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ABSTRACT

Inagriculture,cropyieldprediction iscritical.Cropyielddependsonvariousfeatures including
geographic, climate and biological. This research article discusses five Feature Selection (FS)
algorithmsnamelySequentialForwardFS,SequentialBackwardEliminationFS,Correlationbased
FS,RandomForestVariable Importanceand theVariance InflationFactoralgorithmfor feature
selection.Datausedfor theanalysiswasdrawnfromsecondarysourcesof theTamilNadustate
AgricultureDepartmentforaperiodof30years.75%ofdatawasusedfortrainingand25%data
wasusedfortesting.TheperformanceofthefeatureselectionalgorithmsareevaluatedbyMultiple
LinearRegression.RMSE,MAE,RandRRMSEmetricsarecalculatedfor thefeatureselection
algorithms.TheadjustedR2wasusedtofindtheoptimumfeaturesubset.Also,thetimecomplexity
ofthealgorithmswasconsideredforthecomputation.TheselectedfeaturesareappliedtoMultilinear
regression,ArtificialNeuralNetworkandM5Prime.MLRgives85%ofaccuracybyusingthefeatures
whichareselectedbySFFSalgorithm.

KEYwORdS
Artificial Neural Network, Feature Selection Algorithm, M5Prime, Model Validation, Multiple Linear Regression, 
Performance Metrics

1. INTROdUCTION & RELATEd wORK

Dataminingisaprocessofdiscoveringpreviouslyunknownandpotentiallyinterestingpatternsinlarge
datasets(Frawleyetal.,1991).Thedataminingprocessincludesfixingtheproblem,understanding
thedata,preparingthedata,applyingtherighttechniquestobuildthemodels,interpretingtheresults
andusethedataintoaction.Now-a-days,intelligentdataminingandknowledgediscoverybyartificial
neuralnetworkandfeatureselectionalgorithmshavebecometheimportantrevolutionaryconceptsin
predictionandmodelling(Roddicketal.,2001,Schuizeetal.,2005).Datasetmaycontainredundant
informationthatdoesnotdirectlyimpactthepredictions,anditmaycontainhighlycorrelatedattributes.
Thedatasetsaretypicallynotgaininganynewinformationbyincludingalltheattributes.Indata
mining,featureselectionalgorithmsareusefulforidentifyingirrelevantattributestobeexcluded
fromthedataset(Cheetal.,2017,Kotuetal.,2015).Featureselectioninpredictiveanalyticsrefers
totheprocessofidentifyingfewmostimportantfeaturesorattributesthatareessentialinbuildinga
modelforanaccurateprediction.Efficientpredictivemodelscanimprovethequalityofthedecision
making.Featureselectionoptimizes theperformanceof thedataminingalgorithmandmakes it
easierfortheanalysttointerprettheoutcomeofthemodeling.Thisprocedurecanreducenotonly
thecostofrecognitionbyreducingthenumberoffeaturestobecollected,butinsomecasesitcan
alsoprovideabetterclassificationofpredictionaccuracyduetofinitesamplesizeeffects(Jainet
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al.,1982).Thisstrategyaimsatfurtherreducingthenumberoffeatures.Addingfeatureselectionto
theanalyticalprocesshasseveralbenefits:itsimplifiesandnarrowsdownthescopeofthefeatures
thatareessentialinbuildingapredictivemodel,tominimizethecomputationaltimeandmemory
requirementsusingthefeatureselectionalgorithms(PalandFoody,2010).Thefocuscanbedirected
toasubsetofpredictorswhichareveryessential.

Researchersworkwithdifferentfeatureselectionmodelstooptimizetheirdatasets.Automated
featureselectionforeveryalgorithmwiththeconventionalapproachofstepwiseregressionforfeature
selection(Alvarez,2009).Gonzalez-Sanchezetal.(2014),performedanexhaustivesearchofthe
feature selectionalgorithms.H.Liuet al. (1996)proposedaconsistencybased feature selection
mechanismtoevaluatetheworthofasubsetoftheattributesbythelevelofconsistencyintheclass
valueswhen the training instances are projectedonto the subset of attributes. In thismodel the
consistencyofanysubsetcanneverbelowerthanthatofthefullsetofattributes.M.Hall(1999)
proposedacorrelationbasedapproachtofeatureselectionindifferentdatasetsanddemonstrated
howitcanbeappliedtobothclassificationandregressionproblemsformachinelearning.Karimi
et al. (2013) presented a hybrid feature selection methods by combining symmetric uncertainty
measureandgainmeasure.Bothmeasuresforeachfeature-classcorrelationwerecalculatedfirst
andthenrankfeatureaccordingtoaveragescorevalue.Highrankedfeaturegreaterthanathreshold
valueswasselected.TheyevaluatedtheirsystemusingknowledgediscoverydatadatasetandNaïve
Bayesalgorithm.Correlationbasedmethod,GainRatiomethodandInformationGainmethodwere
usedbyChaudharyetal.(2013)andpresentedtheperformanceevaluationofthreefeatureselection
methodswithoptimizedNaïveBayesisperformedonmobiledevice.Zhangetal.(2005)performed
aprincipalcomponentsanalysistotransformdataandusedstepwisefeatureselectionformultiple
linearregression(MLR).Inmostexperimentsconducted,researcherscollectdatathataresupposedly
relatedtothephenomenonofinterest,givenresourceand/ortimeconstraintsonthecollectionand
analysisofdata.Theorientedcollectionofdatameansthatthesekindsofdatasetshaveonlypre-
approvedfeatures.Featureselectioncanenhancemodelqualitybydiscardingunwantedfeaturesor
simplydecreasingthemodelandcomputationalcomplexitybykeepingthemostimportantfeatures
withanexample(Rußetal.,2010).

