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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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Model Methods
LSTM
LongShort-TermMemoryrecurrentneuralnetwork(LSTM)isakindofRecurrentNeuralNetwork
(RNN),whichhasgainedlotsofattentions inrecentyearswith itsapplicationinmanydomains
includingtime-seriesprediction.Asmentionedinprevioussection,LSTMsolvesshortcomingsof
conventionalRNN.Inthissection,morespecifictheoryaboutLSTMwillbegiven.

LSTMshortforLongShort-TermMemoryrecurrentneuralnetwork,isskilledin“memory”,
especiallylongdurationoftime.LSTMunitiscomposedbymemorycellsinwhichinformationis
stored.Eachmemorycelliscontrolledtoupdatebythree“gates”calledforgetgate,inputgate,output
gate.ItisexactlythegateunitsmaketheremarkableadvantagesofLSTM,thatitsolvestheproblem
aboutvanishing/explodinggradientinprocessofback-propagationandthelongchronologicallags
(Cortez,Carrera,Kim&Jung,2017).Theoutputofeachgateisanumberbetween0and1calculated
bysigmoidfunction.Thisnumberdepictstheextenttowhichdataisallowedtopassthrougheach
gate. For example, forget gate decides which information to discard and which information are
necessaryforprediction, ifoutputequals1, thatmeanscurrent informationshouldbeconserved
completely,ifoutputequals0,thatmeanscurrentinformationshouldbediscardedcompletely.Input
gatedecideswhichinputinformationcanflowintomemorycell,thatistosay,whichvaluesare
worthyofremembering.Outputgatedecideswhichvaluesareselectedasoutputofeachmemory
cellfinally.Concretecomputationprocessinmemorycellisshownasfollows:

Thefinaloutputvectorh
t
iscalculatedasfollows:

h o c
t t t
= * tanh( )  (1)

whereo
t
isoutputgatevector,c

t
iscellstatevector,and tanh isthehyperbolictangentfunction,

theequationsofthemareshownasfollows:

o W x W h b
t xo t ho t o
= + +( )−σ

1
 (2)

Table 1. Rice yield from 1980-2017 in Heilongjiang province

Year 1980-1991 1992-2003    2004-2015 2016-2017

Riceyield
(units:10000t)

79.6 376.6 1120 2763.622

55.7 388.3 1172.5 2819.334

70.9 410.4 1360

91.5 469.9 1655.053

124 636 1851.45

162.9 860.9 1899.61

220.8 925.8 2277.473

225.7 944.3 2438.401

243.5 1042.2 2600.235

231.7 1016.3 2710.819

314.4 921 2797.219

316.2 842.8 2720.874
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isinputgatevector,W

xo
istheweightmatrix
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outputgate,W
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istheweightmatrixfromhiddenlayerinputtoinputcellstate,W
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, arethevariablebiases. σ  isgate

activationfunction,sigmoidfunctionisnormallyused.Theequationofσ isshownasfollows:
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and i

t
arecalculatedasfollows:

f W x W h b
t xf t hf t f
= + +( )−σ

1
 (6)
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W
xf

istheweightmatrixfromhiddenlayerinputtoforgetgate,W
xi

istheweightmatrix
fromhiddenlayerinputtoinputgate,W

hf
istheweightmatrixfrompreviouscelloutputstate

toforgetgate.W
hi

istheweightmatrixfrompreviouscelloutputstatetoinputgate,b b
f i
, are

thevariablebiases.
TheinnerstructureofaLongShort-TermMemorycellisshowninFigure1.

Stacked LSTM
AStackedLSTMisconstructedforthetaskofriceyieldprediction.Manyresearcheshaveproved
that increaseof thedepthinneuralnetworkcaneffectivelyimprovestheperformanceofmodels
(Simonyan & Zisserman, 2014). More representative features can be learned by deeper neural
networks(Farabet,Couprie,Najman,&LeCun,2013).StackedLSTMcanbesimplycreatedby

Figure 1. Inner structure of a long short-term memory cell
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stackingmultiplehiddenlayersontopofeachother,theoutputoftoplayeristheinputofthenext.
Theunitsbetweenthelowerlayerandthelayeraboveitareconnectedbyfeedforwardconnection.
TheStackedLSTMarchitectureusedinthispaperhasmultiplehiddenlayers,andtheoutputlayeris
afullyconnectedlayer.Dropoutlayersareintroducedtopreventoverfitting,andeveryLSTMlayer
isfollowedbyadropoutlayer.InputsequenceflowsthrougheveryLSTMlayer:aftercalculation
andstateupdateprocessasmentionedaboveinthememorycellsofeachlayer,thenoutputtonext
LSTMlayer,until the lastLSTMlayer feeds into thefinal fullyconnected layerandobtains the
finaloutput.DifferingfromsomeotherstackedLSTMmodels,suchasstackedbidirectionalLSTM
(Graves,Mohamed&Hinton,2013)orstackedLSTMwithtwohiddenlayers(Xie,Wu,Liu,&Li,
2017)theproposedstackedLSTMmodelinthispaperusesthreeoriginalLSTMlayers,whichismore
suitableforyieldprediction,becausetheuseofbidirectionalLSTMmaynotmakesenseforcertain
timeseriespredictionproblemsanddeeperdepthmaygivebetterperformance.Thelossfunction
usedinthisexperimentisMSEwhoseequationisshownasfollows:

