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ABSTRACT

Thisarticlereviewsvariousaspectsofresearchconcerningthebackgroundandstate-of-the-artof
bigdatainagriculture.Thisarticlefocusesondatageneration,storage,analysisandvisualizationin
bigdata.Ineveryphase,technicalchallengesandthelatestadvancementarediscussed,andthese
discussionsaimtoprovideacomprehensiveoverviewandcompletepictureofthisexcitingarea.
Thissurveyisconcludedwithadiscussionontheapplicationofbigdatainprecisionagriculture
anditsfuturedirections.
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1. INTRODUCTION

TheUnitedNationsestimatesthatitistheneedtoincreasethefoodproductionto50percentbythe
middleofthecurrentcentury(FAO,2009).Agriculturalproductiontripledduringthelastdecades
astheworld’spopulationdoubled(Kitzesetal.,2008).Agricultureremainsessentiallyaprimary
sourceof food for thepopulationand rawmaterial fora largenumberof industries (daSilvaet
al.,2009).Populationgrowth,climatechangeandbio-energycropsareworldwidetrendsthatare
increasingtheimportanceofusingsciencetoimproveagriculture(Tilmanetal.,2011).Withthe
needtoproducemorefoodusingfewerinputs,agricultureisseekingnewproducts,practicesand
technologies.Researchactivitiescenteringongenomics,bioinformaticsandcomputationalbiology
ofplantsandanimalsenablethescientistsandorganizationstobetterfeedtheworldandimprove
thequalityoffoodandanimalcrops.Progressinagriculturalgrowthcanserveasacriticalposition
for designing successful strategies to transform the economy and meet sustainable development
(Christiaensenetal.,2010)andtheinvestmentsinagriculturalresearchplayakeyroletoagricultural
growth.Farmerswillhavethetoolstogetthemostfromeveryacre.Thefutureoffarmingdepends
largelyonadoptionofcognitivesolutions.Whilelargescaleresearchisstillinprogressandsome
applicationsarealreadyavailableinthemarket, theindustryisstillhighlyunderserved.Whenit
comestohandlingrealisticchallengesfacedbyfarmersandusingautonomousdecisionmakingand
predictivesolutionstosolvethem,farmingisstillatabuddingstage(Jonesetal.,2017).Research
onnewgenerationagriculturaldesignmodelsshowsthatthedataismostimportantparameterfor
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on-farmdecisionsupport,researchinvestmentandpolicydecisionmaking.Theagriculturalindustry
willbetransformedbydatascienceandartificialintelligence.Collectingreliableagriculturedatafor
farmmanagementdecisionmakingisimportantscenario.Thedevelopmentsintheconceptofsmart
farmingmakeagriculturemoreefficientandeffectivewiththehelpofhigh-precisionalgorithms
(Basecaetal.,2019).Themechanismusedinsmartfarmingismachinelearning(ML),thescientific
fieldthatgivesmachinestheabilitytolearnwithoutmuchprogramming.Ithasemergedtogetherwith
bigdatatechnologiesandhigh-performancecomputingtocreatenewopportunitiestoease,quantify
andunderstanddataintensiveprocessesinagriculturaloperationalenvironments.Thedevelopments
indicatethatagriculturecanbenefitfrommachinelearningateverystagelikespicesmanagement,
fieldmanagement,cropmanagementandlivestockmanagement.Theartificialintelligence(AI)and
machinelearningareusedinanumberofagriculturalapplicationstodayincludetheyieldprediction
algorithmsbasedonweatherandhistoricalyielddata,imagerecognitionalgorithmstodetectpest
anddiseasesinplantsandroboticstoharvestdifferenttypesofspecialtycrops(Tibbetts2018).This
aspectneedsanadaptivemethodtocontrolthedatasourcesanddecision-makingsystemsforbetter
productionandmarketingwithlesswasteofresource.Agriculturebigdataisplayingimportantrole
byincorporatingtheAIandML.Thefarmersareusingdatatocalculateharvestyields,fertilizer
demands,costsavingsandeventoidentifyoptimizationstrategiesforfuturecropsassmartmachines
andsensorsonfarmsandfarmdatagrowinquantityandscope, farmingprocesseswillbecome
increasinglydatadrivenanddataenabled.

Inordertoobtainbetterproductivity,thepeopleareusingprecisionagriculture(DeRangoetal.,
2019),Somayehetal.(2018)andMaesandSteppe(2019),automatedirrigationscheduling(Lietal.,
2018;Soulis&Elmaloglou,2018),optimizationofplantgrowth,farmlandmonitoring,greenhouse
gasesmonitoring,productionprocessmanagementandsecurityincrops(Yuanetal.,2018;Huang
etal.,2018,Groenveldetal.,2019).

2. BIG DATA TECHNOLOGIES AND TOOLS

Recenttechnologicaldevelopmentledtoautomationofseveralprocessesinvariousdomainslike
agriculture,healthcare,frauddetection,etc.,whichinturnledtothegenerationofhumungousdata.
McKinsey&Co.(Manyikaetal.,2011))foreseesthatthesocietyisnowfacingatremendouswave
ofinnovation,productivity,andgrowthaswellasnewmodesofcompetitionandvaluecapture-all
drivenbyBigData.ThetermBigDataismainlyusedtodescribemassive,oftenunstructured,and
heterogeneousdigitalcontentwhichisdifficulttostoreandprocessusingtraditionaldatamanagement
toolsandtechniquesTalia(2013),StephenKaisleretal.(2015),RobLokersetal.(2016)).Oncethese
startedgainingattention,thedataanalystdevelopeditfurtherandcurrentlybigdatacanbedescribed
usingthe10Vmodel.Borne(2014)haslistedtheV’saschallengesindeployingBigDataintoany
application.TheseV-basedcharacterizationsrepresenttendifferentchallengesassociatedwiththe
main tasks involving big data like- capture, cleaning, curation, integration, storage, processing,
indexing,search,sharing,transfer,mining,analysis,andvisualization.Bigdatacanbedescribedby
thefollowing10characteristicswhichareillustratedinFigure1andTable1.