Themajorresearchonagriculturalmanagementisthedevelopmentofcosteffectivemethods
forpredictingthecropyieldwiththeavailableparameterslikeirrigationdetails,fertiliserdetailsand
temperature(Boccaetal.,2016;ZeynepÖzcanetal.,2017).Inrecentyears,thedataanalystsare
workingtowardsdevelopingpredictivemodelsintheformofexpertsystemstoimproviseagricultural
yield,consideringtheenvironmentalfeatures,soilquality,irrigationandlandusage(Aggarwal,1995;
Bagleyetal.,2012;Dewitetal.,1987;Safaetal.,2015;PatricioGrassiniaetal.,2015).Thecrop
yieldisclassifiedintolongterm(yearsahead),mediumterm(monthstoyearsahead)andshortterm
(weekstomonthsahead).Longtermpaddycropisfocusesonthisreserachwork.Recentresearch
focusedonapplyingthemachinelearninganddataminingtechniquestopredicttheyield(Majumdar
et al., 2017).Several researchersused regressionmodels for cropyieldprediction to analyse its
applicablitywithothermodels(Zhangetal.,2005;Jietal.,2007;Alvarezetal.,2009;Gonzalez-
Sanchezetal.,2014;Matsumuraetal.,2014).Researcherscomparedtheclassicalstatisticalmodels
againstArtificialNeuralNetworks,regressiontreesandsupportvectorregressionforbettercropyield
models(Drummondetal.,2003;Fortinetal.,2011;Ruß,2010;Felipeetal.,2016).

Theaimofthisresearchworkistoidentifyimportantpaddyfieldconditions(features)using
featureselectionalgorithmsforprovidingacomprehensiveviewaboutpaddycropyield.Understanding
theimportanceoffeaturesamongalargedatasetoffeaturescanplayakeyroleinimprovingtheyield
underfieldconditions.Ourstudyinvestigatesthebehaviouroffivefeatureselectionalgorithmswith
sixteenfeaturesandtheoutcomeisgivenasinputtomultiplelinearregressionmodel,artificalneural
networkandM5Primetofindtheaccuracy.
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2. dATA SOURCE

ThecumulativeagriculturalrelateddataofthirtyyearsiscollectedfromtheStatisticalDepartment,
MeteorologicalDepartmentandAgriculturalDepartment.Thestatisticaldatawithlandcoverarea
forthestudyarea(TamilnaduState,India)hasbeengatheredfromtheDepartmentofEconomics
andStatistics,GovernmentofTamilNadu.ThelatitudeofTamilNadu,Indiais11.127123,andthe
longitudeis78.656891.TamilNaduislocatedinIndiaintheStatesplacecategorywiththeGPS
coordinatesof11°7’37.6428’’Nand78°39’24.8076’’E.TamilNadu,Indiaelevationis138meters
heightthatareequalto453feet.Thestatisticaldataalongwiththeagriculturalproductiondataand
weatherdataarethetwosetsofdatacollectedforthiswork.Theregulardatacollectedareusedas
suchfromthedepartments.Inordertoachieveaccurateprediction,thedataarenormalizedbetween0
and1.Sincethedatasetismultidimensionalandtherangeofthevalueislarge.Thenormaliseddata
arecombinedintoasingledataset,runthroughfeatureselectionalgorithmsandpredictivemodel.
Itprovidespredictivevalueforpaddycropyieldintheparticulararea.Theanalyzingareahasan
averageclimate.Theagriculturalproductiondatacontainsplantingarea,irrigationarea,fertilizer
usageandirrigationdetails.Theweatherdatasetcomprisesclimatologicalfeaturesincludingrainfall,
maximumandminimum temperatures and solar radiation.Each instanceof thedataset contains
thedetailsaboutthecropwithacultivatedarea,annualproductionandweatherfeaturesmonitored
duringtheyear.Asaresult,745instanceswith16featuresincludingareaofcultivation(hectare),
canallength(m),tanks(nos.),tubewells(nos.),openwells(nos.),production(tons),rainfall(mm),
maximumtemperature(°C),minimumtemperature(°C),averagetemperature(°C),solarradiation
(W/m2),seedquantity(kg),nitrogen,phosphorusandpotassiumappliedtothesoil(kg)andyield
(ton/hectare)aredocumentedfor30yearsupto2017.Thefeaturetype,datatypeandfeaturecategory
are listed inTable1.An identification (ID) isgiven foreach featurealongwith thedescription.
Beforeapplyingthefeatureselectionalgorithmthedatasetispre-processedforidentificationand
understandingoffeatures,missingvaluestreatmentandoutliertreatment.Thequalityofdatawill
decidethequalityoftheoutput.

