsignificantcontributionoftourismtothelocaleconomyandthenature
ofthetouristindustry,thedesignofthetourismpolicyiscrucialtothewholeprocessoftourism
development.Itiswidelyacceptedthatanybusinessdesignregardingtourismrequiressomeform
ofdecision-making,basedonfutureforecasting(Palmeretal.,2006,Chandra&Menezes,2001).
Thus,thereliableandtheaccurateforecastofthetourismdemandisessentialinmakingdecisions
foreffectiveandefficientplanningoftourismpolicy.Moreover,theaccurateforecastingoftourism
demandisnecessaryforthesuccessfuldesignofthesupplyofgoods,servicesandtheinfrastructures
intourismandinotherserviceindustries.Optimalforecastsoftouristarrivalsinacountryorina
particulargeographicalarea,caneffectivelyhelpbusinessmanagersandinvestorstomakeoperational,
tactical and strategic decisions. These may include decisions on scheduling and on personnel
management, on preparing tourist booklets and hotel investments etc. Furthermore, government
councilsneedaccuratetouristforecastinginordertodesigntherequiredtouristinfrastructure,such
asnewhotelsintouristicplaces,aswellasthecreationofappropriatetransportandcommunications.
Itisalsonecessarytopredicttheconsumptionofgoodsandservicesbytourists,inordertoassess
therelativecontributionoftourismtoproduction,incomeandemploymentintouristdestinations
(Palmeretal.,2006).

Theforecastconfigurationbasedgenerallyontwobasicconditions.Thefirstoneregardsthe
quantitativemethodthatisusedandthesecondishowtheeconomicvariablebehaves.Thebetter
thewaythevariablesarecreated,thebetterpredictionsareexpectedtobeformed.However,forthis
tobethecase,theexistingstructureofthebehaviorofthevariable’svalueshouldremainconstant
oralmoststableinthenearfuture.

The success of a forecast depends primarily on the availability of appropriate data sets
(Montgomeryetal.,1990;Hanke&Wichern,2009).Datacollectionmay,insomecases,beadifficult
andtime-consumingprocessandthereforeitshouldbegivenparticularattentioninordertoaddress
possibleproblemsrelatedtoavailabilityandaccuracy.Researchontourismdemandforecastisbased
primarilyonsecondarydatafortheconstructionoftheforecastingmodel(Song&Li,2008).Secondary
dataistypicallycollectedforsomepurposeandstoredsomewhere.Theirsourcesoforiginmaybe
internal,suchase.g.balancesheets,incomestatement,invoices,etc.orgovernmentalorganizations,
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suchastheMinistryofFinance,theMinistryofCommerce,theNationalStatisticalService(NSI)
andinternationalorganizationssuchastheInternationalMonetaryFund(IMF)andtheWorldBank
(WB).ICAP,chambers,stockexchange,cooperativesarealsosourcesfromwhichdatacanbedrawn
forstatisticalprocessing.Inrecentyears,accesstotheabove-mentionedsourcesofsecondarydata
canbequicklyaccessedviatheInternet.

Overview of Forecasting Methods
Theforecastingmethodsthatextensivelyusedare,mainly,timeseriesandeconometricmodels.With
econometricmodels,researchersmakepredictionsofa(dependent)variablebasedontheeconomic
andstatisticalrelationshipbetweenthisvariableandanumberofothervariables(predictors).Thus,
aneconometricmodelisanextensionofmultipleregressionmethodsandtypicallycomprisesseveral
relationshipstooneormorevariables,whichappearinmorethanonemodelequations.

Bytimeseries,researchersmeanaseriesofcontinuousdata,characterizedbyadefinedorderof
theobservationsovertime,andadefineddependencybetweentheobservationsoftheseries.This
specifiedconfigurationanddependencyguaranteesthecreationofreliableforecasts(Song&Li,
2008).Intimeseriesmodels,unlikeeconometricmodels,whicharebasedonmultipleregression
techniques,theforecastreliessolelyonpreviousvaluesofthesametimeseriesofinterest.Thatis,
thefuturebehaviorofatimeseriesmodelispredictednotinrelationtothechangesofothervariables
thatmayaffectit,butonlybylookingatitspastbehaviororthe“history”.

