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Abstract-Cropmanagementofcertainagricultureregionisdependsontheclimatic
conditions of thatregion because climate can make huge impacton crop
productivity.Realtimeweatherdatacanhelpstoattainthegoodcropmanagement.
Dataminingistheprocessofdiscoveringofnewpatternfrom largedatasets,this
technologywhichisemployedininferringusefulknowledgethatcanbeputtouse
from avastamountofdata,variousdataminingtechniquessuchasclassification,
prediction,clusteringandoutlieranalysiscanbeusedforthepurpose.Realtime
weatherdatacanhelpstoattaingoodcropmanagement.Weatherisoneofthe
meteorologicaldatathatisrichbyimportantknowledge.Inthisprojectweinclude
the hybrid modelto improve the agriculture productivitybyusing data mining
techniques.
Yield prediction is very popularamong farmers these days,which particularly
contributestotheproperselectionofcropsforsowing.Thismakestheproblem of
predictingtheyieldingofcropsaninterestingchallenge.Earlieryieldpredictionwas
performedbyconsideringthefarmer'sexperienceonaparticularfieldandcrop.This
workpresentsasystem,whichusesIOTtechniquesinordertopredicttheanalyzed
soildatasets.Thecategory,thuspredictedwillindicatetheyieldingofcrops.
Keywords– Crop yield prediction,BeeHiveclustering algorithm,crop growth ,
precisionAgiculture.
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1.INTRODUCTION

Asagriculturestrugglestosupporttherapidly
growing global population, plant disease
reduces the production and qualityoffood,
fiber and bio fuelcrops.Losses may be
catastrophicorchronic,butonaverageaccount
for42% ofthe production ofthe six most
important food crops. Losses due to
postharvest disease can be disastrous,
especiallywhen farmsare a long wayfrom
markets and infrastructure and supplychain
practices are poor. Many postharvest
pathogens also produce toxins thatcreate
serioushealthproblemsforconsumers.

Farmers spend loton disease management,
often without adequate technical support,
resultinginpoordiseasecontrol,pollutionand
harmfulresults.Inaddition,plantdiseasecan
devastate naturalecosystems,compounding
environmentalproblemscausedbyhabitatloss
andpoorlandmanagement.

Acroppredictionisahugeproblem thatoccurs.
Afarmerhadanattentioninunderstandinghow
much produce he is going to expect.
Traditionally farmers decide this based on
permanentexperienceforspecificyield,plants
and weather conditions. Character directly
thinks aboutproduce prediction ratherthan
concerning oncrop prediction.Ifthecorrect
crop is expected then yield willbe better.
Problem ofcrop and yield prediction using
modifiedk-meansclusteringalgorithm thereby
creating better earnings for berry farmers.
Clusteringistheprocessofgroupingthedata
intoclassesorgroupings,sothatobjectswithin
aclusterhavehighsimilarityinagreementto
each otherbutare incredibly dissimilarto
objectsinoptionclusters.

Thisprojectisfocusedonresearchaimedat
improvingfoodsecuritybyreducingcroplosses,
particularly for low-income farmer.
LITERATURESURVEY

Manyclusteralgorithmsmodelcombination.
C.Preisach et.al[1] proposed a generic
relationalensemblemodelwhichimproves
clusteraccuracyofscientificpublicationsby
combining the probability distribution of
several relational attributes and local
attributes.Relationalattributesprobabilityis
determinedusinggraphrepresentationand
localgraph using traditionaltextcluster.
Heterogeneitybecomesamajorissuesince

models are combined in specific format.
XiaoxinYinet.al[2]proposedcrossminetree
and cross mine rule. Both cluster
approaches make use of Tuple ID
propagation which helps in virtual join
amongrelationratherthanphysicaljoin.In
TupleIDselection,keyattributesareusedfor
spammingamongrelations.Fornontarget
relation,allrelationsarejoinedtogetherfor
computing foil gain. However both the
methods are unable to handle database
imbalancesforcomplexapplication.

Figure1CropKnowledgeBaseFramework

2.CROPKNOWLEDGEBASE

Acropknowledgebaseisconstructedwith
setofrelations (Crop_details,Region and
Cropping_info).Each relation contains at
leastoneormorekeyattributes(primaryor
foreign). Crop Type contains attributes
Crop_ID, CropType, CropVariety, Yield
DurationandFavorableSeasons.Crop_IDis
guaranteedtobeuniqueandusedasprimary
key.CropTyperepresentstypeofcrop.Crop
Varietyrepresentsdifferentvarietyofcrops,
seedtype(e.g.Co43,IR20,ADT36).Season
represents suitable seasons forcropping
particular crop. Region of crop growth
containsattributesRegion_ID,RegionName,
SoilType,SoilPh,WaterPh,Sunlightand
Rainfall.Region_IDisassignedtouniquelyto
each RegionName. SoilType represents
differenttypeofsoilsinparticularregion(e.g.
blacksoil,claysoil,alluvialsoil).

3.CROP YIELD PREDICTION
ARCHITECTURE

Subsetselection ofattributes from crop
knowledge base is handled by feature



www.ijcrt.org ©2020IJCRT|Volume8,Issue6June2020|ISSN:2320-2882

IJCRT2006166 InternationalJournalofCreativeResearchThoughts(IJCRT)www.ijcrt.org 1232

selection forrobustlearning.The cluster
algorithm classifiescropyieldintovarious
classes fora particularregion.Classified
yieldinformationhelpsforfindingbettercrop
foraregionandcropyieldispredictiondone
bypredictionrules.

