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ABSTRACT

Inordertoguaranteethericeyieldmoreeffectively,thepredictionofriceyieldshouldbetakeninto
account.Becausethericeyieldeveryyearcanbeseenasasequenceoftimeseries,manymethods
appliedinpredictionoftimeseriescanbeconsidered.LongShort-TermMemoryrecurrentneural
network(LSTM)isoneofthemostpopularmethodsoftimeseriesprediction.Inconsiderationof
itsowncharacteristicsandthepopularityofdeeplearning,animprovedLSTMarchitecturecalled
StackedLSTMwhichhasmultiplelayersisproposedinthisarticle.Itisbasedontheideaofincreasing
thedepthofLSTM.ThecomparisonamongtheStackedLSTMarchitectureswhichhavedifferent
numbersofLSTMlayersandothermethodsincludingARIMA,GRU,andANNhasbeencarried
outonthedataofriceyieldinHeilongjiangProvince,China,from1980to2017.Theresultsshowed
thesuperiorperformanceofStackedLSTMandtheeffectivenessofincreasingthedepthofLSTM.
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INTRodUCTIoN

Riceisoneofthemostimportantfoodsourcesformorethanhalfoftheworld’spopulation(Jeon
etal.,2011),itisthesecondmostwidelygrowncerealcropworldwide(Hirookaetal.,2018)and
thedemandforriceisexpectedtogrowbecauseoftheincreasingpopulationonearth(Danielaet
al.,2018).Inordertoensurethericeyieldkeepingupwiththepaceofpopulationgrowth,some
measurestoguaranteesufficientricesupply,inotherwords,foodsecurity,areneedednecessarily.
Cropyieldpredictionisarepresentativemeasurewhichisvitalforfoodsecurity(Hutchinson,1991).
Itcanobtaintheresultwhetherthefuturecropyieldcanachievethedemandofpopulation,therefore,
itplaysakeyroleingovernment’spolicymakingandpreparingproductionplanforfollowingyear.
Properdecisionsofgovernmentbasedoncropyieldpredictioncanmakemoreefficientmanagement
ofcropproductionprocesses.Ontheotherhand,cropyieldpredictioncanprovideareferencefor
farmersandenterprise,thushelpingthemincreaseoutcome(Na-Udom&Rungrattanaubol,2015),
soriceyieldpredictionisamatterofimportance.

Cropsimulationmodelsareusedextensively,simulationofplant-growthstagesandconsequently
forecasting the crop yield permits better planning (Inoue, Susan & Horie, 1998). Crop growth
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simulationmodelarecombinedwithremotesensingdatatoestimatericeyield(Abou-Ismail,Huang
&Wang,2004;Inoue,Susan&Horie,1998).N.Pirmoradianetal.(2006)proposedaverysimple
model(VSM) topredict ricegrainandbiomassyields.But theapplicationscopeofcropgrowth
modelsisalittlelimited,theymayonlyadapttoafewcropspecies.Meanwhile,thedevelopment
timeandcostofthesemodelsareextremelylarge(Alberto,Juan&Waldo,2014).Manystatistical
methodsarealsousedforyieldpredictioninearlystage,suchasMultipleLinearregression,logistic
regression(Cakir,Kirci&Gunes,2014),whicheliminatethelimitationofapplicationrange.Liu
Qin-pu(2011)proposedgrainyieldspatio-temporalregressionpredictionmodelofHenanProvince;
UmidKumarDeyetal.(2017)appliedMultipleLinearRegressionAdaBoosttothetaskofpredicting
riceyieldinBangladesh.R.K.Pal(2012)developedthemultipleregressionequationsforprediction
ofgrowthandyieldattributesofwheat.Thecomplicatedrelationshipsbetweencropproductionand
interrelatedfactorscannotbedescribedwellbystatisticalmodels(Cakir,Kirci,&Gunes,2014).
Duetotheaforementionedshortcomingsoftraditionalmodels,manymethodsbasedonmachine
learningareinspiredtosolveyieldpredictiontasksrecently.RatchaphumJaiklaetal.(2008)used
theSupportVectorRegressionmethodtopredictriceyieldandacquiredcomparableperformance
withCropSimulationModel.Artificialneuralnetworks(ANN)isapopularmethodusedincrop
prediction.Forexample,YükselÇakıretal.(2014)usedANNtopredictwheatyieldinsouth-east
regionofTurkey;NiketaGandhietal.(2016)appliedANNwithmultilayerperceptrontoriceyield
predictionfromyear1998to2002inIndia.

Ingeneral,riceyielddatacanbeconsideredasasequenceoftimeseries,sothepredictionofrice
yieldcanbeimplementedbytimeseriespredictingmethods(Chen,Qi,Yuan,&Li,2018).Dueto
theintra-layernetsareconnectionlessinthearchitectureoftraditionalneuralnetwork,itresultsinbad
performanceindealingwithproblemsoftimeseries.Longshort-timememoryrecurrentneuralnetwork
(LSTM)isanovelbuteffectivemethodtodealwithtimeseries.LSTMisdesignedtoovercomethe
problemofvanishing/explodinggradientinRecurrentNeuralNetwork(Hochreiter&Schmidhuber,
1997)andcanlearntostoreinputinformationforalongtime(Lecun,Bengio,&Hinton,2015).Ityields
excellentperformanceonprocessingsequentialdata.Tothebestofourknowledge,thereislittleresearch
aboutapplyingLSTMtocropyieldprediction,sothispaperattemptstoexplorepotentialofLSTMin
processingcropyieldpredictionproblems.DuetotherecurrentnatureinthearchitectureofLSTM,it
isdeepessentially.ItinspiresdiscussionaboutwhetherLSTMcangetmoreeffectiveperformanceby
deepeningthedepthofthenetworkarchitecture.Inthispaper,animprovedLSTMarchitecturecalled
StackedLSTMwhichdeepensthenetworkbyaddinglayersonthebasisof1-layerLSTMisproposed
toaddresstaskofriceyieldprediction.Aftercomparingwith1-layerLSTMandseveralothermethods
ofprediction,StackedLSTMhasbeenfoundthatachievedsuperiorpredictionperformance.

The remaining paper is structured as follows. Section 2.1 illustrates data acquisition and
preprocessing,Section2.2describesthespecifictheoryofLSTMandStackedLSTM,theevaluation
methods are also described in this section. Section 3 will discuss research results achieved by
comparingStackedLSTMwith1-layerLSTM,ARIMA,GRU,ANN.Finally,Section4willgive
conclusionofthispaper.

MATERIALS ANd METHodS

data Acquisition and Preprocessing
Thedataof riceyield available in thisworkhavebeenobtained from theyear1980 to2017 in
HeilongjiangProvince,China,fromthewebsiteofHeilongjiangprovincialbureauofstatistics.In
total,thereare38records,thereofnonewithmissingvaluesandnonewithoutlier.Becausetherice
yielddatafollowsarisingtrendobviously,itwastransformedintostationarytimeseriesthrough
differenceprocessingfirst.Notethat,beforeusingLSTMmodel,thedatashouldbetransformedinto
supervisedlearningproblem.ThedatausedhereisshowninTable1.
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