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ABSTRACT

Cloudcomputinghastranspiredasanewmodelformanaginganddeliveringapplicationsasservices
efficiently.Convergenceofcloudcomputingwithtechnologiessuchaswirelesssensornetworking,
InternetofThings (IoT)andBigDataanalyticsoffersnewapplications’of cloud services.This
paperproposesacloud-basedautonomicinformationsystemfordeliveringAgriculture-as-a-Service
(AaaS)throughtheuseofcloudandbigdatatechnologies.Theproposedsystemgathersinformation
fromvarioususersthroughpreconfigureddevicesandIoTsensorsandprocessesitincloudusing
bigdataanalyticsandprovidestherequiredinformationtousersautomatically.Theperformanceof
theproposedsystemhasbeenevaluatedinCloudenvironmentandexperimentalresultsshowthat
theproposedsystemoffersbetterserviceandtheQualityofService(QoS)isalsobetterintermsof
QoSparameters.
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1. INTRODUCTION

EmergenceofICT(InformationandCommunicationTechnologies)playsanimportantroleinthe
agriculture sectorbyproviding services throughcomputer-basedagriculture systems (Singhand
Chana,2015).Buttheseagriculturesystemsarenotabletofulfilltheneedsoftoday’sgeneration
duetoprocessingoflargeamountofdata,lackofimportantrequirementslikeprocessingspeed,
datastoragespace,reliability,availability,scalabilityetc.andevenresourcesusedincomputer-based
agriculturesystemsarenotutilizedefficiently.Agriculture-as-a-Service(AaaS)applicationsexhibit
Bigdatacharacteristics.Forexample,thevolumeofagriculturedatasetcapturedbyenvironments
suchasOpenGovernmentDataPlatformIndia(data.gov.in,2015),IndiaAgricultureandClimate
DataSet(Sanghietal.),andregionallandandclimatemodellinginChina(Shangguanetal.,2012)
canbeinorderof1000000recordswithsizeof3.5GB.Thedataiscominginlargedatavarietyand
volumefrombothusersintheformofimageslikedamagedcropimagesduetoweather,insectsetc.
anddevicesthroughInternetofThings(IoT)sensorsandsatellites(GPSsystems)thatsendweather
relatedimages.Asaresultofregularcapturingandcollectionofdatasets,theygrowwiththevelocity
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of80.72KB/minuteormore(data.gov.in,2015).Tosolvetheproblemofexistingagriculturesystems,
thereisaneedtodevelopacloud-basedservicethatcaneasilymanagedifferenttypesofagriculture
related-databasedondifferentdomains(crop,weather,soil,pest,fertilizer,productivity,irrigation,
cattle,andequipment)throughthesesteps:i)gatherdatafromvarioussensorsthroughpreconfigured
devices,ii)classifythegathereddata(heterogeneous,highvolumeofbigdata)intovariousclasses
through analysis, iii) store the classified information in cloud repository for future use, and iv)
automaticdiagnosisoftheagriculturestatus.Aslargenumberofusersareusingagriculturesystems
operatingonlargedatasetssimultaneously,thereisaneedofhighlyscalableandelasticdistributed
computingenvironmentsuchascloudcomputing.Inaddition,cloud-basedautonomicinformation
systemshouldbeable to identify theQoS(QualityofService)requirementsofuserrequestand
resourcesshouldbeallocatedefficientlytoexecutetheuserrequestbasedontheserequirements.

Themainaimofthispaperis todesignarchitectureofAgriculture-as-a-Service(AaaS)that
managesvarioustypesofagriculture-relateddatabasedondifferentdomains.Thisisrealizedthrough
thefollowingobjectives:i)proposeanautonomicresourcemanagementtechniquewhichisusedtoa)
gathertheinformationfromvarioususersthroughpreconfigureddevices,IoTsensors,GPS(Global
PositioningSystem),etc.b)extract theattributes,c)analyze the informationbycreatingvarious
classesbasedontheinformationreceived,d)storetheclassifiedinformationincloudrepositoryfor
futureuseande)diagnosetheagriculturestatusautomaticallyandii)performresourceallocation
automaticallyatinfrastructurelevelafteridentificationofQoSrequirementsofuserrequest.

The rest of the paper is organized as follows. Section 2 presents related work of existing
agriculturessystems.ProposedarchitectureispresentedinSection3.Section4presentsAutonomic
ResourceManagement.Sections5describetheexperimentalsetupandpresenttheresultsofevaluation.
Section6presentsconclusionsandfuturescope.

2. RELATED wORK

Existingresearchreportedthatfewagriculturesystemshavebeendevelopedwithlimitedfunctionality.
Relatedworkofexistingagriculturesystemshasbeenpresentedinthissection.