3. dATA PRE-PROCESSING

Beforeapplyingthedataintothefeatureselectionalgorithms,theyarepre-processedforfillingthe
missingvalues,outlierdetectionanddatatransformation.Missingvalueistreatedbyusingalearning
algorithm,missForestalgorithm.TheBoxplotandtheHistogramgraphicaltoolsareusedinchecking
thenormalityassumptionandidentifyingpotentialoutliers.Inthiswork,valuesbelowQ1–1.5IQR
oraboveQ3+1.5IQRistreatedasanOutlierbytheIQR(InterQuartileRange)Rule.Inthiswork,
transformthedatawithinaspecificrangeusingVin[min,max]toV’in[0,1],byapplyingV’=
(V-Min)/(Max-Min).

4. MOdELS ANd METHOdS

4.1. Feature Selection and Evaluation
Machinelearningisacomputationallearningapproachthatfocusesonpredictionfromstatisticaldata.
Featureselectionalgorithmisappliedtorecognizeimportantfeatureswhicharestrongcorrelation
withcropyield.Thisbecomesevenmoreimportantwhenthenumberoffeaturesareverylarge.The
algorithmscanbeassistedbyfeedinginonlythosefeaturesthatarerelevant.Featuresubsetsgive
betterresultsthancompletesetoffeatureforthesamealgorithmwithlesscomputationaltime.Major
reasonstousefeatureselectionarethat itenablesthemachinelearningalgorithmtotrainfaster,
reducesthecomplexityofamodelandmakesiteasiertointerpret.Italsoimprovestheaccuracy
ofamodeliftherightsubsetischosenandreducesoverfitting.Theexecutiontimeofaparticular
algorithmisofmuchlessimportancethanitsultimateclassificationperformanceforamoderatesize
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featuresets.Butforsomerecentapplicationshavefocusedonperformingfeatureselectionondata
setswithhundredsoffeatures.Insuchcases,executiontimebecomesextremelyimportantasitmay
beimpracticaltorunsomealgorithmsevenonceonsuchlargedatasets.Inthiscase,featureselection
playsanimportantrole.Differentstatisticalmethodscanbeusedinthefeatureselectionsuchasfilters,
wrapperandembeddedmethods.Thefilterapproachisapreprocessingstepand,itdoesnotconsider
theeffectsofaselectedfeaturesubsetontheperformanceofthealgorithm.Wrappermethodsevaluate
asubsetoffeaturesaccordingtoaccuracyofagivenpredictor.Embeddedmethodsperformvariable
selectionduringtheprocessoftrainingandaregenerallyspecifictogivenalgorithms.Sequential
ForwardFeatureSelection(SFFS)algorithm&SequentialBackwardEliminationFeatureSelection
(SBEFS)algorithmarewrappermethods,CorrelationbasedFeatureSelection(CBFS)algorithm&
VarianceInflationFactor(VIF)algorithmarefiltermethodsandRandomForestVariableImportance
(RFVarImp)algorithmisembeddedmethod.CBFSselectsthebestfeaturesubsetwhichishighly
correlatedwiththeproduction.VIFchecksthemulticollinearitybetweenindependentfeatures.So
itremovesallmulticollinearindependentfeatures.RandomforestVarImpselectsmostimportant
featuresbasedoninformationgainedbyindividualfeatures.SFFSandSBFSselectsbestfeatureand
thenselectsthebestincludingthebestone.Alltheabovementionedfivefeatureselectionalgorithms
wereusedforselectingthefeaturesinthisresearchwork.

4.1.1. Sequencial Forward Feature Selection Algorithm
Forwardfeatureselectionisaniterativemethodthatstartswithnullfeaturesetand,foreachstep,
thebestfeaturethatsatisfiessomecriterionfunctionisincludedwiththecurrentfeatureset,i.e.,one
stepofthesequentialforwardselectionisperformed.Thealgorithmalsoverifiesthepossibilityof
improvementofthecriterionifsomefeatureisexcluded.Inthiscase,theworstfeatureasperthe
criterioniseliminatedfromtheset,i.e.,itperformsonestepofsequentialbackwardselection.SFFS
proceedsdynamicallyincreasinganddecreasingthenumberoffeaturesuntilthedesired“n”features

Table 1. Structure of the data set

Feature 
ID

Feature 
type

Data type Feature 
category

Description

CL Predictor Integer Continuous Canallengthusedforirrigationinmeter

TK Predictor Integer Continuous Totalnumberoftanksusedforirrigation

TW Predictor Integer Continuous Totalnumberoftubewellsusedforirrigation

OW Predictor Integer Continuous Totalnumberofopenwellsusedforirrigation

AH Predictor Integer Continuous Totallandareausedforcultivationinhectare

NF Predictor Numeric Continuous Totalamountofnitrogenusedforcultivationfortheyear

PF Predictor Numeric Continuous Totalamountofphosphateusedforcultivationfortheyear