Theadvantagesoftimeseriesmodelsagainsteconometricmethodsarethattheformerhavelower
costofprovisioningandarelesscomplex.Ontheotherhand,theyhavethedisadvantageofnotrelying
onatheorythatexplainshowthevaluesofthetimeseriesmodelsareformed.Onthecontrary,they
takeintoaccountthehypotheticscenariothatwhateverhappenedinthepastwillcontinuetohappen
inthefuture.Thus,theydonothaveamechanismtoallowforchanges,thatmightinfluencetheir
futurevalues(forexample,changesingovernmentpolicy).Thisentailsareductionintheaccuracy
offorecasts,especiallyforlongperiodsinthefuture,whichisundesirable(Dimeli,2002).Forthe
abovereasons,timeseriesmethodsaremoresuitableforshort-termforecasting,whileeconometric
methodsforlong-termforecasting(Dimeli,2002).

Oneofthegreatestadvantagesofeconometricapproachesovertimeseriesliesintheirability
toanalyzethecausalrelationbetweenthetouristdemand(dependentvariable)andthefactorsthat
affectit(independentvariables),(Song&Li,2008).Econometricanalysisplaysanimportantrole,
alsoinotherfields,beyondforecasting.Forexample,econometricmodelsconsolidatetheexisting
empiricalandtheoreticalknowledgeofhowtheeconomiesofdifferentcountriesoperate,providinga
frameworkforaprogressiveresearchstrategy,andhelpingtoexplaintheirmalfunctions(Clements&
Hendry,1998).Regardingtouristdemand,econometricanalysishasanempiricalutilityininterpreting
anychangeintouristdemandfromthepointofviewofeconomists,byprovidingpolicyproposalsas
wellasevaluatingtheefficiencyoftheexistingtourismpolicies.Onthecontrary,atimeseriesmodel
cannothelpunderspecialcircumstances,i.e.wheretheinterdependencebetweentourismdemandand
otherrelevantfactorsisofparamountimportancetobusinessesandgovernments(Song&Li,2008).

ThemostcommonlyusedtimeseriesmodelsareWinter’s Exponential Smoothing,themethod
ofMoving Average – MA,Naive Methods,themethodofthe DecompositionandtheAutoregressive 
Integrated Moving Average(ARIMA)modelsofBox–Jenkins(Goh&Law,2002;Song&Li,2008;
Leeetal.,2008).DifferentversionsofARIMAmodelshavebeenappliedtomorethantwo-thirdsof
tourismforecastingstudiessince2000.Thelastfewyears,theSeasonal ARIMA(SARIMA)models
aremorepopular,sinceseasonalityisanimportantfeatureofthetouristindustryandthereforethe
seasonalvariationof touristdemandfordestinations isofdirect interest tomanagersof tourism
businesses(Song&Li,2008).

Inadditiontotimeseriesandeconometricmodels,anumberofnewquantitativeforecasting
methods,predominantlyArtificialIntelligence(AI)methods,haveappearedinthetourismforecasting
literature(Cho,2005;Palmeretal.,2006;Song&Li,2008).TheArtificialIntelligenceisrapidly
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developingasaresearchfieldinavarietyofscientificareasinrecentyears.OldArtificialIntelligence
methodsusedrule-basedsystems,aswellaslogicprogrammingsystems.Inrecentyears,theresearch
interest has focused on Computational Intelligence or Soft Computing techniques, particularly
Artificial Neural Networks (ANN), Fuzzy Logic, and Genetic Algorithms, as well as in hybrid
modelsoftheaforementionedsuchasNeural-FuzzySystemsandFuzzy-NeuralSystems(Principe
etal.,2000;Palit&Popovic,2005;Haykin,2009).ThemainadvantageofArtificialIntelligence
techniquesisthattheydonotrequireanypreliminaryoradditionalinformationaboutthedatasuch
as,forexample,theirdistribution.

ThemethodofArtificialNeuralNetworks(ANN)isacomputationaltechnique,whichattempts
tosimulate the learningprocessof thehumanbrain(Law,2000).TheuniquefeaturesofANNs,
suchastheirabilitytoadapttoincompletedata,tonon-linearity,andtoanarbitrarydepictionofa
function,makethismethodausefulalternativetoclassical(statistical)forecastingmodels.ANNs
wereintroducedtotourismforecastsintheearly1990sandsomeimprovedANNtechniquescontinued
toappearintheliteratureuntilnowadays(Song&Li,2008).