Loss MSE
n

y y
i

n

i
p

i
= = −( )

=
∑
1

1

2
 (8)

wheren isthenumberofsamples,y
i
isthetruevalues,y

i
p isthepredictedvalues,y y

i
p

i
− isthe

residualofthismodel.
Theoptimizationalgorithmusedinexperimentisadam(Kingma&Ba,2014).Theactivation

function is the default hyperbolic tangent activation function tanh . The epochs are set to 100,
batch_sizeissetto1,andtheneuronsofeachhiddenLSTMlayerissetto30.Notethat,becausethe
initialconditionsofLSTMarerandom, inorder toevaluatestabilityof theproposedmodel, the
experimentundersameparameterswasrepeatedfiftytimestoachievethemeannumberasthefinal
resultinthispaper.

Model Evaluation
ToassesstheeffectivenessofStackedLSTMandothermethodsusedtocompare,fourcommonindicators
areusedhere:MeanAbsoluteError(MAE),RootMeanSquaredError(RMSE),MeanAbsolutePercent
Error(MAPE),AverageRelativeAccuracy(Average_RA).Theyaredefinedasfollows:
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ItcanbelearnedfromtheMAEandRMSEequationsthattheyaremainlyusedtomeasurethe
deviationbetweenthepredictedvaluesandthetruevalues.MAEandRMSEoperateonthesame
scaleasthedata,whichisthemainreasonthatweusethemratherthanMSE.Theybothrepresentthe
absoluteerroroftimesequence.ThelowerthevalueofMAEandRMSE,whichmeanstheresidualof
thismodelislower,thebetteraccuracyofpredictionmodelcanachieve.MAPEisthepercentageof
thedeviationbetweenthetruevaluesandthepredictedvaluesdividedbythetruevalues.Itrepresents
thepercentageerrorofthetimesequence.ItissameasMAEandRMSE,thatthelowerthevalues
ofMAPE,thepredictionmodelwillbemoreaccurate.AverageRelativeAccuracy(Average_RA)
measuresthedegreeoffittingbetweenthepredictedvaluesandrealvalues,differingfromabove
threeindexes,thehigherthevaluesofAverage_RA,thepredictionmodelwillbemoreaccurate.

RESULTS ANd dISCUSSIoN

Inthissection,threemethodsoftimeseriespredictionincludingAutoregressiveIntegratedMoving
AverageModel(ARIMA),GatedRecurrentUnit(GRU),ANN(ArtificialNeuralNetwork)areused
heretocomparewithStackedLSTMinordertoprovethestateofartperformanceofit.Ontheother
hand,wealsocompareStackedLSTMwithdifferentnumberofhiddenlayers,andthefinalresults
provedtheimportanceofdepthinincreasingtheperformanceofneuralnetwork.Theyieldsinthe
first26yearsareusedastrainingset,theyieldsofremaining12yearsareusedastestingset.Note
that,becausepassingbythedifferenceprocessandthetransformationprocessfromunsupervised
learningproblemtosupervisedlearningproblem,thefinaltrainingsetis24years(from1982to2005).

TheresultsofMAE,RMSE,MAPE,onthetestingsetandAverage_RAonbothtrainingdataset
andtestingdatasetunderdifferentmodelsareshowninTable2.ItcanbeseeninTable2that,the
valuesofMAE,RMSE,MAPEaccordingtothe3-layerStackedLSTMaresignificantlylowerthan
theothermodels,andtheAverage_RAishigherthanothers.WhenusingtheARIMAmodel,MAE
is782.18higherthanthe3-layerStackedLSTM,RMSEis817.97higherthanthe3-layerStacked
LSTM,MAPEis31.07higherthanthe3-layerStackedLSTM,Average_RAis0.3101lowerthanthe
3-layerStackedLSTMontestingdataset,Average_RAis0.0252lowerthanthe3-layerStackedLSTM
ontrainingdataset.Toalargeextent,thisisbecauseARIMAcannothandlethenon-stationarytime
serieswell,neverthelessthericeyieldshowedanincreasingtendencyobviouslywiththedevelopment
ofChineseagriculture.WhenusingtheGRUmodel,MAEis6.27higherthanthe3-layerStacked
LSTM,RMSEis5.97higherthanthe3-layerStackedLSTM,MAPEis0.24higherthanthe3-layer
StackedLSTM,Average_RAis0.0016 lower than the3-layerStackedLSTMon testingdataset,
Average_RAis0.0135lowerthanthe3-layerStackedLSTMontrainingdataset.GRUisanimproved
variantofLSTMinfact,whichonlyhastwogatesincludingupdategateandresetgate.Themodelof

Table 2. MAE RMSE MAPE on the test dataset and Average_RA on training and test dataset

Prediction Models MAE RMSE MAPE Average_RA 
(Train/Test)