KF Predictor Numeric Continuous Totalamountofpotashusedforcultivationfortheyear

SD Predictor Numeric Continuous Totalquantityofseedusedforcultivationinkg

RainF Predictor Numeric Continuous Averagerainfallfortheyearinmm

AT Predictor Numeric Continuous Averagedailymeantemperatureregisteredfortheyear

TMin Predictor Numeric Continuous Averageofdailyminimaltemperatureregisteredfortheyear

Tmax Predictor Numeric Continuous Averageofdailymaximumtemperatureregisteredfortheyear

SR Predictor Numeric Continuous Averageofaccumulateddailyradiationintheyear

PD Target/
response

Integer Continuous Totalproductionoftheyearinton
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arereached.TheSFFSalgorithmisbasedonAkaikeInformationCriterion(AIC)valueforfeature
selection.ThetimecomplexityofthealgorithmisO(n)forSFFS(Kolleretal.1996).Thisalgorithm
selectstheAH,CL,TK,OWandTmaxfeatures.Theselectionprocedureisgiveninresultsection.

4.1.2. Sequencial Backward Elimination Feature Selection Algorithm
SBEFSinvolvesstartingwithallcandidatefeatures,testingthedeletionofeachfeatureusingachosen
modelfitcriterion,deletingandrepeatingthisprocessuntilnofurtherfeaturescanbedeletedwithout
astatisticallysignificantlossoffit.Thebackwardsearchstartingwiththeentirefeaturesetofsize
“m”andperformthesearchuntilthedesiredfeatures“n”arereached.SFBSisbasedontheAIC
valueforfeatureselectionandthetimecomplexityisO(n).Thebackwardsearchmethodrequires
morecomputationthanforwardselectionprocess(Kolleretal.1996).ThisalgorithmselectstheAH,
CL,TK,OWandTmaxfeatures.Theselectionprocedureisgiveninresultsection.

4.1.3. Correlation Based Feature Selection Algorithm
CBFSranksfeaturesubsetsaccordingtoacorrelationbasedheuristicevaluationfunction.Thebias
oftheevaluationfunctionistowardssubsetsthatcontainfeatureswhichhavehighcorrelationwith
theclassanduncorrelatedwitheachother.Irrelevantfeaturesshouldbeignoredbecausetheywill
havelowcorrelationwiththeclass.Redundantfeaturesshouldbescreenedoutastheywillhavehigh
correlationwithoneormoreoftheremainingfeatures.Theacceptanceofafeaturewilldependon
theextenttowhichitpredictsclassesinareasthatarenotalreadypredictedbyotherfeatures.The

CBFSiscalculatedbyusingmerit
Kr

K K K rs
cf

ff

�
� �( )

,
1

whereKisthenumberoffeaturesin

subset, rcf istheaveragecorrelationbetweeneachfeatureinSandoutputvariableC, rff isthe
averagefeaturetofeaturepairwisecorrelationbetweenthefeaturesinS.

The bias of the evaluation function is towards subsets that contain features that are highly
correlatedwiththeclassanduncorrelatedwitheachother.Irrelevantfeaturesshouldbeignoredbecause
theywillhavelesscorrelationwiththeclass.Redundantfeaturesshouldbescreenedoutastheywill
behighlycorrelatedwithoneormoreoftheremainingfeatures.Itrequiresm((n2−n)/2)operationsfor
computingthepairwisefeaturecorrelationmatrix,wheremisthenumberofinstancesandnisthe
initialnumberoffeatures.ThetimecomplexityoftheCBFSmethodisO(2n),wherenisthenumber
offeatures(LYuetal.2003).ThisalgorithmselectsAH,CL,TK,AT,Tmax,SD,NF,PFandKF.

4.1.4. Variance Inflation Factor
TheVarianceInflationFactorquantifiestheseverityofmulti-co-linearityinanordinaryleastsquares
regressionanalysis.Itprovidesanindexthatmeasureshowmuchthevariance(thesquareofthe
estimate’s standarddeviation)of an estimated regression coefficient is increasedbecauseof co-
linearity.VIFmethodisusedtoremovecorrelatedindependantfeatures.Itisextremelyfastandit
usesaone-passsearchoverthepredictors.Itisacomputationallyefficientmethodoftestingeach
potentialpredictorforadditiontothemodel.VIFregressionprovablyavoidsmodelover-fitting.VIF

iscalculatedbyusingtheformulaVIF
Ri

�
�
1

1 2
.ThetimecomplexityisO(n2)(Linetal.2011),

wherenisthenumberoffeatures.ThisalgorithmselectsAH,CL,TK,TW,OW,RainF,AT,Tmin,
TmaxandSRfeatures.

4.1.5. Random Forest Variable Importance
Randomforestsorrandomdecisionforestsareanensemblelearningmethodforclassificationand
regression.Theseoperatebyconstructingamultitudeofdecisiontreesattrainingtimeandoutputting
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theclassi.e.,themodeoftheclassesormeanpredictionoftheindividualtrees.Randomforestsuse
amodifiedtreelearningalgorithmthatselects,arandomsubsetofthefeatures,ateachcandidate
splitinthelearningprocess.ThetimecomplexityofrandomforestisO(n*mlog(m)),wheremis
thenumberofinstancesandnisthenumberoffeatures(Wittenetal.2006).Thisalgorithmselects
thefeaturesAH,TK,OW,NF,PF,KFandSD.