Thefuzzytimeseriesmethodhasastrongperformanceinanalyzingsmalltimeseries,usingonly
fewobservationsofthepast.Wang(2004)hasappliedthefuzzytime-seriesandthefuzzytheory
bydevelopingthreedifferentmodelsforforecastingtouristarrivals toTaiwanfromHongKong,
GermanyandUSA.Hefoundoutthattheforecastingperformanceofthethreemodelsdependson
thecountryoforiginanddoesnotoutperformotherforecastingtechniquesinallcases.

ReSeARCH MeTHOdOLOGy

Thepurposeofthispaperistopredictthearrivalsoftouristsfromallovertheworldinthefour
prefecturesofCrete,fortheyear2012,basedontheactualdata,i.e.thearrivalsfortheyears1993
to2011,foreachmonth,withone-stepahead.ThedatahavebeencollectedperCreteprefectureand
thewordarrivalsincludeonlythenumbertouriststhatusedanykindofhotelaccommodation,except
camping.ThedatawasobtainedfromtheNationalStatisticalService(NSS).Then,thepredicted
valueswillbecomparedtotheactualdataofthearrivalsoftheyear2012.Theobjectiveofthesurvey
istocomparethevariousstatisticaltimeseriesandneuralnetworkmodels,inordertoidentifythe
appropriatemethodforpredictingthetouristdemandforeachoneofthefourprefecturesofCrete.

ThetimeseriesanalysiswasperformedwiththestatisticalsoftwareMinitab17.0.Initially,from
thetimeseriesdiagramshowninFig.1seemsthatthetimeseriesformatissimilaratthefourprefectures
andshowsthatthetimeseriesaregeneratedbythecompositionofatrendcomponent,a12-month
seasonalcomponentandtherandomcomponent.Consequently,itcannotbeassumedthatthespecific
timeseriesisstationary.Thesynthesismodelofthethreecomponentsisthe“MultiplicationModel”.

Therefore,theforecastingmethodsusedaresuitableforseasonaltimeseriesandthesearethe
Winter’smethodandSARIMA.Also,amethodusingNeuralNetworks isused.Moreover, three
methodsofAdaptive Network-based Fuzzy Inference System(ANFIS)withNeuralNetworks(ANFIS
NN)areusednamelyFuzzyC-Means(FCM),SubtractiveClustering,andGridPartitioning.These
methodsallowclassifyingtheinputdataintogroups.Eachoneofthegroupshassimilarproperties,
thathelpstounderstandthecorrelationbetweenthedataand,asaresult,tosimplifytheforecasting
process.Abriefdescriptionofeachonefollows.

First,theFCMalgorithmisusedwidelyinclusteringmethods.Itseparatesthedataintogroups
byoptimizinganobjectivefunction(Dunn,1973;Bezdek,1981).Inthiscase,thetouristarrivalstime
seriespresentsanon-linearity,whichmakestheclusteringprocessmoredifficult.Hence,phasespace
reconstructionisusedinordertounderstandtheunderlyingdynamicsofthistimeseries(MacQueen,
1967;Benmouizaetal.,2016).Second,theSubtractiveClusteringtechniqueisappliedwhenthere
isnotaclearideaaboutthenumberofcentersforthedistributionofdata.Subtractivemethodisan
extensionoftheclassificationmethodproposedbyYagerandFilev(1994).Inthisalgorithm,each
datapointisconsideredasaclustercentercandidate,andthenitcalculatesthepotentialofeachdata
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pointbymeasuringthedensityofpointsdatasurroundingit.Finally,inGridPartitioningmethod,the
inputdataspaceisdividedintorectangularsubspaceusinganaxis-paralleledpartition;eachinputis
partitionedintoidenticallyshapedmembershipfunctions.Thenumberofthefuzzyif-thenrulesis
equaltomn,wherenistheinputdimensionandmisthenumberofpartitionedfuzzysubsetsforeach
inputvariable.Thegridisconstructedwithouttakinganyphysicalmeaningordatadensityrepartition,
andeachpartofthegridisusedtogeneratefuzzyrulesbasedonsysteminput–outputtrainingdata,
whichallowsfastlearningprocessesandcalculationtimeoptimization.However,theperformance
ofthismethoddependsstronglyonthesizeoftheinputsandthegrid;generally,afinergridleads
tohighperformance.Moreinformationanddetailedsteps,aswellasthemathematicalformulation
oftheaboveprocedurescanbefound,amongothers,inWang(2004)andBenmouiza,etal.(2016).