These coveredmostof the challenges inbigdata includingcollecting, storing, transferring,
analyzing,andvisualizing.Bigdataisprimarilydefinedbythevolumeofadataset.Thedatasets
aregenerallyhugemeasuring tensof terabytesandsomecasescrossing thepetabytes.The term
bigdatawasprecededbyverylargedatabaseswhichweremanagedusingdatabasemanagement
systems.Currently,bigdatafallsunderthreecategoriesofdatasetsnamelystructured,unstructured
andsemi-structured.Thestructureddatasetscompriseofdatawhichcanbeusedinitsoriginalform
toderive results.Theunstructureddatasetscompriseofdataarewithoutproper formattingand
alignment(Khanetal.,2014).Semi-Structureddatasetsareacombinationofbothstructuredand
unstructureddata.Bigdataprocessingrequiresaparticularsetupofphysicalandvirtualmachines
toderiveresults.Theprocessingisdonesimultaneouslytoachieveresultsasquicklyaspossible.
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Table 1. The 10 V’s of big data

Volume Thereisalargeamountofdataisgeneratedfromvarioussources.

Variety Datahascomplexstructures,differentdatatypes,andformatsdependingonthedatasources.

Velocity Inrealtimeprocessing,therateofdataflowingintoandoutofthesystemsishigh.

Veracity Duetothedifferentdatasourcesareoftenofmanydifferentoriginsdataqualityisnotallverifiable.

Validity Validityisbasedonveracity,thedatashouldhavequality,governance,masterdatamanagement
(MDM)onmassive,diverse,distributedandheterogeneous.

Value Toderivesignificantvaluefromhighvolumesofdatawithalowvaluedensityisnotstraightforward.

Variability Thedatasourceshouldbedynamic,evolving,spatio-temporaldata,timeseries,seasonal,andany
othertypeofnon-staticbehavior,customers,objectsofstudy,etc.

Venue Datasourcesaredistributed,heterogeneousdatafrommultipleplatforms,fromdifferentowners’
systems,withdifferentaccessandformattingrequirements,privatevs.publiccloud.

Vocabulary Itrelatesnewconcepts,schema,datamodels,semantics,ontologies,taxonomies,andothercontent-
andcontext-basedmetadatathatdescribethedata’sstructure,syntax,content,andprovenance.

Vagueness Itrelatestotheconfusionoverthemeaningofbigdataandoveralldevelopmentsaroundbigdata.

Figure 1. The 10 V’s of big data



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

51

Thesedays,bigdataprocessingtechniquesalsoincludeCloudcomputingandartificialintelligence.
These technologieshelp inreducingmanual inputsandoversightbyautomatingmanyprocesses
andtasks.Datasetsareconsignedthebigdatastatusbasedontechnologiesandtoolsrequiredfor
theirprocessing.Inagriculturebigdata,variousdatamodelsandalgorithmsareneededatdifferent
stagesstartingfromdatacollection,storage(pre-processing),analytics(processing),visualization
(post-processing) todecision–making.Thedevelopmentofbigdatacomputing technologiesand
toolssuchasHadoop,HDFS,Bigtables,HBase,HIVE,CASSANDRA,ZOOKEEPER,MAHOUT,
PIG,MapReduce,NoSQL,SPARK,Stormetc.,haveeasedtheprocessofexploringtheBigDatafor
variousapplications(Moorthyetal.,2015).Simulationmodelsplayanimportantroleininforming
farmerpracticesbyonlinecropproductionmodellikeYieldProphet,breedingstrategiesbygenetic
algorithmandgovernmentpoliciesbyintegratedassessmentmodelslikeSeamless(Hochmanetal.,
2009,Cooperetal.,2009,Bezlepkinaetal.,2010).

3. CONCEPTUAL FRAMEwORK OF THIS wORK

Inordertoanalyzethechallengesandopportunitiesinagricultureindustryusingbigdataaconceptual
frameworkwasdevelopedtoprovideasystematicclassificationofissuesandconcepts(Wolfertetal.,
2019).Amajorcomplexityofsuchapplicationsisthattheyrequireadoptionbetweenthedifferent
stakeholdershavingdifferentrolesinthedatavaluechain.Therearetwomaincomponentsofthe
architecturedefinedandare thedataplatformfordata storageandprocessingand theoperation
platformdirectlydealingwithon-siteandprovidingaconnectiontotheagriculturalenvironment.

Thedataplatformisconnectedtotheoperationplatformusingthebigdatastorageandanalytics
platform, development tools, semantic modeling tools and simulation and resource optimization
framework.Thearchitectureof thedataplatform is shown inFigure2.The interfaceallows the
uploadingofalargebatchofhistoricaldatacollectedonthesitetotheclouddatastorage,real-time
asynchronouscommunicationbetweenthedataandoperationalplatformandexportofpredictive
functionsbuiltonthedataplatformandtheirdeploymentontheoperationplatformforscoringof
theoperationaldata.

The subsections provide a detail description of the subcomponent of the data platform and
operationplatform.