4.2. Multiple Linear Regression Model
MultipleLinearRegression(MLR)isoneofthestatisticalmodelthatspecifieshowonesetoffeatures,
calleddependentfeatures,functionallydependonanothersetoffeatures,calledindependentfeatures.
Ithasbeenappliedmostfrequentlyforcropyieldpredictionbecauseproduction(yield)isnormally
dependent on number of parameters such as production area, irrigation,fertilizers, and weather
parameters.Hereproduction(yield)isthedependentfeatureandotherparametersareindependent
features.

MLRmodelisdescripedby

Y x x xi i i i ik i� � � � � � �� � � � � �0 1 1 2 2 3 3 ... 

wherekisthenumberoffeaturexijistheithobservationofthefeaturexj,β1,β2,β3,…βkarethe
regressioncoefficientsandεiaretheerrortermorresiduals.Theaboveequationcanbewritternas
Y X� �� � � .

4.2.1. MLR Model for Crop yield Prediction
Theregressionequationdefinesthegivenregressionmodelwithsixindependentvariables.HerePD
isthedependentfeatureandAH,OW,Tmax,TKandCLaretheindependentfeatures.Theslopeof
variablesindicatesthat,foragivenvalueoftheparticularvariableestimatetodecreaseorincrease
ofpredictedvalue.

PD AH OW T TK CL� � � � � �0 005 0 961 0 117 0 049 0 078 0 046. . . . max . . 

The scatter plot shown in figure 1 gives the linear relationship between two variables, the
maximumtemperatureandproductionofcrop.Theincreasingtrendinthescatterplotindicatesthat
thevariableshaveapositiveassociation.

Figure2showsthefrequencydistributionofthefeatureisbasedonasmoothcurve.Thehorizontal
axisfromlefttorightindicatesthedifferentpossiblevaluesofmaximumtemperature.Thevertical
axisfrombottomtotopmeasuresthefrequencyofhowmanytimesaparticularvalueoccurs.Highest
valueforfrequencywillbeatthetopofthecurveandlowestonbothextremes.

4.3. M5 Prime
M5Primeisoneof theregression treemodelwhich isused incropyieldprediction(Gonzalez-
Sanchezetal.2014).ThetreeconstructionmethodofM5PrimeissimilartoCART(Classification
andRegressionTree)buttheregressiontreesaremuchsmallerthenCART.TheM5Prime(M5P)
regressiontreesplitsthesamples’spacerecursivelyuntilregionsaresmallenoughtorepresentedby
asimplemodel(Quinlan,1992).InM5Prime,standarddeviationisusedaserrorcriterion.

Error X
X

X
Xi

i
i

= −∑σ σ( ) ( ) σ σX
Xi

X
Xi

i

( )− ( )∑  
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Where σ isstandarddeviationandiisthenumberofsubregionsofaregionwhoseinstances
aredenotedbyX.Afterallpossiblesplits,M5Pselectstheonewithminimumerror.M5Phassome
salientfeaturesthanCARTsuchasitcanhandlelinearmodelsatleafnodesandasmoothingprocess
isusedinM5Pforestimationoftheresponsevariable(Quinlan1992).BecauseofthesereasonsM5P
overcomesCARTalgorithminaccuracy.

4.4. Artificial Neural Network(ANN)
ANNisasupervisedmachinelearningalgorithmwhichismostcommonlyusedincropyieldprediction
(Safaetal.2015].Itmimicishumannervoussystem.Ithasthreelayers:inputlayer,hiddenlayerand
outputlayer.Theselayersareinterconnectedtogethervianeuronsofeachlayer.Thecostellationof

Figure 1. Temperature maximum vs production

Figure 2. Frequency Distribution of temperature maximum
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neuronsandconnenctionsarecalledasarchitectureofthenetwork.Eachneuronreceivestheweighted
activationoftheotherneuronsthroughitsincomingconnectionsandthenthesearesummed.The
resultispassedthroughanactivationfunction.Theoutcomeistheactivationoftheneuron.Foreach
oftheoutgoingconnections,thisactivationvalueismultipliedwiththespecificweightandtransferred
totheanotherneuron.Thesigmodactivationfunctionisused.Theinputlayercontainsnumberof
neuronswhichareequlivalenttonumberofinputfeaturessuchasAH,CL,TK,OWandTmaxand
outputlayercontainsonlyoneneuronwhichisPD.