2.1. Existing Agriculture Systems
Ranyaetal.(2013)presentedALSE(AgricultureLandSuitabilityEvaluator)tostudyvarioustypes
of land to find theappropriate land fordifferent typesof cropsbyanalyzinggeo-environmental
factors. ALSE used GIS (Global Information System) capabilities to evaluate land using local
environmentconditionsthroughdigitalmapandbasedonthisinformationdecisionscanbemade.
Raimoetal.(2010)proposedFMIS(FarmManagementInformationSystem)usedtofindtheprecision
agriculturerequirementsforinformationsystemsthroughweb-basedapproach.Authoridentifiedthe
managementofGISdataisakeyrequirementofprecisionagriculture.Sorensenetal.(2010)studied
theFMIStoanalyzedynamicneedsoffarmerstoimprovedecisionprocessesandtheircorresponding
functionalities.Furthertheyreportedthatidentificationofprocessusedforinitialanalysisofuser
needs ismandatory foractualdesignofFMIS.Zhao (2002)presentedananalysisofweb-based
agriculturalinformationsystemsandidentifiedvariouschallengesandissuesstillpendinginthese
systems.Duetolackofautomationinexistingagriculturesystem,thesystemistakinglongertime
andisdifficulttohandledynamicneedsofuserwhichleadstocustomerdissatisfaction.Sorensen
etal.(2011)identifiedvariousfunctionalrequirementsofFMISandinformationmodelispresented
basedontheserequirementstorefinedecisionprocesses.TheyidentifiedthatcomplexityofFMIS
isincreasingwithincreaseinfunctionalrequirementsandfoundthatthereisaneedofautonomic
systemtoreducecomplexity.Yuegaoetal.(2004)proposedWASS(Web-basedAgriculturalSupport
System)andidentifiedfunctionalities(information,collaborativeworkanddecisionsupport)and
characteristicsofWASS.Basedoncharacteristics,authorsdividedWASSintothreesubsystems:
production,research-educationandmanagement.
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Reddyatel.(1995)proposedGISbasedDSS(DecisionSupportSystem)frameworkinwhich
SpatialDDShasbeendesignedforwatershedmanagementandmanagementofcropproductivityat
regionalandfarmlevel.GISisusedtogatherandanalyzethegraphicalimagesformakingnewrules
anddecisionsforeffectivemanagementofdata.Shitalaetal.(2013)presentedmobilecomputing
basedframeworkforagriculturistscalledAgroMobileforcultivationandmarketingandanalysisof
cropimages.Further,AgroMobileisusedtodetectthediseasethroughimageprocessingandalso
discussedhowdynamicneedsofuseraffectstheperformanceofsystem.Seokkyunetal.(2013)
proposedcloudbasedDiseaseForecastingandLivestockMonitoringSystem(DFLMS)inwhichsensor
networkshasbeenusedtogatherinformationandmanagesvirtually.DFLMSprovidesaneffective
interfaceforuserbutduetotemporarystoragemechanismused,itisunabletostoreandretrievedata
indatabasesforfutureuse.TheproposedQoS-awareCloudBasedAutonomicInformationSystem
(AaaS)hasbeencomparedwithexistingagriculturesystemsasdescribedinTable1.

Alltheaboveresearchworkshavefocusedondifferentdomainsofagriculturewithdifferent
QoSparameters.Noneoftheexistingagriculturesystemsconsidersself-managementofresources.
Duetolackofautomationofresourcemanagement,servicesbecomeinefficientwhichfurtherleads
to customer dissatisfaction. The proposed system is a novel QoS-aware cloud based autonomic
informationsystemandconsidersvariousdomainsofagricultureand,allocatesandmanagesthe
resourcesautomaticallywhichisnotconsideredinotherexistingagriculturesystems.

3. AGRICULTURE-AS-A-SERVICE ARCHITECTURE

Theexistingagriculturesystemsarenotabletofulfilltheneedsoftoday’sgenerationduetolacking
inimportantrequirementslikeprocessingspeed,datastoragespace,reliability,availability,scalability
etc.Evenresourcesusedincomputerbasedagriculturesystemsarenotutilizedefficiently.Tosolve
theproblemofexistingagriculturesystems, there isaneed todevelopacloud-basedautonomic
information system that delivers Agriculture-as-a-Service. This section presents architecture of
cloud-basedautonomicinformationsystemforagricultureservicecalledAaaSthatmanagesvarious

Table 1. Comparisons of existing agriculture systems with proposed system (AaaS)

Agriculture 
System Mechanism QoS-aware 

(Parameter) Domains Data 
Classification

Resource 
Management

Big 
Data

ALSE(Elsheikh
etal.,2013)

Non-
Autonomic Yes(Suitability) Soil Yes No No

FMIS(Nikkilaet
al.,2010)

Non-
Autonomic No PestandCrop No No No

WASS(Huetal.,
2004)

Non-
Autonomic No Productivity No No No

AgroMobile
(Prasadetal.,
2013)

Non-
Autonomic

Yes(Data
accuracy) Crop Yes No No

DFLMS(Jeonget
al.,2013)

Non-
Autonomic No Crop No Yes No

ProposedSystem
(AaaS) Autonomic

Yes(Cost,
Time,Resource
Utilization,
Latency,
Throughputand
AttackDetection
Rate)

Crop,Weather,Soil,
Pest,Fertilizerand
Irrigation

Yes Yes Yes
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typesofagriculture-relateddatabasedondifferentdomains.ArchitectureofAaaSisshowninFigure
1.QoSparameters(executiontimeandcost)mustbeidentifiedbeforetheallocationofresources.
AaaSisthekeymechanismthatensuresthattheresourcemanagercanservelargeamountofrequests
withoutviolatingSLAtermsanddynamicallymanagestheresourcesbasedonQoSrequirements
identifiedbyQoSmanager.TheservicesofAaaShasbeendividedintothreetypes:SaaS(Software
asaService),PaaS(PlatformasaService)andIaaS(InfrastructureasaService).InSaaS,auser
interfaceisdesignedinwhichuserscaninteractwithsystem.Anekaisa.NET-basedapplication
developmentPaaS,whichisusedasascalablecloudmiddlewaretomakeinteractionbetweencloud
subsystem and user subsystem. In IaaS, an autonomic resource manager manages the resource
automaticallybasedontheidentifiedQoSrequirementsofaparticularrequest.Thearchitectureof
AaaScomprisesoftwosubsystems:i)userandii)cloud.

3.1. User Subsystem
Thissubsystemprovidesauserinterface,inwhichdifferenttypeofusersinteractwithAaaStoprovide
andgetusefulinformationaboutagriculturebasedondifferentdomains.Ninetypesofinformationof
differentdomainsinagriculturehasbeenconsidered:crop,weather,soil,pest,fertilizer,productivity,
irrigation, cattle, andequipment.Usersarebasicallyclassified in threecategories: i) agriculture
expert,ii)agricultureofficer,andiii)farmer.Theagricultureexpertsharesprofessionalknowledge
byansweringfarmerqueriesandupdatestheAaaSdatabasebasedonthelatestresearchdoneinthe
fieldofagriculturewithrespecttotheirdomain.Agricultureofficersarethegovernmentofficials
thatprovidethelatestinformationaboutnewagriculturepolicies,schemes,andrulespassedbythe
government.FarmerisanimportantentityofAaaSwhocantakemaximumadvantagebyaskinghis
queriesandgettingautomaticreplyafteranalysis.Userscanmonitoranydatarelatedtotheirdomain
andgettheirresponsewithoutvisitingtheagriculturehelpcenter.Itintegratesthedifferentdomains
ofagriculturewithAaaS.Thequeriesreceivedfromuser(s)areforwardedtocloudrepositoryfor
updatesandresponsesendsbacktoparticularuserontheirpreconfigureddevices(tablets,mobile
phones,laptopsetc.)viainternet.