Figure2Cropyieldpredictionarchitecture

In a crop the growth parameters like
optimum LAIand CGR atflowering have
beenidentifiedasthemajordeterminantsof
yield [10].A combination ofthesegrowth
parameters can demonstrate the varying
yields which is betterthan anyindividual
growthvariable[14].

FeatureSelection

Feature selection plays a major role in
selecting attributes from crop knowledge
base.Toclassifycropyieldfeatureselection
filtersnecessaryparametersonbasisof

∀RegionxCropyield(Query–A)

∀Region x SoilpH x WaterpH x Rainfall
(Query–B)

∀[RegionxCropyield](Query–C)

RegionxAvg(SoilpH)xAvg(WaterpH)x
Avg(Rainfall)](Query–D)

4.ENDWHILE

Thealgorithm startswithaninitialpopulation
ofn scoutbees.Each bee represents a
potentialclustering solution as setof‘z’
clustercentresorzones.

Step1-Theinitiallocationsofthezonesare
randomlyassignedtothebeeslist‘n’.The
Euclidean distances between each data
objectand allcentres are calculated to

determine the clusterto which the data
objectbelongs(i.e.theclusterwithcentre
closesttotheobject).Henceinitialclusters
canbeconstructed,whileclusterscentres
are replaced by actualcentroids of the
clusters to define a particularclustering
solution (i.e. a bee). This initialization
processisappliedeachtimenewbeesareto
becreated.

Step2-ThefitnesscomputationprocessFi
iscarriedoutforeachsitevisitedbyabee
usingclusteringmetric‘e’,whichisinversely
relatedtofitness.

Step3-‘m’siteswiththehighestfitnesses
are designated as “selected sites” and
chosenforneighbourhoodsearch.

Step4-Conductssearcharoundtheselected
sites‘m’,assigningmorebeestosearchin
thevicinityofthebest‘e’sites.

Step5-Selectionofthebestsitescanbe
made directly according to the fitnesses
associated with them. Alternatively, the
fitnessvaluesFiareusedtodeterminethe
probabilityofthesitesbeingselected.

Step6-Searchesintheneighbourhoodofthe
bestesites-thosewhichrepresentthemost
promisingsolutionsarecarriedoutrecruiting
morebeesforthebest‘e’sitesthanforthe
otherselectedsites.Togetherwithscouting,
this differential recruitment is a key
operationoftheBeesAlgorithm.

Step7-Foreachpatch‘g’,onlythebeethat
hasfoundthesitewiththehighestfitness
(the “fittest” bee in the patch) willbe
selected to form part of the next bee
population.This restriction is purposefully
introducedtoreducethenumberofsearch
sitestobeexplored.

Step8-Remainingbeesinthepopulationare
randomlyassignedaroundthesearchspace
toidentifyfornewpotentialsolutions.

Step9-Eachiterationendswiththecolony
havingtwopartstoitsnewpopulation,such
asrepresentativesfrom theselectedpatches,
andscoutbeesassignedtoconductrandom
searchs These steps are repeated untila
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stoppingcriterion‘s’ismet.

5.ALGORITHM

 Generatecolourtransformationstructure.

 Convertcolourvaluesfrom RGBtothe

spacespecifiedinthatstructure.

 Apply K means clustering forimage

segmentation.

 Maskingofgreenpixels(maskinggreen

channel).

 Eliminate the masked cells present

insidetheedgesoftheinfectedcluster.

 Converttheinfectedclusterfrom RGBto

HIS.

 GenerationofSGDM matrixforHandS.

 Calling GLCM function in order to

calculatethefeaturesofit.

 Computationoftexturestatistics.

 Configurek-n(classifier)forrecognition.

6.EXPERIMENTAL RESULTS AND
DISCUSSIONS

Thisexperimentaltestbed usesthe data
provided by director of economics and
statisticsofIndia[15],foodandagriculture
organization[19]andTNAUagro-techportal
[20]tobuildthecropknowledgebase.The
proposed CRY cluster algorithm is
implemented using Clementine with
knowledge base maintained and updated
usingOracledatabase.Decisionanalysisand
sustainabilityofcropyieldisverifiedusing
theclustereddatasetareinFig.5&Fig.6
yieldsofpaddyandsugarcaneareshown
oversetofregion.Inthegraphmeanvalue
foraparticularcrop.

Figure3RiceYieldAnalyses

7.PERFORMANCEEVALUTION:

In orderto testthe performance ofthe
algorithm new agricultural datasets of
records from crop knowledge base are
tested with proposed CRY algorithm and
clusterandregressiontreealgorithm.Cluster
andregressiontreealgorithm ismodeledin
Clementine® andtrainedwithlargenumber
ofdatasetsfrom cropknowledgebase.

.

Fig.4ImprovedYieldofcropanalysedusingCRY
algorithm

8.CONCLUSION:

 Agriculture is the most important
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application area particularly in the
developingcountrieslikeIndia.

 Use of information technology in
agriculturecanchangethescenarioof
decisionmakingandfarmerscanyield
inbetterway.

 Fordecisionmakingonseveralissues
related to agriculture field; data
miningplaysavitalrole.

 Inthispaperwehavediscussedabout
theroleofdatamininginperspective
ofagriculturefield.

 Wehavealsodiscussedseveraldata
mining techniques and theirrelated
workbyseveralauthorsincontextto
agriculture domain.This paperalso
focuses on different data mining
applications in solving the different
agriculturalproblems.
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