4.5. Accuracy Metrics
Fouraccuracymetricssuchasrootmeansquareerror(RMSE),themeanabsoluteerror(MAE),root
relativemeansquareerror(RRMSE),andcorrelationcoefficient(R)areusedforcalculatingthe
accuracy.TheRMSEmeasuresthedifferencebetweentheactualandestimates,exaggeratingthe
presenceofoutliers(Han&Kamber2006).TheRRMSE,whichcompares themodelprediction
againstthemean.Forthismetric,avaluebelow100%indicatesabetterperformancethantheaverage.
Thus,RRMSEiseasytoreadbypeopleunaccustomedtocropyielddimensions.Correlationcoefficient
(R)measuresthelinearrelationshipbetweenregressionmodelpredictionsandtherealvalues.MAE
istheaverageofdifferencesinestimations(inphysicalunits).InadditiontothatR2valueiscalculated
tochecktheaccuracyofthemodeloncethefeaturesarefittedintothemodel.Italsomeasuresthe
varianceexplainedbythemodel.Theequationgivenbelowshowshowthesemetricsarecalculated,
whereyistherealproduction(yield)value, ŷ representstheproduction(yield)estimation,𝑖 is the
numberofinstances,y istheaverageoftherealproduction(yield)values,and ŷ istheaverageof
predictions
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y y

n
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n

=
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5. RESULTS ANd dISCUSSIONS

Thecurrentpaperpresentsanimplementationofthealgorithmforfindingalltherelevantfeatures
byusingRtool(RDevelopmentCoreTeam2010).Risanintegratedsuiteofsoftwarefacilitiesfor
datamanipulation,calculationandgraphicaldisplay.Experimentalresultsarepresentedinthissection.
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Byapplyingthevariousfeatureselectionalgorithms,thedifferentfeaturesareselectedbasedonthe
selectioncriteria.Theselectedfeaturesarelistedintable2.Inallthecasestheareaofcultivation
gainmoreimportanceforthecropproduction(yield).Numberoftanksalsoplayacrucialrolefor
theselecteddatasetwhencomparedwithotherpredictors.Theforwardandbackwardfeatureselection
algorithmshavegivensamesetoffeaturesandsimilarperformance.Itselectssamesetoffeatures,
sinceboththealgorithmsarebasedonAICvalueforfeatureselection.TheAICvalueiscalculated

byusingtheformulaAIC N
SS

N
Kerror=











+ln 2 ,hereNisthenumberofobservationandKisthe

numberofparamter+1.Theforwardmethodisfasterthanitsbackwardcounterpartduetoitslow
timecomplexity.Thisistobeexpected,astheforwardmethodstartswithanullsetandenlarges
them. The backward algorithm starts with large subset and reduce to the required feature. It is
computationallymoreexpensivetoachievethecriterionvalueduetothelargesubsets.Theforward
featureselectiontakescomputationaltimeisO(n)wherenisthenumberoffeaturesselectedbythe
algorithmwhichsatisfiesthelowestAICvalue.Whileaddingonemorefeatureonthisset,theAIC
valueisincreased.Soatthispointtheselectionprocedureisstopped.Inthecurrentcalculations
considerPDasthedependentfeature.InitiallytheAICvalueiscalculatedwithanullsetandtheAIC
valueis-3643.92.Inthenextstep,AICvalueiscalculatedforalltheindependentfeaturesindividually.
Thelowestvalueis-4533.46forAHanindependentfeatureanditisselectedinstep1.Inthenext
step,theOWindependentfeaturealongwithAHhavinglowestAICvalueas-4587.72areselected.
Inthenextstep,theTKindependentfeaturewithAHandOWhavingthelowestAICvalueas-4600.22
isselected.Inthenextstep,CLalongwithAH,OW,TKhasthelowestAICvalueas-4604.99.Hence,
thisfeatureisselected.Inthenextstep,TmaxwithAH,OW,TK,CLhaslowestAICvalueas-4607.05
anditisselected.Inthenextstep,NFwithAH,OW,TK,CLandTmaxhasthelowestAICvalueas
-4609.14andthesefeaturesareselected.Inthenextstep,whenSRisaddedinthesettheAICvalue
is increased, theAICvalueof thisset is-4608.9,soat theprevioussteptheselectionprocessis
stopped.UsingforwardfeatureselectionalgorithmtheindependentfeaturesAH,OW,TK,CLand
TmaxareselectedforthePDdependentfeature.TheAICvalueforthesubsetsareshownintable3.

In the backward elimination feature selection algorithm, the AIC value is calculated for all
independentfeaturesforthePDdependentfeature.TheAICvalueis-4603.66.Thealgorithmseparates
theSDindependentfeatureandtheAICvalueiscalculated.AICvalueissameaspreviousone,
henceSDisremovedfromthefeatureset.ThenindependentfeatureKFisseparatedandAICvalue
iscalculated.AICvalueissameaspreviousoneandKFisremovedfromthefeatureset.Similarly