3.2. Cloud Subsystem
This subsystemcontains theplatform inwhich agriculture service is hostedon a cloud.Details
about users and agriculture information are stored in a cloud repository in different classes for
differentdomainswithuniqueidentificationnumber.Theinformationismonitored,analyzed,and
processedcontinuouslybyAaaS.Theanalysisprocessconsistsofvarioussubprocesses:selection,
datapreprocessing,transformation,classificationandinterpretationasshowninFigure1.Different
classesforeverydomainandsubclassesforfurthercategorizationofinformationhavebeendesigned.
Instoragerepository,userdataiscategorizedbasedondifferentpredefinedclassesofeverydomain.
Thisinformationisfurtherforwardedtoagricultureexpertsandagricultureofficersforfinalvalidation
throughpreconfigureddevices.Further,anumberofuserscanusecloud-basedagricultureservice
sotheQoSmanagerandautonomicresourcemanagerincloudsubsystemhavebeenintegrated.QoS
manageridentifiestheQoSrequirementsbasedonthenumberandtypeofuserqueriesasdiscussed
inpreviousresearchwork(Jeongetal.,2013;SinghandChana,2015;Singhetal.,2015).Basedon
QoSrequirements,autonomicresourcemanageridentifiesresourcerequirementsautomaticallyand
allocatesandexecutestheresourcesatinfrastructurelevel.Performancemonitorisusedtoverifythe
performanceofsystemandalsomaintainitautomatically.Ifthesystemwillnotbeabletohandlethe
requestautomaticallythenthesystemgeneratesanalert.

3.2.1. Cloud-Based Agriculture Service
Cloud-basedagricultureserviceprovidesauserplatformthroughwhichusercanaccessagriculture
serviceasshowninFigure2.Firstly,agricultureserviceallowsusertocreateprofileforinteraction
withAaaS.Afterprofilecreation,theuserisrequiredtoprovidehispersonaldetailsalongwiththe
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detailsofinformationdomain.AaaSanalysestheinformationtoverifywhetherthedataiscomplete
ornotforfurtherprocessingbyperformingvariouschecks.Furtherdataisprocessedandredundancy
ofdataisremovedanddataisusedtoselectdomaintowhichdatabelongs.Informationisclassified
properlyinorderwithuniqueidentificationnumber.Thisinformationisforwardedtoagriculture
expertsandagricultureofficersforfinalvalidationthroughpreconfigureddevices.Aftersuccessful
validationofinformation,itisstoredinAaaSdatabase.Ifuserwantstoknowtheresponseoftheir
query,thensystemwillautomaticallydiagnosetheuserqueryandsendtheresponsebacktothatuser.

Figure 1. Agriculture-as-a-Service architecture

Figure 2. Functional aspects of AaaS
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3.2.2. Detailed Methodology
AaaSallowsuserstouploadthedatarelatedtodifferentdomainsofagriculturethroughpreconfigured
devicesandclassifiedthembasedonthedomainsspecifiedindatabase.Subtasksofinformation
gatheringandprovidedinAaaSare:i)selection,ii)preprocessing,iii)transformation,iv)classification
andv)interpretation.Inselection,targetdatasetsarecreatedbasedontherelevantinformationthatwill
furtherbeconsideredforanalysisinnextsubprocess.Inpreprocessing,differentusershavedifferent
informationregardingagriculture.Todevelopafinaltrainingset,thereisneedofpreprocessingsteps
becausedatamightcontainsomemissingsampleornoisecomponents.InAaaS,datapreprocessing
containsfourdifferentsubprocesses:i)datacleaning,ii)dataintegration,iii)dataconversionand
iv) data reduction. Data transformation provides an interface between data analysis subprocess
(classification)anddatapreprocessing.Afterdatapreprocessing,thisprocessconvertsthelabeled
dataintoadequateformatsuitableforclassification.Inclassification,AaaSclassifytheagriculture
informationofdifferentusersofdifferentdomainsbasedontheextracteddata.K-NN(k-Nearest
Neighbor)classificationmechanismhasbeenused in this researchwork to identify thedifferent
classlabelsofusers.K-NNissupervisedmachinelearningtechniquewhichisusedtoclassifythe
unknowndatausingtrainingdatasetgeneratedbyit.K-NNusedtoidentifytheproductivitylevel
throughTrainingInstanceDataset(TID).Figure3describestheK-NNAlgorithm.

InK-NNalgorithm,distanceiscomputedfromonespecificinstancetoeverytraininginstance
toclassifythatunknowninstance.Bothk-nearestneighborandkminimumdistanceisdetermined
andoutputclasslabelisidentifiedamongkclasses.Duringtrainingphase,K-NNAlgorithmutilizes
trainingdata.Figure4illustratestheclassificationprocessusedinthisresearchwork.

K-NNmodelisusedtoidentifytheproductivitylevelthroughTrainingInstanceDataset(TID).
Fivelevelsofproductivity(A-E)havebeenfixedasshowninTable2.Thelevel‘A’indicatesthe
productivityisveryhighwhilelevel‘E’indicatestheproductivityisverylow.Basedonthegiven
information,TIDidentifiestheclassinwhichgivendatabelongs.

TestdataisaninputofthismodelanditiscomparedwithTIDandidentifiestheclassinwhich
datalaidusingfollowingrule:

Rule:If {CropName˄ Temperature˄ SoilTexture˄ Season˄ Pesticide˄ Fertilizer}thenProductivity

Thefinalstepistointerprettheagriculturedatasubmittedbydifferentusersofdifferentdomains
whichhelpsusertounderstandtheclassifieddatasets.AaaSiscapabletodiagnosetheagriculturestatus
basedontheinformationenteredbyuserandsendthediagnosedagriculturestatustoparticularuser

Figure 3. Pseudo code of K-NN algorithm
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automatically.Sixattributeshavebeenconsidered:CropName,Temperature,SoilTexture,Season,
PesticideandFertilizerandoneoutput:Productivity.Basedonthesesixattributes,AaaSdesigns
rules.ValuesforsixvariablesareconsideredasTID.Forexample,refertoTable3.