3.1. Big Data Storage and Analytics Platform
TheBigDatastorageandanalyticsplatformprovideresourcesandfunctionalitiesforstorageaswell
asforbatchandreal-timeprocessingoftheBigData.Itprovidesmainintegrationinterfacesbetween
thesiteoperationalplatformandtheClouddataplatformandtheprogramminginterfacesforthe
implementationofthedataminingprocesses.

Dataacquisition inbigdatahas twocomponents: identificationandcollectionofBigData.
IdentificationofBigDataisdonebyanalyzingthetwonaturalformatsofdatageneratedbydigital
andanalogue.Digitaldataistheinformationwhichhasbeencapturedthroughadigitalmedium,
e.g.acomputerorsmartphoneapp,etc.Thistypeofdatahasanever-expandingrangesincesystems
keeponcollectingdifferentkindsofinformationfromusers.Digitaldataistraceableandcanprovide
bothpersonalanddemographicbusinessinsights.Dataintheformofpictures,videosandothersuch
formatswhichrelatetophysicalelementsofourworldaretermedasanaloguedata.Analoguedata
requiresconversionofdataintodigitalformatbyusingsensors,suchascameras,voicerecording,
digitalassistants,etc.Theincreasingreachoftechnologyhasalsoraisedtherateatwhichtraditionally
analoguedataisbeingconvertedorcapturedthroughdigitalmediums.

Inagriculturedomainanditsapplications,datacollectionfromvarioussourcesplaysanessential
role.Theyareclassified into twocategoriesnamedpublicandprivate.Publicdatacomprisesof
recordsthatarecollected,maintainedandanalyzedthroughpubliclyfundedsources,specificallyby
governmentagencies.Theimportantpublicagriculturedatageneratingsourcesareweatherrecordsby
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meteorologicalinformationandsatelliteimagery,longertermclimate,nationalsoildatabase,digital
elevationmodels,marketsinfo,regionalandnationalinventoriesetc.Privatedatacomprisesofdata
recordsgeneratedattheproductionlevelandoriginatewiththefarmer,whocollectdataaspartof
theirnormalday-to-dayactivitiessuchasyield,soilanalysis,irrigationlevels,livestockmovement
andgrazingrates.Inagricultureandhorticulture,awell-establishedrangeofinstrumentsareavailable
formeasuringparameterssuchasmass,volume,temperature,relativehumidity,gasandfluidflow.
GPS-basedapplicationsinprecisionfarmingarebeingusedforfarmplanning,fieldmapping,soil
sampling,tractorguidance,cropscouting,variablerateapplications,andyieldmapping(Benoitetal.,
2012).Cropsensorsplayavitalroletoeasethequalitycropbyautomaticidentificationandcropping
(Benoitetal.,2012;Roselletal.,2012).Close-rangesensingusingtetheredballoons,smallradio-
controlledaircraftshasbeenemployedtogatherphotographicormulti-spectralinformationoncrops
andsoils.Chemicalsensorsarealsousedtoregisterthepresenceandamountofspecificchemicals
orchemicalgroups(LarisaLvovaetal.,2017)).Theadvancementsofsensorsinagriculturedata
collectionscontributedtoenormousdevelopmentinthefarmingmethods(Bochtisetal.,2019).The
developmentsinprecisionagriculture,automatedirrigationsystems,optimizationofplantgrowth,
productionmonitoringareafewpotentialapplications.Thisimportantdataforindustryiscreated
andcapturedathighcost.Itneedsbulkstoragedevicesforexperimentaldatabases,arraystorage
forlarge-scalescientificcomputations,andlargeoutputfiles.

ForSmartFarming,thepotentialofunmannedaerialvehicles(UAVs)hasbeenwell-recognized
(Faulkner andCebul,2014;Holmes,2014).Droneswith infraredcameras,GPS technology, are
transformingagriculturewiththeirsupportforbetterdecisionmaking,riskmanagement(Zilberman

Figure 2. Conceptual framework
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etal.,2018).Inlivestockfarming,smartdairyfarmsarereplacinglabourwithrobotsinactivitieslike
feedingcows,cleaningthebarn,andmilkingthecows(Scottetal.,2015).Onarablefarms,precision
technologyisincreasinglyusedformanaginginformationabouteachplantinthefield(Pivotoetal.,
2018).Withthesenewtechnologies,dataisnotintraditionaltablesonly,butcanalsoappearinother
formatslikesoundsorimages(Sonka,2015).Theadvancesindataanalysistechniquestriggerthe
useofdatainimagesorotherformats.InBigDataandSmartFarming,human-sourceddatahave
rarelybeendiscussedexceptinrelationtothemarketingaspects(Verhooseletal.,2016).Limited
capacitywithregardtothecollectionofrelevantsocialmediadataandsemanticintegrationofthese
datafromadiversityofsourcesisconsideredtobeamajorchallenge(Bennett,2015).

Data are generated through precision agriculture. Micro-irrigation techniques are cost-
effectiveandwater-usageefficientanditneedtoadopttheparametersfromenvironmentaland
soilinformation(Geetal.,2018,Kamilarisetal.,2017,Sharmaetal.,2018).Thecontrolledusage
offertilizers,pesticidesneedtomonitortheprobabilityandoccurrenceofpestsincropsandthe
surrounding climate information (Shrivastava et al., 2019). Cattle moment tracking and asset
trackingareimportantforagricultureandthesedataaregeneratedbyRFIDsensorsandmonitored
(Kwongetal.,2012;Misraetal.,2012).