Table 2.Features selected by each feature selection method

Features AH CL TK TW OW SD RainF AT TMin Tmax SR NF PF KF

Feature Selection 
Methods

ForwardFeature
Selection

√ √ √ √ √

Backward
Elimination

√ √ √ √ √

Correlationbased
featureselection
method

√ √ √ √ √ √ √ √ √

RandomForest
Var.Imp

√ √ √ √ √ √ √

VIF √ √ √ √ √ √ √ √ √ √
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thealgorithmseparatesindependentfeaturePFandtheAICvalueiscalculatedwhichissameas
previousone.HencePFisremovedfromthefeatureset.ThenindependentfeatureTminseparates
fromthefeaturesetandAICvalueiscalculatedwhichisfurtherreducedas-4605.36.ThenRainF
independentfeatureisseparatedfromthefeaturesetandAICvalueiscalculated.Itisfurtherreduced
as-4606.89.ThenTWindependentfeatureisseparatedfromthefeaturesetandtheAICvalueis
calculatedwhichisfurtherreducedas-4608.4.ThenindependentfeatureATisseparatedfromthe
featuresetandtheAICvalueiscalculatedwhichisfurtherreducedas-4608.85.Thenindependent
featureSRisseparatedfromthefeaturesetandtheAICvalueiscalculatedwhichisfurtherreduced
as-4609.14.ThenindependentfeatureNFisseparatedfromthefeaturesetandtheAICvalueis
calculatedwhichisincreasedas-4607.1.SoNFiseliminatedfromthefeatureset.Theindependent
featuresuchasCL,TK,OW,AHandTmaxareselectedforthePDdependentfeature.Boththe
forwardandbackwardselectionalgorithmsselect thesamesetoffeaturesforfurtherevaluation.
Butbackwardeliminationalgorithmtakesmoretimethantheforwardalgorithmduetoitshightime
complexity.TheAICvaluesarelistedintable4.

VIFbasedfeatureselectionalgorithm,checksthecolinearityamongtheindependentfeatures.
AmongtheindependentfeaturesAH,SD,NF,PFandKFarecollinear.Soonlyoneindependent
featureAHisselectedfromthefeaturesetandallotherfeaturesareremovedfromthefeatureset.
TheotherfeaturessuchasCL,TK,TW,OW,RainF,AT,Tmin,TmaxandSRareselectedsincethe

Table 3. Forward feature selection procedure by using AIC

Feature Subset AIC value Selection Procedure

{} -3643.92

{AH} -4533.46 ↓

(AH,OW} -4587.72 ↓

{AH,OW,TK} -4600.22 ↓

{AH,OW,TK,CL} -4604.99 ↓

{AH,OW,TK,CL,Tmax} -4607.05 ↓

{AH,OW,TK,CL,Tmax,NF} -4609.14 Stop

{AH,OW,TK,CL,Tmax,NF,SR} -4608.9 ↑

Table 4. Backward elimination feature selection procedure by using AIC

Feature Subset AIC value Selection procedure

{CL,TK,TW,OW,AH,RainF,AT,Tmin,Tmax,SR,NF,PF,KF,SD} -4603.66

{CL,TK,TW,OW,AH,RainF,AT,Tmin,Tmax,SR,NF,PF,KF} -4603.66 ↓

{CL,TK,TW,OW,AH,RainF,AT,Tmin,Tmax,SR,NF,PF} -4603.66 ↓

{CL,TK,TW,OW,AH,RainF,AT,Tmin,Tmax,SR,NF} -4603.66 ↓

{CL,TK,TW,OW,AH,RainF,AT,Tmax,SR,NF} -4605.36 ↓

{CL,TK,TW,OW,AH,AT,Tmax,SR,NF} -4606.89 ↓

{CL,TK,OW,AH,,AT,Tmax,SR,NF} -4608.4 ↓

{CL,TK,OW,AH,Tmax,SR,NF} -4608.85 ↓

{CL,TK,OW,AH,Tmax,NF} -4609.14 Stop

{CL,TK,OW,AH,Tmax} -4607.1 ↑
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non-colinearityofthefeatures.Thealgorithmchecksthecolinearityofthefeaturesindividuallyand
itrequiresmorecomputationaltime.ThecalculatedVIFvaluesarelistedintable5.

In thecorrelationbasedfeatureselectionalgorithm, initiallycorrelationmatrix isgenerated.
ThedependentfeaturePD,allthepossibleindependentfeaturesubsetsaregeneratedandthescoreis
calculated.Thehighestscoresubsetselectsasthefinalsetsoffeatures.ThesubsetcontainsTK,OW,
NF,PF,KF,SD,AHandTmaxfeaturesgivehighestscore.HencethesefeaturesareselectedItdoesan
exhaustivesearchanditneedsmorecomputationaltime.Thecorrelationmatrixisshowninfigure3.

Intherandomforestvariableimportance,thefeaturesareselectedbasedonthenodepurity.In
thiswork,thenodepuritythresholdissetasmedianofthenodepurityvalues.Sothepurityvalue
abovethemedianisselected.FromtheentirefeaturesetTK,OW,AH,NF,PF,KFandSDareselected
andthevaluesarelistedintable6.