Asmentionedbefore,acomparativestudybetweenthethreeabovementionedmethodsofANFIS
NNiscarriedout.Theaimoftheresearchistodeterminewhetherthesemethodsareequallyeffective
forthepredictionofthearrivalsatallprefecturesofCreteortheelementoflocalityisinvolved.

ReSULTS 

Initially, themethodofExponential Smoothing of Trend and Seasonality (Winter’s Method)was
applied.ThesmoothingparametersAlpha(α),Gamma(γ)andDelta(δ)whichaccountforLevel,
TrendandSeasonalityrespectively,wherecalculatedbytheSolverProgrammerofMicrosoftExcel
byminimizingtheMeanAbsoluteDeviation(MAD)accuracymeasure.Thestartingvalueswere
0.1foralltheparametersandtheoptimalvaluesobtainedbytheprogramareα=0.2,γ=0.18and
δ=0.22,foralltheprefectures.Themonthlyforecastsforthismethod,aswellastherealarrivalsof
year2012,arepresentedinTable1.

Figure 1. The time series scatterplot for each one of the four prefectures of Crete
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FromTable1,itcanbeseenthatWinter’smethodforecastsarecloseenoughtoactualdata,
almostforallprefectures,butinsomecases,therearedivergenciesfortherealarrivals.Therefore,
Winter’s method gives good results and could be considered successful, in general. This result
is consistent with the theoretical potential of the Winter’s model, which accounts for trend and
seasonalityinatimeseriesmodel.FromTable1itisalsoclearthat,despitethesimilarstructureof
thetimeseriesoftouristarrivalsatthefourprefectures,theforecastsoftouristarrivalsfortheLasithi
andChaniaarebetterthantheforecastsregardingprefecturesofHeraklionandRethymnon,forthe
year2012.Moreover,isapparentfrombothTable1andFig.2,thatforecastswithWinter’smethod
haveasignificantdivergencefromrealarrivalsinsummermonthsforthepreferencesofLasithiand
Rethymnon.InTable2ispresentedtheaccuracyassessmentmeasuresMeanAbsolutePercentage
Error(MAPE),RootMeanSquareError(RMSE)andMADoftheWinter’smethodforeachoneof
thefourprefecturesofCrete.

Table2showsthat,basedontheMAPEcriterion,theWinter’smethodgivesbetterpredictionsfor
theprefecturesofHeraklionandChania(i.e.themeanpercentageoferrorissmaller),andbasedonthe
MADandRMSEcriterion(i.e.inabsolutenumbersofarrivals),thismethodgivesbetterpredictions
fortheprefecturesofLasithiandRethymnon.Thus,theevaluationofthespecificmethod,basedon
twooutofthreeaccuracymeasuresshowssimilarresultsfortheprefecturesofCrete.

Table 1. Forecast of tourist arrivals in four prefectures of Crete for the year 2012 with Winter’s Method and real arrivals