AaaSusestheruleshowninTable3tofindtheproductivitylevelusingTID(seeTable4).
Similarly,anytypeofqueryrelatedtodifferentdomainscanbeaskedbyusersandAaaSexecutes

theuserqueryandsendresponsebacktoparticularuserautomaticallybasedontherulesdefinedin
AaaSdatabase.ThroughAaaS,userscaneasilydiagnosetheagriculturestatusautomatically.

3.2.3. Infrastructure Management (IaaS)
Efficientmanagementofinfrastructureincloudismandatorytomaintaintheperformanceofthe
Agri-Info.Itcomprisesoftwosubunits:QoSManagerandResourceManager.

Figure 4. Classification process

Table 2. Productivity Levels

Productivity Level Description

A VeryHighProductivity

B HighProductivity

C NeutralProductivity

D LowProductivity

E VeryLowProductivity

Table 3. User wants to retrieve the productivity level using AaaS

User Query

Crop 
Name Temperature Soil 

Texture Season Pesticide Fertilizer Productivity

Soybean 21-27°C SlityLoam
Clay Winter Organochlorine Urea ?
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3.2.3.1. QoS Manager
UsersubmitsarequesttoAgri-Infotoretrievesomespecificagriculturerelatedinformation.Agri-
InfoidentifiestheQoSparametersrequiredtoprocesstheuserrequestthroughanalysisbasedon
userrequest.BasedonthekeyQoSrequirementsofaparticularuserrequest,theQoS Managerputs
theuserrequestintocriticalandnon-criticalqueuesthroughQoSassessment.ForQoSassessment,
QoS Managerwillcalculatetheexecutiontimeofuserrequestandfindtheapproximateuserrequest
completion time. If the completion time is lesser than the desired deadline then it will execute
immediatelywiththeavailableresourcesandreleasetheresource(s)backtoresourcemanagerfor
another execution otherwise calculate extra number of resources required and provide from the
reservedstockforcurrentexecution.
3.2.3.2. Resource Manager
Further,tworesourceschedulingpolicies(SinghandChana,2015)areusedtoscheduletheresources
forexecutionofuserqueries:timebasedandcostbasedschedulingpolicy.Time based scheduling 
policyworksasperfollowing:First,theallocationagentbeginstocomputetheDeadlineTimeofthe
userrequestinthegivenbudget.Allocateresourcesbasedontime,theuserrequestwhichhasshortest
DeadlineTimewillexecutefirst.Ifthetworequestshavesamedeadlinetimethenthatrequestwill
executefirstthathaslesserexecutiontime.Theallocationagentthenschedulesalltherequestswith
smallestexecutiontimerequesttotheresourcesthatprovidehighQoS.Therulesfortimebased
schedulingpolicyaredescribedinTable5alongwiththeirconditions.

Cost based scheduling policyworksasperfollowing:First,theallocationagentbeginstocompute
thecostofeachrequestthensort,asthepriorityisgiventotherequestwhichhasmaximumbudget.
Ifthetworequestshavesamebudgetthenthatrequestwillexecutefirstthathaslesserexecutiontime.
Theallocationagentthenschedulesalltherequestswithhighbudgetrequesttotheresourcesthat
providehighQoS.Finally,allotherrequestsarescheduledontheavailableresourcesset.Therules
forcostbasedschedulingpolicyaredescribedinTable6alongwiththeirconditions.

4. AUTONOMIC RESOURCE MANAGEMENT

WorkingofautonomicelementofAgri-InfoisbasedonIBM’sautonomicmodelthatconsidersfour
stepsofautonomicsystem:i)monitor,ii)analyze,iii)planandiv)executeasshowninFigure1.The

Table 4. AaaS response utilized to in order to find the productivity level using TID

AaaS Response

Crop 
Name Temperature Soil 

Texture Season Pesticide Fertilizer Productivity

Soybean 21-27°C SlityLoam
Clay Winter Organochlorine Urea C

Table 5. Rules of time based resource scheduling

Request Pending Urgency Add Resource Request

Yes Yes Reserve Submit

Yes No Available Submit

No - - Finish
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objectiveofresourceprovisioninginautonomicresourcemanagementistoprovisiontheresources
toprocessuserrequests.Therequestssubmittedshouldbeexecutedwithintheirbudgetanddeadline.
Requestssubmittedbyusertoresourceprovisionerarestoredasbulkofworkloadsfortheirexecution.
AllthesubmittedworkloadsareanalyzedbasedontheirQoSrequirements.Basedonimportance
oftheattribute,weightsforeverycloudworkloadarecalculated.Afterthat,workloadsareclustered
basedonk-meansbasedclusteringalgorithmforbetterresourceprovisioning(Singhetal.,2015).If
thevalueofworkloadsexecuteswithindeadlineandbudgetand[ResourceConsumptionandRequests
MissedislesserthanThresholdValue]thenitwillprovisionresourcesotherwisegeneratealertfor
analysestheworkloadagain.

Aftersuccessfulprovisioningofresources,ResourceScheduler(RS)takestheinformationfrom
theappropriateworkloadafteranalyzingthevariousworkloaddetailswhichuserrequestdemanded
(SinghandChana,2015).KnowledgeBasecontainsdetailsofalltheresourcesavailableinresource
poolandreserveresourcepool.BasedonCloudconsumerdetails,RSassignsresourcesandexecutes
Cloudworkloads.Duringexecutionofaparticularcloudworkload,theResourceExecutor(RE)will
checkthecurrentworkload.Iftheresourcesaresufficientforexecutionthenitwillcontinuewith
executionotherwiserequestformoreresources.IfthevalueofResourceConsumptionandRequests
Missedislesserthanthresholdvalue,thenREwillexecuteworkloadsotherwiseREwillgeneratealert.
AftersuccessfulexecutionofCloudworkloads,REreleasesthefreeresourcestoresourcepooland
REisreadyforexecutionofnewcloudworkloads.Duringexecutionofuserrequests,performanceis
monitoredcontinuouslyusingsubunitperformancemonitortomaintaintheefficiencyofAgri-Info
andgeneratesalertincaseofperformancedegradation.Alertscanbegeneratedintwoconditions
generally:i)ifresourceconsumptionismorethanthresholdvaluesofresourceconsumptiontoexecute
userrequest(Action:Reallocatesresources)andii)ifthenumberofmissedrequestsaregreaterthan
thethresholdvalue(Action:PredictQoSRequirementsAgain).Sameactionisperformedtwice,if
Agri-Infofailstocorrectitthensystemwillbetreatedasdown.Componentsofautonomicsystem
aredescribedbelow:

4.1. Sensors
Sensorsgettheinformationaboutperformanceofothernodesusinginthesystemandtheircurrent
state.Firstly,theupdatedinformationfromprocessingnodesistransfertomanagernodethenmanager
node transfers this information to sensors.Updated information includes informationaboutQoS
parameters(executiontime,executioncostandresourceutilizationetc.).

4.2. Monitor
Initially, Monitors are used to collect the information from sensors for monitoring continuously
performancevariationsbycomparingexpectedandactualperformance,andmonitorsthevalueof

Table 6. Rules of cost based resource scheduling

Request Pending RA > 0 Et > Wd BA > Pr Status

Yes True True True AddResource

Yes False True True AddResource

No - - - Finish

Yes True False True Finish

Yes True True False Finish

R
A

 = Resource Available, E
t

 = Estimated Time, P
r

 = Resource Price, W
d

 = Desired Deadline and B
A

 = Available Budget. Details of both 
time and cost based scheduling policy is given in previous research work (Singh and Chana, 2015).
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resourceconsumptionandmissedrequests.Actualinformationaboutperformanceisobservedbased
QoSparametersandtransfersthisinformationtonextmoduleforfurtheranalysis.

4.3. Analysis and Plan
Analyzeandplanmodulestartanalyzingtheinformationreceivedfrommonitoringmoduleandmake
aplanforadequateactionsforcorrespondingalert.FollowingformulaisusedtocalculateResource
Consumption(Equation1):

Resource
Consumption

i

n

� =
=
∑
1

Actual�Resource�Usage

Predicted�Reesource�Usage











 (1)

whereActual Resource Usage isusageofresourcetoexecuteparticularnumberofuserrequests
and Predicted Resource Usage isresourceusageestimatedbeforeactualexecutionandnisthe
numberofresources.Assumed: Predicted Resource Usage Actual Resource Usage≤



 .Value

of ResourceConsumption . ismorethan1generallybecause Actual Resource Usage  ismore
than Predicted Resource Usage butideallyitwillbe1whenbothareequal.Inthisresearchrk,
maximum values for   ResourceConsumption  has been fixed and that is called threshold value.
Followingformulaisusedtocalculatenumberofrequestsmissed Requests

Missed( ) inaparticular
periodoftime(Equation2):

Requests
Missed

 = [Number of Requests Executed Successfully – Number of Requests Missed Deadline] (2)

Forsuccessfulexecutionofresources,valueofRequests
Missed

islesserthanthresholdvalue.
Algorithm1isusedtoanalysestheperformanceofmanagementofresources.

Withthehelpof(Equation1)and(Equation2),resourceconsumptioniscalculatedandallocates
theresourcesforexecutionandthencomparestheresourceconsumptionwiththresholdvalue Th

c( ) .
IfresourceconsumptionislessthanthresholdvalueandvalueofRequests

Missed
islessthanthreshold

value Th
m( ) thenexecutionofresourcescontinuesotherwisenoresourceisallocatedandprocess

ofreallocationisstartedusingAlgorithm1.Aftermeetingthiscondition,resourcesareallocatedfor

Algorithm 1. Analyzing and Panning Unit (AU)
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furtherexecutionandvalueofresourceconsumptionand  Requests
Missed

arecheckedperiodically.In
caseofmorevaluethanthreshold,alertwillbegeneratedbyperformancemonitor.

4.4. Executor
Executorimplementstheplanafteranalyzingcompletely.Toreducetheexecutiontimeandexecution
costandimproveresourceutilizationisamainobjectiveofexecutor.Basedontheoutputgivenby
analysisandexecutortracksthenewuserrequestsubmissionandresourceaddition,andtakethe
actionaccordingtorulesdescribedinknowledgebase.

4.5. Effector
Effectorisusedtoexchangeupdatedinformationanditisusedtotransferthenewpolicies,rulesand
alertstoothernodeswithupdatedinformation.

5. PERFORMANCE EVALUATION

Theaimofthisperformanceevaluationistodemonstratethatitisfeasibletoimplementanddeploy
theagricultureasaserviceonrealcloudresources.Toolsusedforsettingupcloudenvironmentfor
performanceanalysisareMicrosoftVisualStudio2010(SaaS),Aneka(PaaS),SQLServer2008,
andCitrixXenServer(IaaS).Anekahasbeeninstalledalongwithitsrequirementsonallthenodes
thatprovidecloudservice.Nodesinthissystemcanbeaddedorremovedbasedontherequirement.
AaaSisinstalledonmainserverandtestedonvirtualcloudenvironmentthathasbeenestablishedat
CLOUDS Lab, University of Melbourne, Australia.Differentnumberofvirtualmachineshavebeen
installedondifferentservers,anddeployedtheAaaStomeasurethevariations.Inthisexperimental
setup,threedifferentcloudplatformsareused:SoftwareasaService(SaaS),PlatformasaService
(PaaS)andInfrastructureasaService(IaaS)asshowninFigure5.