Tobetterpreparefordisruptionsinfoodsupplyandglobalcropmarketpricefluctuationsofthe
typeswitnessedoverthelast10years,timelyandaccurateinformationoncurrentandforecasted
globalfoodproductionisneeded(Fritzetal.,2019).Improvedmonitoringwillenablemoreaccurate
forecastingofcommoditypricesandabetterunderstandingofthekeyrisksinfoodsupply,helping
toreduceglobalfoodinsecurity(Godfrayetal.,2010).

TherainfallestimationandtheNormalizedDifferenceVegetationIndex(NDVI),GIEWSuse
theAgriculturalStressIndex(ASI)forearlyidentificationofagriculturalareasthatmaybeaffected
bydryspellsordroughts(Rojasetal.,2011).Theagrometeorologicalmodelsbasedondataobtained
fromnationalmeteorologicalnetworkswillshowhotspotswherecropsareaffectedbywaterstress
duringthegrowingperiodandalsoitcanuseforverifyingdatafrompublicinstitutions(Rojas,2015).
Earlywarningsystemsnetworkwillprovidedecisionsupporttofoodassistanceprogramsandrelief
agencies(FunkandVerdin,2010).

Adecisionsupportsystem,theMARScropyieldforecastingsystemprovidesindependentand
evidence-basedinformationonthestatusofannualcropsintheEUandneighboringcountriesby
monitoringcropgrowthandforecastingcropyields(Supitetal.,1994;Baruthetal.,2008;Gallego
etal.,2010;Boogaardetal.,2013;López-Lozanoetal.,2015).

AgriculturalBigDatawillhavenorealvaluewithoutBigDataanalytics(Sunetal.,2013).To
obtainBigDataanalytics,datafromdifferentsourcesneedtobeintegrated.Inthisprocess,data
qualityissuesarelikelytoariseduetoerrorsandduplicationsindata.Thesecondstepinthedata
acquisitionprocessiscollectionandstorageofdatasetsidentifiedasbigdatasincetheoldDBMS
techniqueswereinadequateformanagingbigdata.TheprocessiscalledMAD–magnetic,agile
anddeepisusedforcollectingandstoringbigdata.Since,managingbigdatarequiresasignificant
amountofprocessingandstoragecapacity,creatingsuchsystemsisout-of-reachformostentities
whichrelyonbigdataanalytics.Thus,themostcommonsolutionsforbigdataprocessingtodayare
basedontwoprinciples–distributedstorageandMassiveParallelProcessing(MPP).Thehigh-end
HadoopplatformsandspecialtyappliancesuseMPPconfigurationsintheirsystem.JavaScriptObject
Notation(JSON)isthepreferredprotocolforsavingbigdatanowadays.UsingJSON,thetaskscan
bewrittenintheapplicationlayerandallowbettercross-platformfunctionalities.Dataareprimarily
storedintheDistributedFileSystem,whichisresponsibleforthedistributionandreplicationoflarge
datasetsacrossthemultipleservers(datanodes)(AhmedOussousetal.,2018).Aunifiedaccess
to thestructureddata isprovidedby theDistributedDatabaseusing thestandardstandardquery
language(SQL)interface.

Hadoop isadistributed file systemforstoringandperformingbigdataanalytics,which
provide reliability, scalability,andmanageability.Hadoopconsistsof twomaincomponents:
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theHadoopdistributedfilesystem(HDFS)forthedatastorageandMapReduce(MR)fordata
analytics.MapReduce(MR)isaneffectiveprogrammingmodelusedincloudcomputingand
large-scaledata-parallelapplications.TheschematicoftheMapReduceisshowninFigure3.
Itisusedforprocessingvastdatasetswithlargenumberofparalleldistributedalgorithmson
acluster.Both thedatanodesand thenamenodeofHDFSprovidea redundantandreliable
distributedfilesystem,whichisoptimizedforlargefiles,whereasinglefileissplitintoblocks
anddistributedacrossclusternodes.TachyonisthedistributedfilesystemthatextendsHDFSand
providesaccesstothedistributeddataatmemoryspeedacrossthecluster.Someofthefeatures
whereTachyonhasoutsmartedHDFSarein-memorydatacachingforenhancedperformance
andbackwardscompatibilitytoworkseamlesslywithSparkaswellasMRtaskswithoutany
codechangesrequiredtotheprograms.TheotherBigDatastoragemethodsareobject-based
mechanism,thatareabletoscaletoveryhighcapacityandenormousfilessothatenterprisescan
taketheadvantageofBigDataastheDNSwayofdoingthingsovertheInternet(Bhat,2018).
MapReducehasalsobeenshowntohavesignificantproblemswithmorecomplexalgorithms,
likeconjugategradient,fastFouriertransformandblocktri-diagonallinearsystemsolver(Cohen,
2009).MapReduceusedtopredictwhether,agriculturalcommoditypriceanalysisandcropdisease
analysis(Huetal.,2015;Doreswamy&Gad,2016).Yetanotherresourcenegotiator(YARN)
isintroducedthathastakenHadooptoanactuallycomputationally-agnosticBigDataplatform.
MRrunsasaserviceoverYARN,whileYARNhandlesschedulingandresourcemanagement
relatedfunctionalities.ThisseparationhasmadeHadoopsuitableforimplementinginnovative
applications.ApacheSparkandMicrosoft’sDryadprovidethebig-dataprocessingframework
asApacheHadoop(Hosseinietal.,2019).