Heraklion Lasithi Rethymnon Chania

Month Forecast Arrivals 2012 Forecast Arrivals 
2012

Forecast Arrivals 
2012

Forecast Arrivals 
2012

Jan/2012 9.898 8.198 2.314 1.364 2.277 2.719 7.014 5.081

Feb/2012 10.945 10.608 2.187 1.685 2.720 3.302 7.750 4.679

Mar/2012 17.363 17.680 3.225 1.787 5.112 3.400 13.310 7.708

Apr/2012 69.314 62.868 18.540 19.707 21.015 19.426 39.413 34.879

May/2012 142.921 144.840 41.885 56.318 51.883 48.117 90.072 85.358

Jun/2012 163.007 199.843 46.191 68.351 56.132 65.296 105.225 123.693

Jul/2012 186.484 237.323 53.603 77.713 65.939 78.811 124.679 130.561

Aug/2012 184.813 237.954 57.482 95.596 67.043 75.481 124.348 135.272

Sep/2012 143.992 192.701 41.657 74.689 53.897 62.952 91.819 102.888

Oct/2012 76.156 97.718 20.271 35.489 27.318 28.239 36.754 35.094

Nov/2012 11.096 10.508 1.797 1.744 2.773 2.550 7.799 5.994

Dec/2012 8.089 6.915 1.112 1.250 1.987 2.097 6.943 4.755

Table 2. The evaluation of Winter’s method based on accuracy assessment measures

Prefecture MAPE MAD RMSE

Heraklion 16 8879 13655

Lasithi 23 3377 5220

Rethymnon 29 3478 5084

Chania 15 4608 7945
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Because,theabovetimeserieshaveastrongseasonality,formoreaccurateforecasts,theMultiplier
ModelSARIMA(p,d,q)(P,D,Q)S,isalsoused,inordertopredictthetouristarrivalsinthefour
prefecturesofCrete.AfterseveralexperimentalSARIMAmodelsfromSARIMA(0,0,0)(0,0,0)12to
SARIMA(1,1,10)(1,1,10)12themodelSARIMA(0,1,1)(0,1,1)12waschosen,whichgavethe
bestforecasts.TheresultsoftheSARIMAforecastsarepresentedinTable3.

ResultspresentedinTable3showthatthemodelSARIMA(0,1,1)(0,1,1)12givesverygood
forecastsforallthefourprefecturesofCrete,especiallyforLasithi,RethymnonandChania.Forthe
prefectureofHeraklion,thereseemstobeaslightunderestimationmainlyinsummermonths,in
SeptemberandinOctober.TheRMSEmeasurefortheevaluationoftheSARIMAmodeltoallthe
prefecturesofCreteispresentedinTable4.

Table4showsthat,basedontheRMSEcriterion,theSARIMAmethodgivesbetterpredictions
fortheprefecturesofLasithiandRethymnonsincethevaluesoftheRMSEofthesetwoprefecturesare
smaller.TheRMSEvaluefortheHeraklionisthegreatestoneandalmostreachesthe10500arrivals.

A Comparative Study between winter’s, SARIMA and Neural Network Methods
Next,acomparativeassessmentwasmadeintheresultsoftimeseriesforecastsprovidedbyseasonal
modelsWinter,SARIMA,andthemodelwiththeuseofNeuralNetworks,forthetouristarrivalsin

Table 3. Forecast of tourist arrivals in four prefectures of Crete for the year 2012 with SARIMA Model and real arrivals

Heraklion Lasithi Rethymnon Chania

Month Forecast Arrivals 2012 Forecast Arrivals 
2012

Forecast Arrivals 
2012

Forecast Arrivals 
2012

Jan/2012 9.893 8.198 2.722 1.364 2.761 2.719 4.408 5.081

Feb/2012 13.404 10.608 3.315 1.685 2.806 3.302 4.566 4.679

Mar/2012 15.495 17.680 3.276 1.787 6.299 3.400 8.860 7.708

Apr/2012 59.978 62.868 21.135 19.707 20.176 19.426 31.558 34.879

May/2012 145.275 144.840 56.460 56.318 56.468 48.117 83.781 85.358

Jun/2012 185.637 199.843 67.041 68.351 67.042 65.296 106.508 123.693

Jul/2012 218.596 237.323 80.711 77.713 83.666 78.811 135.732 130.561

Aug/2012 221.002 237.954 89.689 95.596 81.806 75.481 136.105 135.272

Sep/2012 173.953 192.701 69.832 74.689 65.815 62.952 106.672 102.888

Oct/2012 87.958 97.718 35.254 35.489 32.841 28.239 37.231 35.094

Nov/2012 9.962 10.508 1.955 1.744 3.070 2.550 4.398 5.994

Dec/2012 8.024 6.915 1.580 1.250 2.392 2.097 4.267 4.755

Table 4. The evaluation of SARIMA model based on Root Mean Square Error

Prefecture RMSE

Heraklion 10456

Lasithi 2552

Rethymnon 3822

Chania 5475
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eachoneofthefourprefecturesofCrete.Inthestudy,aFeed-ForwardMultilayerNeuralNetwork
isused,withthebackpropagationalgorithm.Morespecific,theNeuralNetworkusedintheanalysis
hastwoneuronstotheinputlayer,10neuronstothehidelayerandoneneurontotheoutputlayer.
ThesimulationoftheNeuralNetworkhasmadeviaNeuralNetworksToolboxofMATLAB2016.
Thecomparativegraphsthatwereproducedshowthecurvesofboththeactualdataofthearrivals
oftheyear2012andthecorrespondingforecasts,usingtheabove-mentionedmodels,forthefour
prefecturesofCrete.The comparison ismade for eachmonthof theyear2012.Thegraphs are
presentedinFigure2.