AtSaaS level,MicrosoftVisualStudioisusedtodevelope-agriculturewebservicetoprovide
userinterfaceinwhichusercanaccessservicefromanygeographicallocation.AtPaaS level,Aneka
cloudapplicationplatformisusedasascalablecloudmiddlewaretomakeinteractionbetweenIaaS

Figure 5. Deployment of components at runtime and their interaction
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andSaaS,andcontinuallymonitor theperformanceof thesystem.AtIaaS level, threedifferent
servers(consistofvirtualnodes)havebeencreatedthroughCitrixXenServerandSQLServerhas
beenusedfordatastorage.SchedulerasshowninFigure5,runsatIaaSlevelonCitrixXenServer.
Computingnodesusedinthisexperimentworkarefurthercategorizedintothreecategoriesasshown
inTable7.Theexecutioncostiscalculatedbasedonuserrequestanddeadline(ifdeadlineistooearly
(urgent)itwillbemorecostlybecausethereisaneedofgreaterprocessingspeedandfreeresources
toprocessparticularrequestwithurgency).Thereisindividualpriceisfixed(artificially)fordifferent
resourcesbecausealltheresourcesareworkingincoordinationmannertofulfillthedemandofuser
(demandofuserischangingdynamically).

Experimentsetupusing3serversinwhichfurthervirtualnodes(12=6(Server1)+4(Server2)
+2(Server3))arecreated.EveryvirtualnodehasdifferentnumberforExecutionComponents(ECs)
toprocessuserrequestandeveryEChastheirowncost(C$/ECtimeunit(Sec)).Table1showsthe
characteristicsoftheresourcesusedandtheirExecutionComponent(EC)accesscostpertimeunitin
Clouddollars(C$)andaccesscostinC$ismanuallyassignedforexperimentalpurposes.Theaccess
costofanECinC$/timeunitdoesnotnecessarilyreflectthecostofexecutionwhenECshavedifferent
capabilities.TheexecutionagentneedstotranslatetheaccesscostintotheC$foreachresource.Such
translationhelpsinidentifyingtherelativecostofresourcesforexecutinguserrequestsonthem.Due
tolimitednumberofresources,costincreaseswithincreaseinuserrequests.Costisvaryingintwo
differentcases:i)relaxeddeadlineandii)tightdeadline.Inbothcases,whenthedeadlineislow(e.g.
200secs),thenumberofuserrequestsprocessedincreasesasthebudgetvalueincreases.Whena
higherbudgetisavailable,theexecutionagentusesexpensiveresourcestoprocessmoreuserrequests
withinthedeadline.Alternatively,whenschedulingwithalowbudget,thenumberofuserrequests
processedincreasesasthedeadlineisrelaxed.Differentnumberofexperimentshasbeenperformed
bycomparingAaaS(QoS-awareAutonomic)asdiscussedinSection 4withnon-autonomicresource
managementtechnique(non-autonomic)inwhichnoautonomicschedulingmechanismisconsidered
whileallocatingresourcestoprocesstheuserrequests.

5.1. Datasets
Datasets used in this research work are downloaded from the Open Government Data Platform
India(data.gov.in,2015),IndiaAgricultureandClimateDataSet(Sanghietal.),andregionalland
andclimatemodellinginChina(Sanghietal.)canbeintheorderof1000000records,withsizeof
3.5GB.Thedataiscominginlargedatavarietyandvolumefrombothusersintheformofimages
likedamagedcropimagesduetoweather,insectsetc.anddevicesthroughInternetofThings(IoT)
sensorsandsatellites(GPSsystems)thatsendweatherrelatedimages.Asaresultofregularcapturing
andcollectionofdatasets,theygrowwiththevelocityof80.72KB/minuteormore(Sanghietal.).
FivedifferenttablesusedtoprocessthedifferenttypesofdataasdescribedinTable8toTable12.

Table 7. Configuration Details of Cloud Environment

Resource_Id Configuration Specifications Operating 
System

Number of 
Virtual Node

Number 
of ECs

Price (C$/
EC Time 

Unit)

R1 IntelCore2Duo-
2.4GHz

1GBRAMand160
GBHDD Windows 6 18 2

R2 IntelCorei5-
2310-2.9GHz

1GBRAMand160
GBHDD Linux 4 12 3

R3 IntelXEONE
52407-2.2GHz

2GBRAMand320
GBHDD Linux 2 6 4
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Table 8. Crop Information

CropId Crop 
Name

Crop 
Type Soil Texture Min 

Land
Growing 
Period

Seed 
Type Price Quantity

C1 Rice Kharif SlityClay 5Acre 3Months Wet 1200Rs./
Kg 2Kg/Acre

C2 Maize Rabi SlityLoamClay 4Acre 4Months Dry 1600Rs./
Kg 1Kg/Acre

C3 Wheat Zaid LoamClay 3Acre 3Months Wet 1000Rs./
Kg 2Kg/Acre

C4 Sugarcane Cash Slity 4Acre 6Months Dry 800Rs./Kg 6Kg/Acre

Table 9. Weather information

Crop Name Temperature Season Pressure (CFM) Wind Speed Rainfall Location

Rice 15-18°C Winter 0.75to1.5 16Km/h 300–650mm Ambala

Maize 17-22°C Summer 0.05to0.5 12Km/h 100–150mm Amritsar

Wheat 25-30°C Rainy 1.5to5.2 17.3Km/h 200–250mm GangaNagar

Sugarcane 35-40°C Summer 1to10 8Km/h 400–600mm Pathankot

Table 10. Soil information

Soil 
Texture Bulk Density Inorganic 

Material
Organic 
Material Water Air Color Structure Infiltration

SlityClay 2.60to2.75
gramspercm3 Sandandclay

Plantand
animal
residues

25% 28% Brown Plate-like 15mm/hour

SlityLoam
Clay

2.7to2.75
gramspercm3 SandandSlit Animal

residues 22% 18% Red Prism-like 10mm/hour

LoamClay 2.60to2.75
gramspercm3 ClayandSlit Plantresidues 37% 21% Brown Blocklike 18mm/hour

Slity 2.60to2.75
gramspercm3

Sand,Slitand
Clay

Plantand
animal
residues

31% 29% Black Sphere
like 22mm/hour

Table 11. Pest information

Crop 
Type

Crop 
Disease Effect Treatment Pesticide Name Solubility 

in Water Price Outcome

Kharif Bacterial
brownspot

Degradesoil
fertility

Reduce
Irrigation Carbonate Yes Rs.

1500/L
Improve
Productivity

Rabi Zonateeye
spot

Degrade
productivity

Distribute
Soil Organophosphate No Rs.