AgriculturalBigDataareknowntobehighlyheterogeneous(Ishii,2014,Lietal.,2014).
Theheterogeneityofdataconcernsforexamplethesubjectofthedatacollected(i.e.,whatis
thedataabout)andthewaysinwhichdataaregenerated.Datacollectedfromthefieldorthe
farmincludeinformationonplanting,spraying,materials,yields,in-seasonimagery,soiltypes,
weather,andotherpractices.

InNorthAmerica,severalinitiativesareundertakentoopenupdatatransferbetweenseveral
platformsanddevices.TheISOBlueprojectfacilitatesdataacquisitionthroughthedevelopmentof
open-sourcehardwareplatformsandsoftwarelibrariestoforwardISOBUSmessagestothecloudand
developapplicationsforAndroidsmartphones(Laytonetal.,2014).Theyemphasizethecapability

Figure 3. Representation of MapReduce in big data
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tosharedatarecordseasilybetweenseveralworkerswithinthefarmerstakeholdersoutsidethefarm
andtheguaranteeoflong-termownershipoffarmer’sdata(Welteetal.,2013,Aultetal.,2013).

InEurope,muchworktorealizeanopeninfrastructurefordataexchangeandcollaborationwas
donewithintheirFutureInternetprogramme.Thefocusofthisprogrammewastorealizeasetof
GenericEnablers(GEs)fore.g.cloudhosting,dataandcontextmanagementservices,IoTservices,
securityandBigDataAnalysiswhicharecommontoallFutureInternetapplicationsforallkind
ofdifferentsectors,calledFIWARE(Wolfertetal.,2014,Kaloxylosetal.,2012;Kaloxylosetal.,
2014).TheFutureInternetspaceprojectimplementedtheinterfacearchitectureintoarealplatformfor
businesscollaboration(Barmpounakisetal.,2015;Wolfertetal.,2014).Janssenetal.(2017)provide
examplesofdataandinformationtechnologystructuresthatillustratehowprivateandpublicdata
componentscouldbedevelopedforsuchusecases.Jonesetal.(2017)arguethatthemostimportant
currentlimitationisdata,bothforon-farmdecisionsupportandforresearchinvestmentandpolicy
decisionmaking.Oneofthegreatestdatachallengesistoobtainreliabledataonfarmmanagement
decisionmakingbothforcurrentconditionsandunderscenariosofchangingbio-physicalandsocio-
economicconditions.

Dataintegrationcombinesdataresidingatdifferentsourcesandprovidestheuserwithaunified
viewofthesedataisakeymethod.Aneffectivesolutiontoaddressthedataintegrationproblemis
tolearngooddatarepresentationsfromeachindividualdatasourceandthentointegratethelearned
featuresatdifferentlevels(Berman,2018).Srivastavaetal.(2012)developedanovelapplication
of deep learning algorithms to learn a unified representation by integrating real-valued dense
imagedataandtextdata.Anothertedioustaskisassociatedwithhighvarietyi.e.thedataareoften
highdimensionalandnonlinear,suchasglobalclimatepatterns,stellarspectra,andhumangene
distributions.Todealwithhigh-dimensionaldata,dimensionalityreductionisaneffectivesolution
throughfindingmeaningfullow-dimensionalstructureshiddenintheirhigh-dimensionalobservations.

Forbigdata,speedorvelocityreallymatters,whichisanotheremergingchallengeforlearning.
Exploitingavarietyoflearningmethodstoanalyzebigdatasets,itistoextractvaluableinformation
frommassiveamountsofdataintheformofdeepinsightorcommercialbenefits.Therefore,value
isalsocharacterizedasasalientfeatureofbigdata.However,toderivesignificantvaluefromhigh
volumesofdatawithalowvaluedensityisnotstraightforward.Tohandlethischallenge,knowledge
discovery in databases (KDD) and data mining technologies (Guarascio et al., 2019; Perera et
al.,2016)comesintoplay.Thesetechnologiesprovidepossiblesolutionstofindouttherequired
informationhiddeninthemassivedata.Fewauthorsreviewedstudiesonapplyingdataminingand
KDDtechnologiestotheIoT.Particularly,utilizingclustering,classification,andfrequentpatterns
technologiestominevaluefrommassivedatainIoT,fromtheperspectiveofinfrastructuresandfrom
theperspectiveofserviceswerediscussedindetail.Wuetal.(2014)characterizedthefeaturesof
thebigdatarevolutionandproposedbigdataprocessingmethodswithmachinelearninganddata
miningalgorithms.Anotherchallengingproblemassociatedwiththevalueofbigdataisthediversity
ofdatameaning,i.e.,theeconomicvalueofdifferentdatavariessignificantly,eventhesamedata
havedifferentvalueifconsideringfromdifferentperspectivesorcontexts.

Theothersystemusedtohandlethebigdataisthecloudagiletechnologywiththeadvantages
ofdatacentric,storageanddatamanagementconfluence,andstorageinformationinfrastructure-
oriented.Cloud-basedstorageisabletoprovidevirtuallyunlimitedstorageandflexibleaccessto
thedatasoastocarryoutvariousapplicationsandservicesviatheinternet(Elshawietal.,2019).