ARIMA 912.55 979.24 37.35 86.13%/62.65%

GRU 136.64 167.24 6.52 87.30%/93.50%

ANN 161.03 255.16 8.11 88.91%/91.87%

1-layerLSTM 273.18 297.14 11.77 88.66%/88.46%

2-layerstacked
LSTM 161.33 188.40 7.46 88.21%/92.60%

3-layerstacked
LSTM 130.37 161.27 6.28 88.65%/93.66%
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GRUusedsinglelayerhere,itcanbeindicatedthatitperformedbetterthan1-layerLSTM.However,
whenthelayersofLSTMincreasedtothree,GRUwasshallowerthanthe3-layerStackedLSTM,the
performanceofGRUwasinferiortothe3-layerStackedLSTM,whichcanbeapowerfulevidence
thatincreasingdepthcanbeagoodideaforimprovingtheperformanceofneuralnetwork.AndGRU
canbethenextresearchpointinthefuturelearning.WhenusingANN,MAEis30.66higherthan
the3-layerStackedLSTM,RMSEis93.89higherthanthe3-layerStackedLSTM,MAPEis1.83
higherthanthe3-layerStackedLSTM,Average_RAis0.0179lowerthanthe3-layerStackedLSTM
ontestingdataset.TheshortcomingofANNthatitsintra-layernetsareconnectionlesscausedthe
unsatisfiedperformance.Additionally,bycomparingtheresultsofdifferentstackedLSTMwhich
hasvariousnumberofhiddenLSTMlayers,theremarkableadvantageofthedepthinarchitectureof
LSTMisshownobviously.WiththeincreaseofnumberofLSTMlayersfromonetothree,theMAE
decreasesfrom273.18to130.37,theRMSEdecreasesfrom297.14to161.27,theMAPEdecreases
from11.77to6.28.TheAverage_RAincreasesfrom88.46%to93.66%.Thepredictedvalueswhich
used3-layersStackedLSTMandrealvaluesonthetrainingdatasetandtestingdatasetareplotted
inFigure2,wheretheredlinemeansthetrueyield,thegreenlinemeansthepredictedyieldon
trainingdataset,thebluelinemeansthepredictedyieldontestingdataset.ItcanbeseeninFigure2
thatthefittingdegreeoftruevaluescurveandpredictedvaluescurveishigh,andaccordingtothe
comparisonresultswithothermodels,thehighereffectivenessof3-layersStackedLSTMhasbeen
provedaswell.Meanwhile,theexperimentalresultsalsoshowthattheStackedLSTMarchitecture
canbesuccessfullyappliedinthetaskofriceyieldprediction.

Furthermore,thediversitytestsbetweenGRUand3-layerStackedLSTM,betweenANNand
3-layerStackedLSTMarecarriedoutsoastoprovethedifferencebetween3-layerstackedLSTMand
theothercomparativemethods.Notethat,ARIMAisnotneuralnetwork,theresultisinvariable,soit
isnotconsideredinthediversitytestshere.TheP-valuesofdiversitytestsresultsareshowninTable3.

TheP-valuesarealllessthan0.05,soitcanbeindicatedobviouslythatthedifferenceissignificant.

Figure 2. Comparison between true yield and predicted yield via 3-layer stacked LSTM



International Journal of Agricultural and Environmental Information Systems
Volume 11 • Issue 1 • January-March 2020

93

CoNCLUSIoN

Inthispaper,astackedLSTMarchitecturewasproposed.Thearchitectureisconstructedbymultiple
LSTMlayerswhicharestackedontopofeachother.AftercomparingwiththeothermethodsARIMA,
GRU,ANNonthepredictionofriceyieldinHeilongjiangProvince,thestackedLSTMperformed
betterthanthemonfourindexesincludingMAE,RMSE,MAPE,Average_RAandtheresultsof
diversitytestshowedtheexistenceofsignificantdifferencebetweentheproposedmethodandtheother
comparisonmethods,whichprovedtheefficiencyofstackedLSTMconsequently.Moreimportantly,
theideaaboutimprovingtheperformanceofLSTMviaincreasingthedepthofitsarchitecturewas
provedtobeeffective.Furthermore, thispaperprovidesanewmethodtocopewiththetasksof
riceyieldpredictionwhichcanhelpgovernmentmakeproperdecisionsaboutmanagementofrice
productionprocesses.Ontheotherhand,thedefinitionoftimeseriesisextremelysimple,anysequence
ofdatawhichisarrangedintheorderoftimecanbeconsideredastimeseries.Therefore,yieldof
variouscrops inHeilongjiangProvinceor inanyotherprovincescanalsobeconsideredas time
series,theStackedLSTMproposedherecanbeappliedtothemaswell.Notonlyinthefieldofyield
prediction,itcanalsobegeneralizedtoanyfieldsaslongasthedatatoberesearchedistimeseries.
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Table 3. P-values of diversity tests

P-Value 
According to 

3-Layer Stacked 
LSTM

MAE RMSE MAPE Average_RA 
(Train)

Average_RA 
(Test)

GRU 1.5893e-06 1.9667e-05 8.6604e-05 4.9766e-24 0.0222

ANN 1.2550e-83 7.7578e-40 8.1517e-52 0.0015 9.8305e-46
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