FromFigure2, it canbe seen that theSARIMAmodelovertakes theWintermodel in
forecastingarrivalsoftouristsinthePrefecturesofHeraklion,LasithiandRethymnon.Inthe
PrefectureofChania,theforecastsofthearrivalsbyWinterandSARIMAmodelsarevery
close(althoughWinter’smethodseemstogiveaslightbetterforecasts)andbothmodelscan
beconsideredtopredictwithgreatprecisiontherealarrivalsofthetouristsinthespecific
prefecture.Moreover,theSARIMAmodelforthePrefecturesofRethymnoandChaniaseems
tobebetter,comparedtotheneuralnetwork,whiletheneuralnetworkgivesabetterprediction
forthePrefecturesofHeraklionandLasithi.Finally,itisconcludedthattheSARIMAmodel
hasaclearleadovertheWintermodel,inmostcases,inpredictingtouristarrivals,inthefour
prefecturesofCrete,whiletheSARIMAandneuralnetworkmodelsappeartobeequivalent,as
resultsfromthisstudy.Moreover,theaccuracymeasureofRMSEfortheNNmodel,presented
inTable5,verifiesthatthesetwomodelsseemtohavesimilarresults.Theerrorsmadefor
theprefecturesofLasithiandRethymnonaresmaller thanthecorrespondingerrorsfor the
othertwoprefecturesofCrete.

Figure 2. The predictions of the arrivals of tourists, in each one of the prefectures of Crete, by the time series (Winter and SARIMA) 
and the Neural Network models
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A Comparative Study Between The Three ANFIS ΝΝ Methods
The first evaluationof the threeANFISNNmethods, as theydescribedanalytically in research
methodologysessionwascarriedoutforthePrefectureofHeraklion.Theresultsarepresentedin
thefollowingFigure3.

Figure3showsthatANFISNNwithGridPartitioningmethodgivestheworstforecastofthe
touristarrivals.InspiteofthefactthatfromJanuarytoJulythereseemstobenodifferencebetween
thethreemethodsandtherealarrivals,forthemonthsafterAugust,thedivergenceofthepredictions
ofGridPartitioningfromboththerealarrivalsandtheothertwoANFISmethodsissignificanthigh.
Thus, themethodofGridPartitioningisnotusedfortheotherthreeprefecturesofCreteforthe
predictionoftouristarrivals,inorderfortheresultstobecomparable.Figure4presentstheforecast
oftouristarrivalsfortheotherprefecturesofCrete(Lasithi,Rethymnon,Chania),withSubtractive
ClusteringandFCMmethods,togetherwiththeactualarrivalsfortheyear2012.

Figures3and4presentthefullpictureofANFISNN.Fromthespecificgraphsitisobvious
thatthetwoANFISnetworkmethods(SubtractiveClusteringandFCM)givethebestresults,i.e.its
forecastsareveryclosetotherealarrivalsoftouristsatyear2012,fortheprefectureofHeraklion.
Moreover,comparingtheprefecturesofRethymnonandChania(Figure4),theforecastlinesseemto
havethesamepattern,i.e.thethreelinesarealmostthesameinallmonths,exceptMayandJuly.In
May,theSubtractiveClusteringoverestimatesthearrivalsandFCMunderestimatesthem,whereas

Table 5. The evaluation of Neural Network model based on Root Mean Square Error

Prefecture RMSE

Heraklion 8125

Lasithi 3955

Rethymnon 3526

Chania 4724

Figure 3. The predictions of the arrivals of tourists, in Prefecture of Heraklion, by each one of the ANFIS NN models
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inJulyseemstohappentheopposite.InLasithi,thetwomethodsofANFISNNmodelsgavealmost
thesameresults,andbothseemtounderestimatetherealarrivalsfromApriltoAugust.However,
comparingtheseresultsofSubtractiveClustering(ANFIS)withthecorrespondingoneswiththe
methodofBackpropagationNeuralNetwork(Figure2),BackpropagationΝΝ,seemstobebetterin
thepredictionoftouristarrivalsinalltheprefecturesofCrete.

Finally,Figure5presentsthecomparisonofthethreeANFISNNmodelswithSARIMAmodel
foreachoneofthefourpreferencesofCrete.