3.2. Data Visualization
Themainfocusofdatavisualizationistoconveytheinformationortheknowledge,whicharedugin
thecomplexandlarge-scaledatasetsinavisualform(Rice,2018).Datapresentationiscrucial,since
theenduserstrugglestoinferthevitalinformationofthegenerateddatafromvarioussources,because
theyareusuallyunstructuredandheterogeneous.ForBigDataapplications,datavisualizationis
extremelydifficultduetolargesize,highdimensionofdataanditscrucialV’s.Tovisualizelarge-scale
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data,featureextractionandgeometricmodelingcanbeimplemented,todecreasethedatasizebefore
actualprocessing.Visualizationbasedtoolsshouldfulfillthreerequirementssuchasexpressiveness,
effectivenessandappropriateness.Throughclimatevisualizationtools,variousclimateparameters
arevisualized.Someofwell-knowntechniquesfordatavisualizationareTagcloud,Clustergram,
MotionchartsandDashboard(VanHertemetal.,2017;Graingeretal.,2016).Theoperationdata
visualizationisawebuserinterfacewhereoperationalmanagerscanconfigurevariousreal-time
visualizationsofoperationaldataandmonitorthedeployedpredictivefunctions.Thevisualizeddata
canbeenhancedwiththenewtrendindicatorsusingvarioustrendanalysismethods.Theoperational
datavisualizationframeworkalsoprovidesAPIfortheimplementationofthenewtrendindicators.

4. OPPORTUNITIES AND ADVANCEMENTS AND UTILIZATION 
OF BIG DATA IN AGRICULTURAL INDUSTRy

AsopportunitiesforBigDatahavesurfacedintheagribusinesssector,bigagriculturecompanies
suchasMonsantoandJohnDeerehavespenthundredsofmillionsofdollarsontechnologiesthat
usedetaileddataonsoiltype,seedvariety,andweathertohelpfarmerscutcostsandincreaseyields
(Faulkner&Cebul,2014).Otherplayersincludevariousaccelerators,incubators,venturecapital
firms,andcorporateventurefunds(Monsanto,DuPont,Syngenta,Bayer,DOWetc.)(Lane,2015).

Astheagritechdevelops,anincreasingnumberofsmalltechstartupsarelaunchingproducts
givingtheirbiggercounterpartsarunfortheirmoney.IntheUSA,start-upslikeFarmLogs(Guild,
2014),FarmLink(Hardy,2014)and640LabschallengeagribusinessgiantslikeMonsanto,Deere,
DuPontPioneer(Plume,2014).Oneobservesaswarmofdata-servicestart-upssuchasFarmBot
(anintegratedopensourceprecisionagriculturesystem)andClimateCorporation.Theirproducts
arepoweredbymanyofthesamedatasources,particularlythosethatarefreelyavailablesuchas
fromweatherservicesandGoogleMaps.Theycanalsoaccessdatagatheredbyfarmmachinesand
transferredwirelesslytothecloud.Traditionalagri-ITfirmssuchasNECandDacomareactivewith
aprecisionfarmingtrialinRomaniausingenvironmentalsensorsandBigDataanalyticssoftware
tomaximizeyields(NEC,2014).

Inthestateoftheartofbigdataapplicationsinagriculture,thedataarecapturedusingsensors,
opendata,usingbiometricsensinggenotypeinformation(FaulknerandCebul,2014;Coleetal.,
2012,Van‘tSpijker,2014)).Theissueistheavailabilityislimitedandthequalityofthesensorsis
immatureduetothelackofdevelopments(Tien,2013).Indatastorage,theCloud-basedplatform,
Hadoopdistributedfilesystemandhybridsystemareused.Thesystemneedstoimprovequickand
safeaccessofdataalongwithinstallationandmaintenancecost.WirelessCloud-basedplatforms
areusedfordatatransfereventhoughithastheissuesonsafety,agreementsonresponsibilitiesand
liabilities.TomakeBigDataapplicationsforSmartFarmingwork,anappropriate technological
infrastructureisessential.

Thedevelopmentinbigdatatechnologiesimprovesthecomprehensiveproductivityofagriculture
andtheoverallproductivityofagricultureusingmoderninformationtechnologyandinformation
systems(ElBilalietal.,2018).Becauseofvolume,diversity,andcomplexityofagriculturedatasets,
therearenumberofchallengesforinnovativearchitectureandframeworks,algorithms,andanalytics
tomanage,toextractvaluesandhiddenknowledgefromit.Bigdatamayplayavitalroleforeffective
decisionmakingforfarmers,policymakers,companiesinvolvedinagri-businessandagro-inputs,
banks,insurancecompaniesandserviceproviders.Themajoropportunitiesandchallengesliewith
settingabenchmarkinagriculturesector,becausethefactorsinfluencingtheagriculturewillvary
withclimate,area,soiltype,cultureandtradition.

Theconsiderablechallengesofagriculturebigdataexistatdifferentstages,suchasdatacollection,
storage and analysis since the agriculture data set contains various data like soil, climate, seed,
cultivationpractices,irrigationfacilities,fertilizers,pesticides,weeds,harvesting,postharvesting
techniques,etc.Ahugeamountofdataisgeneratedandmaintainedbygovernments,universities,
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researchorganizations,agri-businessandagro-inputcompaniesforagricultureproduction,insurance,
marketing, supply chain, packaging, distribution, etc. (Shrivastava et al., 2019). Because of the
multimodalnatureofdata,ithasseveralchallengesliketheimprovingmethodsfordatacollection,
effective and efficient statistical and data analytical techniques to understand and support the
functionsofvariousagricultureverticals.Theagriculturebigdataisnotsosensitive.So,thereis
lesssecurityorprivacyissuesinagriculturedata.Theagriculturepracticesguideagriculturedata
mining(Kamilarisetal.,2017).