2200/L
Improvesoil
fertilization

Zaid Dwarf
bunt

Increaseriskof
otherdisease

Spray
irrigation Parathyroid Yes Rs.

2300/L
Reduceriskof
otherdiseases

Cash Ergot Degrade
productivity

Drip
Irrigation Parathyroid Yes Rs.

1800/L
Reduce
productivity
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5.2. Performance Metrics
Thefollowingmetricsareusedtocalculatetheexecutioncost,executiontime,resourceutilization,
latency,detectionrateandscalabilityforprocessinguserrequestsastakenfrompreviouswork(Singh
andChana,2015;Singhetal.,2015;SinghandChana,2016):

Execution TimeisaratioofdifferenceofrequestfinishtimeWF
i( ) andrequeststarttimeWStart

i( ) 
tonumberofrequests.FollowingformulaisusedtocalculateExecutionTime(ET)(Equation3):

ET
WF WStart

ni
i

n
i i=
−









=
∑

1

 (3)

wheren isthenumberofrequeststobeexecuted.
Execution Costisdefinedasthetotalamountofcostspentperonehourfortheexecutionof

requestandmeasuredinCloudDollars(C$).Followingformulaisusedtocalculateexecutioncost
(C)(Equation4):

C ET Price
i

= ×  (4)

Latencyisadefinedasadifferenceoftimeofinputcloudworkloadandtimeofoutputproduced
withrespecttothatworkload.FollowingformulaisusedtocalculateLatency(Equation5):

Latency timeof output producedafterexecution time
i

i

n

= −
=
∑
1

� � � � � �� � � � �of inputof cloudworkload( )  (5)

wherenisnumberofworkloads.
Resource Utilizationisdefinedasaratioofactualtimespentbyresourcetoexecuteworkload

to total uptime of resource for single resource. Following formula is used to calculate resource
utilization(Equation6):

ResourceUtilization
actual timespentbyresourcet

i
i

n

�
� � � � �

=
=
∑
1

ooexecuteworkload

total uptimeof resource

� �

� � �











 (6)

wherenisnumberofworkloads.

Table 12. Fertilizer information

Crop Type Fertilizer Name Nutrient Composition Price

Kharif Urea Nitrogeninformofurea(amide)(N) 7000Rs./10Kg

Rabi Ammonium-Nitrate AmmoniacalNitrogen,NitrogenNitrateandUrea
Nitrogen 9100Rs./10Kg

Zaid Ammonium-Sulphate AmmoniacalnitrogenandSulpher 6200Rs./10Kg

Cash Urea-Ammonium AmmoniacalnitrogenandNeutralammoniumcitrate
Solublephosphate 13200Rs./10Kg
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Securityismeasuredintermsofdetectionrate.Experimenthasbeenconductedwithdifferent
typeofattacks(DoS,R2L,U2RandProbing)anddifferenttoolsusedtolaunchdifferentattacksare
metasploitframeworkforDoS,HydraforR2L,NetCatforL2RandNMAPforprobing.Detection Rate
istheratiooftotalnumberoftruepositivestothetotalnumberofintrusions(Sorensenetal.,2010):

DetectionRate
Total NumberofTruePositives

Total Numbe
  

     

 
=

rrof Intrusions  
 (7)

Scalabilityismeasuredintermsofthroughput.Itistheratiooftotalnumberofworkloadsto
thetotalamountoftimerequiredtoexecutetheworkloads.Followingformulaisusedtocalculate
throughput(Equation8):

Throughput
W

Totalamountof
n�

Total�Number�of�Workloads�
=

( )
� � �ttimerequired toexecutetheworkloads W

n
� � � � � �( )

 (8)

Experimenthasbeenconductedwith180userrequestsforverificationofexecutioncost,execution
time,resourceutilization,latency,detectionrateandscalability.Withincreasingthenumberofuser
requests,thevalueoflatencyisincreasing.ThevalueoflatencyinQoS-awareautonomicsystemis
lesserascomparedtonon-autonomicbasedresourceschedulingatdifferentnumberofuserrequests
asshowninFigure6.Themaximumvalueoflatencyis193secondsandminimumvalueoflatency
is59secondsinQoS-awareautonomicresourcemanagementtechnique.AveragelatencyinQoS-
awareautonomicis15.22%lesserthannon-autonomicresourcemanagementtechnique.Thevalue
ofaveragecost forbothQoS-awarecloudbasedautonomic resourcemanagement techniqueand

Figure 6. Effect of change in number of user requests on latency

5.3. Experimental Results -- Based on Modelling and Simulation using CloudSim
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non-autonomicresourcemanagementiscalculatedwithdifferentnumberofuserrequestsasshown
inFigure7.Averagecostisincreasingwithincreaseinnumberofuserrequests.At180userrequests,
averagecostinQoS-awareautonomicis25.36%lesserthannon-autonomicresourcemanagement
technique.QoS-awareautonomicperformsexcellentwithdifferentnumberofuserrequests.Execution
costinQoS-awareautonomicis27.65%lesserthannon-autonomicresourcemanagementtechnique.

AsshowninFigure8,theexecutiontimeisincreasingwithincreaseinnumberofuserrequests.
At 90 user requests, execution time in QoS-aware autonomic resource management technique
is 24.66% lesser than non-autonomic resource management technique. After 120 user requests,
executiontimeincreasesabruptlyinnon-autonomicresourcemanagementtechniquebutQoS-aware
autonomicperformsbetter thannon-autonomic technique.Averageexecution time inQoS-aware
autonomicis18.960%lesserthannon-autonomicresourcemanagementtechnique.Withincreasing
thenumberofuserrequests,thepercentageofresourceutilizationisincreasing.Thepercentageof
resourceutilizationinQoS-awareautonomicresourcemanagementtechniqueismoreascompared
tonon-autonomicresourcemanagement(non-autonomic)atdifferentnumberofuserrequestsas
showninFigure9.Themaximumpercentageofresourceutilizationis94.66%at180userrequests
inQoS-awareautonomicbutQoS-awareautonomicperformsbetterthannon-autonomictechnique.
AverageresourceutilizationinQoS-awareautonomicis31.96%morethannon-autonomicresource
managementtechnique.