Figure5showsthatfortheprefectureofHerakliontheANFISNNmodelshavesimilarforecasts
withSARIMAmodelandbothareextremelyclosetotherealarrivals.Ontheotherhand,forthe
otherthreeprefectures,SARIMAmodelseemstohavemuchbetterforecaststhanthetwoANFIS
NNmodels.TheRMSEcriterionfortheevaluationofthetwoANFISNNmethods,forallofthe
prefecturesofCrete,ispresentedinTable6.

Figure 4. The predictions of the arrivals of tourists, in Prefectures of Lasithi, Rethymno and Chania, by each one of the ANFIS 
NN models: Subtractive Clustering and FCM



International Journal of Operations Research and Information Systems
Volume 12 • Issue 1 • January-March 2021

68

Table6showsthatRethymnonhasthesmallestandtheHeraklionthelargestRMSEamongthe
threeprefecturesofCretewithbothANFISNNmethods.Moreover,regardingtheevaluationofthe
specificmethodsFCMseemstohavesmallererrorsthanSubtractiveClusteringevenifinRethymnon
andChaniathevaluesarealmostequal.

CONCLUSION

Tourism is at the forefrontofglobaldevelopmentpolicy, and especiallyof theGreek economy.
Greecehasthecomparativeadvantageofbothnaturalandculturalwealth,whicharecombinedwith
itstraditionofhospitality.Moreover,thereismultipleinterconnectionoftourismwithmanyother
sectorsofthenationaleconomy.Crete’stourism,inparticular,makesasignificantcontributionto
theGreektouristindustry,asCreteisapopulartouristdestinationwithanannuallyincreasingtourist

Figure 5. The prediction of the arrivals of tourists by the two ANFIS NN and the SARIMA model for each one of the four prefectures 
of Crete

Table 6. The evaluation of ANFIS NN models based on Root Mean Square Error

RMSE

Prefecture Subtractive Clustering FCM

Heraklion 23453 18056

Lasithi 17534 15273

Rethymnon 7722 7670

Chania 13799 13519
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arrivalsfromplaces,almostallaroundtheworld.Optimalforecastsoftouristarrivalsinacountryor
initsparticulargeographicalareacaneffectivelyhelpbusinessexecutives,investorsandgovernment
officialsinordertomakeoperational,tacticalandstrategicdecisionsonthedesignoftourismpolicy.

Inthepresentstudy,avarietyofstatisticalquantitativeforecastingmodelswereappliedinorder
toanalyzethechronologicalseriesofinternationaltouristarrivalsofthefourprefecturesofCrete
(i.e.Heraklion,Lasithi,RethymnoandChania),duringtheperiod1993–2011.Themainpurpose
wastopredictthearrivalsfortheyear2012intheaforementionedprefecturesandtocomparethem
with the real arrivals. In addition, different techniquesof the areaof artificial intelligencewere
used, togetherwithmethodsbasedonfuzzylogic, inorder todeterminetowhatextentall these
methodscangivesatisfactorypredictions,bothincomparisonwitheachotherandalsoamongthe
fourprefecturesofCrete.

Initially,theWinter’smethodwasused,inordertopredictthetouristarrivals.Theresultsshowed
thatthereweresignificantdivergencesoftheforecastsmadewiththismethod,withthecorresponding
actualarrivals.Thesmallestdeviationsarepresentedfor the timeseriesregardingprefecturesof
HeraklionandChania.Thegreatestdeviationofthearrivals,thatthismethodgave,appearedtothe
prefectureofLasithiandespeciallyduringthesummermonths.FortheHeraklion,thenumberof
thearrivalsatthesummeroftheyear2012arehigher,thanthecorrespondingforecasts.Thisshows
thatWinter’smethodunderestimatedthesummerarrivalsofthetouristsinHeraklionandLasithi.