Thechallengesarealsoinimplementationcostsside.Thechallengeistoautomatedataacquisition
insuchawaythattherearevirtuallynocosts(Sonka,2015).Becauseon-farmdatawillgenerally
remaininthehandsofindividualcompanies,investmentsareneededinacommonpoolinfrastructure
totransferandintegratedataandfinallymakeapplicationsoutofit.Poppeetal.(2015)suggestsan
coordinationbetweentheAgriculturalBusinesscentersandDataExchangeFacilitiesofthearea.
Thechallengeinthisareaisifthecoordinationwillbeclosed,proprietarysystemsorifthesewill
bemoreopen.Anotherbusiness-relatedchallengeofBigDataishowthepotentialofinformation
acrossfoodsystemscanbeutilized(Sonka,2015).

ThebiggestchallengesofBigDatagovernanceareprobablyhowtoensureprivacyandsecurity
(Orts&Spigonardo,2014;Sonka,2014;Van‘tSpijker,2014).Currently,thisissometimesinhibiting
developmentswhendataareinsilos,guardedbyemployeesorcompaniesbecauseofthisissue.They
areafraidthatdatafallintothewronghands(e.g.ofcompetitors)(Gilpin,2015b).Henceprivileged
accesstoBigDataandbuildingtrustwithfarmersshouldbeastartingpointindevelopingapplications
(Van‘tSpijker,2014).Therefore,neworganizationallinkagesandmodesofcollaborationneedtobe
formedintheagri-foodchain(Sonka,2014).Theabilitytoquicklyaccessthecorrectdatasources
toevaluatekeyperformance/coreprocessesandoutcomeindicatorsinbuildingsuccessfulgrowth
strategies.Anonymizationofdata,sothatitcannotbetracedbacktoindividualcompaniescanalso
beaproblemsometimes(Orts&Spigonardo,2014).

Assessingimpactsofnewtechnologiesandclimateadaptationarechallenging,mostagricultural
technologyimpactassessmentiscarriedoutaftertechnologieshavebeendisseminated.However,there
isagrowingrecognitionoftheneedforforward-looking,technologyimpactassessmentdesignedto
anticipatebothintendedandunintendedimpacts(Antle,2011;Antleetal.,2014).Oneofthemost
importantgrowingapplicationsofforward-lookingimpactassessmentisforclimateadaptationand
climatesmartagriculture(Lipperetal.,2014).

Capalboetal.(2017)presentanillustrativeanalysisofhowclimatechangemayimpactdry-land
wheatproducingfarmersintheU.S.PacificNorthwest.Projectedchangesinclimatearetranslatedinto
changesinkeyclimatefactorsaffectingthegrower’syieldsandtheseyieldchangesaretransformed
intonetreturns.

AsAntleetal.(2017)observethattheusersdonotwantmodels,buttheywanttheinformation
theycanproduce.Thismeansthatmodelsmustbeembeddedindecisionsupporttoolsthathavevalue
tofarmmanagers.Oneimprovementcouldbetoautomatedatacollectionusingsensorsonmachinery
andothermobiledevices,aswellasfromweb-basedsourcessuchasweather,andeconomicdata
suchasprices.Anotherareaofimprovementisinter-operabilityoftoolswithfarmaccountingandtax
preparationsoftware,sothatinformationcanbeenteredonceandthenutilizedinanintegratedway
acrossmultipleanalyticaltools.Theavailableapproachofmanuallycarryingoutthisintegrationon
acase-by-casebasismakesthistypeofanalysiscostlyeveninasmallgeographicregion,andoften
makesintegrationinfeasibleacrosslargerregions.

Second,thefactthatvirtuallyallstakeholderswantaccesstomodeloutputs,ratherthanaccess
tothemodelsthemselves,meansthatthereisademandfor“knowledgeproducts,”i.e.,toolsthat
facilitateaccesstomodeloutputsandprovideanalyticalcapabilitytointerpretmodeloutputsfor
decisionmaking.AsJanssenetal.(2017)observe,“apps”onmobiledevices,asisnowbeingdone
forsometypesofdecisionmakingsuchaspesticidespraydecisions–oraslargertabletcomputer
dashboardsfordatavisualizationandadditionalprocessingthroughmetamodelsandotheranalytical
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tools.Thefactthattheseknowledgeproductshavebeenslowtomaterializesuggestssomeformof
“marketfailure”.AssuggestedbyAntleetal.(2017),onesolutiontothesechallengesappearstobe
private-publicpartnershipsamongthevariousorganizationsthathaveamutualinterestinassuring
thatthedataareobtainedefficientlyandusedappropriatelyforbothprivateandpublicpurposes.

Therehavebeenmajordevelopmentsintheworldrelatedtofoodsafetyandtraceability.
Someoftheinitiativescomefromgovernmentstoprotectthehealthofthecitizens,theothersare
privateinitiativesbygrowersandretailersinordertomeettheexpectationsoftheircustomers
withrespecttofoodsafetyandenvironmentalsustainability.Precisionagriculturetechnology
helps thefoodsafetybydevelopingabetterdecisionsupportsystemforagriculture industry
presentssomespecificchallengesininformationindustry.Usingnetwork,internetandsensors
givesacompletepictureforprecisionagriculturealongwiththedeceasemanagementandcattle
movement.Analysistoolsbasedonnetworktheorycanbeusedinthecontrolandmonitoring
systems of food business operators by analyzing their commercial relations with each other
(Baranyietal.,2013;Chmieletal.,2007).Themanagementchallengesincloselyco-operating
enterprises,aswellasthemutualdependenceofallparticipantsinthefoodchain,necessitate
theapplicationofnetworkscienceinthisarea(Fritzetal.,2008).Thecattleidentificationand
traceabilityarebecominganecessarypre-conditionfortheinternationalcompetitivenessofcattle
andthecattle-productexportmarket(Schroederetal.,2012).Thenetworkanalysisapproachhas
appliedtoanalyzeandpreventfootandmouthdisease(Dubeetal.,2009).Martinez-Lópezet
al.(2009)haveanalyzedthetrans-boundaryflowofanimalswiththepurposeofimplementing
disease prevention measures and Bajardi et al. (2011, 2012) mapped the Italian cattle trade
networkandmadegreatprogressinanalyzingdynamicpatterns,usingnetworksciencetoolsto
optimizecattlefarmsurveillance.