Thefeaturesselectedbyapplyingthefivefeatureselectionalgorithmaregiveninthetable2.
Hereeachalgorithmfollowsdifferentselectioncriteriaforselectingthefeatures.Tofindthebest
featuresusingfeatureselectionalgorithmwithlowtimecomplexitythefeaturesubsetisgiveninto
themultiplelinearregressionmodelandfindthefitnessofthemodelbasedontheAdjustedR2.The
AdjustedR2showedthevarianceexplainedbythemodel.IftheAdjustedR2ismore,thenthatmodel
isgood.Sothatvalueistakenintoconsideration.Inourwork,forwardfeatureselectionandbackward
selectiongivesthesamefeaturesandbothgivessameAdjustedR2.Butwhenthetimecomplexity
isconsideredforwardfeatureselectionisbetterthanbackwardeliminationalgorithm.Basedonthe
significanceofthefeaturesgivenbymodel,thefeaturesAH,OW,TK,CLandTmaxisconsidered
asthebestfeatureswhichareselectedbyforwardfeatureselectionalgorithm.Inthiswork,when
nofeatureseletionisdoneandallfeaturesaregiventheinputtothemodel,itgiveslessadjusted
R2.Featureselectionalgorithmsplayamajorroleforbetterprediction.Oncespecificfeaturesare
selected,itwilltakelesstimeandspacecomplexity.Itleadsthebetterprediction.Table7showsthe
RMSE,MAE,𝑅, RRMSE and adjusted R2measuresusingallthepotentialfeatureswhenthefeatures
aregivenasinputsofMLR,ANNandM5P.TheresultsshowthatSFFSfeaturesaregivelesserror
thanotherfeatureswhicharegivenbyotheralgorithms.Thefigure4showsthebargraphforthe
performanceoffeatureselectionalgorithmsbasedontheadjustedR2values.

Table 5. Features and its VIF value

Feature VIF values

CL 1.400091

TK 1.988810

TW 1.437965

OW 1.084505

RainF 1.058834

AT 1.591005

Tmin 1.201348

Tmax 1.336783

SR 1.028063

AH 2.236249
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6. MOdEL VALIdATION

Figure5andfigure6presenttheresidualplotandfittedvaluesversusresiduelrespectivelyforthe
regressionmodel.Themodelisvalidatedandtheresidualplotofthemodelshowsthatitdoesnot
followanypattern.Thismodelworkedwellandgivesanaccuracyof85%.Thecurrentresultfor
thefeatureselectionalgorithmappliedMLRreachthecommonlyrecommendedaccuracyof85%
(Andersonetal.1976).Thisistheindicationforthevalidityofthemodelsstudied.

Figure7showsthevaluesformaximumtempversusresiduals.Inthemultipleregressionmodels
checkingthelinearityassumptionisnotsostraightforward.Thedirectwaytoillustratethelinearity
istoplotthestandardizedresidualsagainsteachofthepredictorvariablesintheregressionmodel.
Theresidualversuspredictorvariableplotinthefigureindicatestherandomscatterofpoints.

Figure 3. Correlation matrix of crop yield production data
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Table 6. Features and its node purity based on Random Forest Variable Importance

Feature IncNodePurity

CL 0.007241060

TK 0.017494514

TW 0.005762905

OW 0.014855902

AH 0.082870685

RainF 0.006314565

AT 0.009467588

Tmin 0.003521096

Tmax 0.003475371

SR 0.003464572

NF 0.079764258

PF 0.079882515

KF 0.077607548

SD 0.079586579

Figure 4. Performance of feature selection algorithms
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7. CONCLUSION

Inthisresearchwork,fivefeatureselectionalgorithmsnamelysequentialforwardfeatureselection,
sequentialbackwardfeatureelimination,correlationbasedfeatureselection,randomforestVariable
ImportanceandVariance InflationFactorareapplied inorder toselect the features.The feature
selectionalgorithmsselectimportantfeaturesbasedontheirselectioncriterian.RMSE,MAE,Rand
RRMSEmetricsarecalculatedandusedtoanalysetheperformanceoffeatureselectionalgorithms.
TheoutcomeofthefeatureselectionisgiventoMLR,ANNandM5P.TheMLRmodelaccuracyis
calculatedusingAdjustedR2.PerformanceofallthealgorithmsgivessmalldeviationsintheRMSE,
RRMSEandMAEvalues.85%modelaccuracyachievedbyusingthefeatureswhichareselectedby
forwardselectionalgorithmandbackwardeliminationfeatureselectionalgorithmwhenitapplied
toMLR.Butconsideringthecomputationaltimeforwardfeatureselectiontakeslesstime.Whenall
thefeaturesaregivenintothemodelgives84%accuracy.Itisconcludedthat,theforwardfeature
selectionalgorithm isgood for thebetterpredictionandArea,OpenWells,Tanks,Temperature
maximumandCanalLengthareconsideredbestfeaturesforthepaddydatasetforgivenstudyarea.

Table 7. Performance of the various feature selection algorithms

Metrics FFS BEFS VIF CFS RFIMP

MLR M5P ANN MLR M5P ANN MLR M5P ANN MLR M5P ANN MLR M5P ANN

RMSE 0.013 0.078 0.098 0.013 0.078 0.098 0.013 0.085 0.106 0.014 0.085 0.104 0.014 0.081 0.102

MAE 0.009 0.054 0.064 0.009 0.054 0.064 0.009 0.058 0.070 0.009 0.056 0.080 0.009 0.055 0.063

R 0.898 0.94 0.92 0.898 0.94 0.92 0.898 0.93 0.91 0.888 0.93 0.91 0.895 0.93 0.91

RRMSE 0.012 0.09 0.078 0.012 0.09 0.078 0.012 0.010 0.08 0.013 0.011 0.081 0.012 0.012 0.08

AdjR2 0.85 - - 0.85 - - 0.84 - - 0.83 - - 0.84 - -

Figure 5. Residual plot
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Figure 6. Fitted values versus residual
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Figure 7. Temperature maximum versus residuals
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