Atthenextstage,SARIMAmodelswereusedforthepredictionoftouristarrivals.Thesemodels
havebetterpredictionresults,thantheWinter’smodel,ingeneral.Theirmaindisadvantageisthat
theyuseseveralparametersandmoreover,theseparametersarenotknowninadvance.Thus,forsafe
predictions,manyexperimentaltrialshavetobemade,inordertocalculatethoseparameters,and
thisisatime-consumingprocedure.FromtheresultsobtainedfromtheapplicationoftheSARIMA
models,andcomparedtothecorrespondingresultsoftheWintermethod,someonecanconclude
thatthemodelSARIMA(0,1,1)(0,1,1)12prevailstheWinter’smodelintheforecastoftouristarrivals
inHeraklion,LasithiandRethymnon,i.e.inthreeoutoffourCretePerfectures.Onthecontrary,
theWinter’smodelhasaslightadvantageoverthemodelSARIMA(0,1,1)(0,1,1)12inforecasting
ofthearrivalsinthePrefectureofChania.Finally,itisconcludedthatthemodelSARIMA(0,1,1)
(0,1,1)12seemstobebetterthantheWinter’smodel,inthemajorityofthetouristarrivalsinthefour
prefecturesofCrete.

Inadditiontostatisticaltimeseriespredictionmodels,neuralnetworkmodelswerealsoused,
inordertopredicttouristarrivals.Theinnovationofneuralnetworksmodelsliesintheirabilityto
modelnonlinearrelationshipsbetweenvariableswithoutthenecessitytoknowexactlythenatureof
theprocesstheyrepresent.Artificialneuralnetworksarenotboundbyanykindoflimitinghypotheses,
asinotherpredictivetechniques,andthereforenotestsarerequiredtoformulatehypotheses.The
comparative analysis between theSARIMAmodel and theNeuralNetwork model, showed that
theSARIMAmodelgavebetterforecastsfortheprefecturesofRethymnoandChania,whereasthe
NeuralNetworkmodelgaveslightlybetterforecastsfortheHeraklionandLasithi.Therefore,these
twomodelsseemtobeequivalent,atleastasarisesfromthepresentstudy.Finally,inadditiontothe
aforementionedmethods,neuralnetworkmethodswithfuzzylogictheory(ANFISNN)wereused
topredicttouristarrivals.Acomparativeanalysiswasperformedbetweenthreesuchmodels,named
FCM,SubtractiveClusteringandGridPartitioning.TheanalysisshowedthatFCMandSubtractive
ClusteringmethodscanpredictverywellthetouristarrivalsandgivesimilarresultswithSARIMA
models.

Finally,thesurveyresultsareverysatisfactoryandconsistentwiththeconclusionsdrawnfrom
similarempiricalstudiesoftheinternationalliterature.Therefore,itisalsoconfirmedinthecase
ofCrete,asapopulartouristdestination,thatthereisnouniversalmethodforforecastingtourist
demand.Tourismisadynamicphenomenonthatiscontinuouslyevolvingandinfluencedbymany
differentfactors,whichcanalsobechanged,inturn,withthechangesinsociety.Forthisreason,
forecastingmethodsshouldalsobeupdatedandevolved,inordertoprovidesaferconclusions,as
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faraspossible.Forecastingnotwithone,butwithmanydifferentmethodswillbeasafeway,of
estimatingforecastsoftouristarrivals.

Futureresearchcouldfocusonmoremodernmethods,regardingbothtimeseriesandartificial
intelligencemethods.Thesemethodscanbeappliednotonlytothepredictionoftouristarrivalsbut
alsoinmanyotherfieldsofthesciences,asforexample,topredictarrivalsattheemergencerooms.
Aladeemyetal.(2016)usedARIMAmodelsinordertopredictthosearrivalsandtheresultsare
veryinteresting.Vector Autoregressions Models(VAR models),forexample,couldbeusedinorderto
analyzebothtouristandpatientarrivalsviatimeseriesmodels(Song&Witt,2006;Diebold,2007;
Song&Li,2008).ThesemodelsareanextensionoftheunivariateautoregressivemodelsAR(p)
andaremainlyusedtodayintheplaceofeconometricmodelsofequationsystems.VARmodels
havebeenproventobemoreeffectiveandsuccessfulinpredictinginterconnectedsystems,onone
hand,andeasierandfastertouse,ontheother(Diebold,2007).Also,acombinationofANNand
classicmethodscouldbeused,suchastheSARIMABPhybridmodel,whichisacombinationofthe
SARIMAmodelandaBackpropagationNetworkmodel,proposedbyTsengetal.(2002).Finally,
Box-JenkinsARMA/ARIMAmodelscouldbecombinedwithHolt’sexponentialsmoothingmodel,
usingafuzzymodelasnonlinear forecasts combiner(Palit&Popovic,2005).
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