Improvingthetechnologiesindatatransmissionisimportantfortheagriculturesector.Thelack
ofdataorpossibledelaysinprovidingupdatedrecordsmaymaketheirusedifficult,especiallyfor
time-varyingpatterns.Theavailabledatatransmissionmodels,i.e.cellular,wireless,andsatelliteare
laggingbehindtheneedsofagricultureproduction.TherecentreportCo-Bank(Tayleretal.,2016)
releasedareportwhichbriefsthatthefarmersutilize30plusgigabytesofdatapermonthduringthe
harvestperiod.Thisismorethandoublewhattheywereusingthreeyearsagoandtheneedkeeps
growing.Cellularandhard-wiredprovidersarenotabletoreachmuchontheruralareas.However,
satellite-basedinternetconnectivitycouldprovideaneffectivesolutionoverlargergeographicareas
withoutsignal interruption.Theamountofdatagenerated fromdroneswilldependon the type,
frequency,andqualityofimagesthatarebeingtaken.Bennett(2016)suggeststhatcellularconnectivity
istheonlyviableoptionforcoveragemapsharing.

Insuranceisanotherpotentialapplicationofbigdataintheagriculture.Itestimatesthecrop
yieldsorcroplosseswithinseveraldays, thusallowinggovernmentsorinsurancecompanies
torespondtocatastrophesinamuchtimeliermanner(Castilloetal.,2016).Improvedcontract
designandcreativeusageofsatelliteallowgovernmentsandtheprivatesectortoextendinsurance
coverage(Williametal.,2010).

Utilizationofrealtimeinformationsharingbetweenfarmersandresearchersenablesservice
providerstosupplyrealtimeandpersonalizedservicesbasedonawiderangeoffactorssuchas:
location,crop,managementpractices,mechanizationlevel,irrigationtype,farmsizeandsoil
type.Theseinformtothefarmersaboutthedifferentchoicesofcultivationandtakenecessary
actionswheneverneeded.MinalSawantetal.(2016)usedPRIDEandmKRISHIbusinessmodels.
ThefarmersofDindoritehsiloftheNashikdistrictofMaharashtrastate,Indiaaretrainedby
researchersinordertogetmoreproductionwithinshortspanoftime.Duetothepersonalized
cropprotocol,agro-advisoryandtimelyalerts,theaverageincreaseinproductivitywasfound
tobe64%in2013–2014and112%in2014–2015.Italsocontributedtoarounda90%increase
infarmerparticipationinthesecondyear.
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5. CONCLUSION

CurrentBigDataplatformsinagriculturearesupportedbyvariousprocessing,analyticaltoolsas
wellasdynamicvisualization.Suchplatformsenabletoextractknowledgeandvaluefromcomplex
dynamicenvironment.Theyalsosupportdecisionmakingthroughrecommendationsandautomatic
detectionofanomalies,abnormalbehaviorornewtrends.Inthispaper,thebasicsofbigdataand
itsimportantphaseslikedataacquisitionandstorage,datatransportationanddataanalysisinthe
agroenvironmentaldomainarediscussed.Thechallenges in thebigdata indifferentphasesare
discussedandproposeditspossibleremedies.Also,wediscussedtheadvancedapplicationsofbig
datainagriculturalindustry.Thisdiscussionshouldleadtotheimprovementofmethodologiesand
techniquesrequiredtoefficientlyprovideaccesstoandsemanticallyinterlinksourcesfromdifferent
disciplinesforagriculturalindustry.ThesuccessfulintroductionofBigDatainnon-agriculturalsectors
consistentlystressesthebusinessissuesandopportunitiesdeterminethesuccessofthedomain.This
phenomenonisappropriateforagriculturebusinessaswell.Goingwiththeexistingtechnologies
and applying thebig data in the agribusiness chain will make agriculture business a profitable.
Someoftheseapplicationswillutilizedatathatisnotdirectlycapturedfromagriculturaloperations
toprovideenhancedproductandserviceofferingstothesector.Datagenerationandtransmission
acrossbusinessentitiesseemstobeanecessarycomponentoftheseapplications.Linkingdatafrom
operationswithinformationandknowledgefromlaboratoriesandagriculturalsiteswillberequired
toeffectivelyoptimizesectorperformance.Inordertodoso,thebestpossiblesolutionisopendata,
whichisapowerfulevidence-basedtoolforlongtermsustainabledevelopmentbyimprovingeconomic
opportunitiesforfarmersandhealthofconsumers.Openaccesstoresearch,meta-analysis,andopen
publicationofdataarevitalresourcesfornutritionalsecurity.ProvidingamorespecializedBigData
analysistoextendtheinformationaboutthefeatures,benefitsandlimitationsofeachframeworkand
languagewillhelptheindustry.Hence,technologicalissuesinmanyBigDataareascanbefurther
studiedandconstituteanimportantresearchtopic.
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