Scalability ismeasured in termsof throughput.Numberof software,networkandhardware
faults(faultpercentage)hasbeeninjectedtoverifythethroughputoftheproposedsystemwith100
userrequests.Figure10showsthecomparisonofthroughputofbothQoS-awareautonomicresource
managementapproachandnon-QoSbasedresourcemanagementtechnique(non-autonomic)at100
userrequestsanditisclearlyshownthatQoS-awareautonomicperformsbetterthannon-autonomic.
Inthisexperiment,ithasbeenfoundthemaximumvalueofthroughputatfaultpercentage45%i.e.
QoS-awareautonomichas26%morethroughputthannon-autonomic.Detectionrateincreaseswith
respecttotimeanditconsidersthenumberofblockedanddetectedattacks.Fornewattackorintrusion
detection,databaseisupdatedwithnewsignaturesandnewpolicesandrulesaregeneratedtoavoid

Figure 7. Effect of change in number of user requests on execution cost
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sameattack.Experimenthasbeenconductedforknownattacks;itisclearlyshowninFigure11that
QoS-awareautonomicperformsbetterthansnortanomalydetector(non-autonomic).Furthersignatures
ofsomeknownattackshavebeenremovedfromdatabasetoverifytheworkingofproposedsystem.

Table13describesthecomparisonofexecutiontimeusedtoprocessdifferentnumberof
workloads(90and180)oncloudenvironmentforproposedsystemwithdifferentnumberof

Figure 8. Effect of execution time with change in number of user requests

Figure 9. Effect of change in number of user requests on resource utilization

Journal of Organizational and End User Computing
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VirtualMachines(VMs).ThenumberofVMsusedtoexecutetheworkloadswasincremented
graduallyshowinghowthetotalexecutiontimewasreducedwhenmoreVMswereaddedto
thecloud.WithonevirtualnoderunningonServerR1,executionof45workloadsfinishedin
436.12seconds.With12virtualnodes(6runningonR1,4runningonR2and2runningonR3),
theapplicationtook276.16seconds.Itisnotedthattheexecutiontimeisreducedwithadding
additionalvirtualnodes.

Figure 10. Throughput [100 user requests] vs. Fault percentage (%)

Figure 11. Detection rate vs. Attacks
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5.4. Statistical Analysis

StatisticalsignificanceoftheresultshasbeenanalyzedbyCoefficientofVariation Coff ofVar. .( ) ,
astatisticalmethod.Coff ofVar. . isstatisticalmeasureofthedistributionofdataaboutthemean
value.Coff of Var. . isusedtocomparetodifferentmeansandfurthermoreofferanoverallanalysis
ofperformanceofthetechniqueusedforcreatingthestatistics.Itstatesthedeviationofthedataas
aproportionofitsaveragevalue,andiscalculatedasfollows(Equation9):

Coff ofVar
SD

. . �
M

= ×100  (9)

whereSD isastandarddeviationandM ismean.Coff ofVar. . ofexecutiontimeandhavebeen
studied of QoS-aware autonomic resource management technique and non-autonomic resource

Table 13. Total execution time of a bulk of cloud workloads distributed in three servers

Number of Workloads
Virtual Nodes

Total Workers Execution Time 
(Seconds)R1 R2 R3

45 1 0 0 1 436.12

45 1 1 0 2 428.69

45 2 1 0 3 418.97

45 2 2 0 4 407.55

45 3 2 0 5 398.17

45 4 2 0 6 380.30

45 4 2 1 7 361.66

45 4 3 1 8 345.18

45 5 3 1 9 331.21

45 5 3 2 10 315.03

45 5 4 2 11 299.97

45 6 4 2 12 276.16

90 1 0 0 1 1803.11

90 1 1 0 2 1771.18

90 2 1 0 3 1759.66

90 2 2 0 4 1736.15

90 3 2 0 5 1691.77

90 4 2 0 6 1668.96

90 4 2 1 7 1636.11

90 4 3 1 8 1625.19

90 5 3 1 9 1578.21

90 5 3 2 10 1551.68

90 5 4 2 11 1529.11

90 6 4 2 12 1503.11
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managementtechniqueasshowninFigure12andFigure13.RangeofCoff ofVar. . (0.25%-1.69%)
for execution timeand (0.37% -1.96%) for cost approves the stabilityofQoS-aware autonomic
resourcemanagementtechniqueasshowninFigure12andFigure13.SmallvalueofCoff ofVar. . 
signifies QoS-aware autonomic resource management technique is more efficient in resource
schedulinginthesituationswherethenumberofuserrequestshaschanged.ValueofCoff ofVar. . 
decreasesasthenumberofuserrequestsisincreasing.

6. CONCLUSION AND FUTURE DIRECTIONS

Cloud-basedautonomicinformationsystem(AaaS)foragricultureservicehasbeenpresented,which
managesthevarioustypesofagriculture-relateddatabasedondifferentdomainsthroughdifferent
userpreconfigureddevices.K-NN(k-NearestNeighbor)classificationmechanismisusedtoclassify
theagriculturedata.Further,classifieddataisinterpretedanduserscaneasilydiagnosetheagriculture
statusautomaticallythroughAaaS.Inaddition,AaaSusestworesourceschedulingpolices(timeand
cost)forefficientresourceallocationatinfrastructurelevelafteridentificationofQoSrequirements
ofuserrequest.Theperformanceofproposedsystemhasbeenevaluatedincloudenvironmentand

Figure 12. CoV for execution time with each scheduling algorithm

Figure 13. CoV for execution cost with each scheduling algorithm
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experimentalresultsshowthattheproposedsystemperformsbetterintermsofexecutiontime,cost,
resourceutilization,latency,scalabilityandsecurity.Infuture,theproposedtechniquecanbeextended
byincorporatingotherQoSparameterslikenetworkbandwidth,availability,customersatisfaction,
computingcapacityetc.Proposedtechniquecanbeextendedbydevelopingpluggablescheduler,in
whichresourceschedulingcanbechangedeasilybasedontherequirements.
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