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ABSTRACT

Inspiteoftechnologicaladvancements,thefarmproductivityofIndianagricultureisstillonthe
lowerside.TheunderlyingreasonforpoorfarmproductivityinIndiaisduetotheinefficientusage
ofagriculturalinputs,resultinginloworpoor-qualityagriculturalyields.Waterhappenstobeone
ofsuchimperativeagriculturalinputthathasahugeimpactonagriculturalproductivity.Precision
agriculturesystemscantakecareofirrigationrequirementsbyoptimallyandefficientlyusingirrigation
waterforproducingcropshavingsuperiorqualityandquantity.Thisworkproposesasmartirrigation
systemthatcanefficientlymanagethewaterrequirementsofthecropforitsoptimalgrowth.The
irrigationschedulesaredevelopedusingafeedforwardneuralnetworkmodelthatcanpredictthe
variationinthesoilmoistureconsideringtheenvironmentalfactorssuchastemperature,humidity,
atmosphericpressure,andtherain.Theresultsindicatetheeffectivenessofthedevelopedsystemin
predictingthesoilmoisturewithmeansquareerroraslowas0.13andtheRvalueashighas0.98.

KEywoRdS
Feed Forward Neural Network, Internet of Things, Machine Learning, Monitoring System, Precision Agriculture, 
Smart Irrigation

INTRodUCTIoN

WaterhappenstobethemostvitalelementforsustaininglifeontheEarthbothforhumansandanimals.
Studiesshowthathumanscanlivewithoutfoodforthreeweeksbutwhenitcomestowater,humans
cannotsustainmorethanthreedaysatastretch.Thesametheoryappliestothecropsthataregrown
inthefield;theydorequirewater.Thedepletinglevelsofthewatertable,irregularmonsoons,climate
change(Aryal,J.P.,etal.2019),watercontaminationsareposingasserioushurdlesfordevelopinga
sustainableagriculturesystem(TripathyS,2019).Inagriculture,evenwiththeirrigatedlandswith
adequateirrigationsources(S.Latha,2019),theutilizationofwaterforirrigationisnotstrategic.
Theproblemthatneedsimmediateattentionis,howwater,beingalimitedandvitalresourcecanbe
smartlyusedforirrigationpurposetoproducegoodqualityyieldscapableoffetchinggoodreturns
tothefarmers.PrecisionAgriculture(PA)systemwoulddefinitelybeasuitablesolutionformost
of the issuesarising in theagriculturaldomain including irrigation. Inorder toprovideefficient
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waterutilization,thePAsystemneedstobetailor-madeforthefarmersespeciallyfromdeveloping
countries.TheimplementationsuccessofthePAsystemlargelyreliesontheimplementationcosts,
implementationcomplexity,deploymenttime,andeaseofmaintenance.Toensurecost-effectiveness,
thefieldsensor-basedapproachisrecommended.PAsystemusingfield-basedsensorapproachfor
datacollection,IoTforprovidingremotemonitoringofparametersandusingintelligenceintheform
ofML-basedpredictivemodeltoprovideclosed-loopcontroloffieldparameterswoulddefinitely
transformthetraditionalagricultureintoasustainableone.ThereachoftheInternetineverynookand
crannyoftheworldhascreatedahugedemandforapplicationsinvolvingthingsratherthanpeoples.
Currently,therearearound8.3BillionIoTconnecteddevicesworldwideanditispredictedthatby
2025,thisnumberwillbemorethandoublewhatitistoday(21.5Billion).IoThasalreadystarted
benefittingtheusersworldwideinallthesectorsbeithealthcare,industry,educationoragriculture.
ThoughtheimplementedPAsystemshaveseentheprogressandsuccessintheagriculturalsectorin
countrieslikeAustralia(Jochinkeetal.2007),Belgium,Canada,andtheUnitedStatestonameafew,
stillthemajorchunkoffarmersareyettoharnesstherewardingbenefitsofit.Goingbytheliterature,
therearemanyimplementationsofIoTintheagriculturedomain.Agriculturecanbethoughtofas
acomplexsystem,whichconsistsofsub-systemslikesoilpreparation,seedimplanting,irrigation,
fertilization,weeding,harvesting,sorting,storingandtransportation.

IoTwasthemaindrivingforceforthedevelopmentoftheagriculturalsystemsprovidingsome
oftheoutstandingsolutionstotheproblemsbeingfacedbythefarmersintheagriculturalandthe
relateddomains.Also,securityremainsthemainconcernwhenIoTisinvolvedinprovidingenterprise
and business solutions to the customers. Limited researches focused on the security part of IoT
implementationsinagricultureasin(L.VidyashreeandB.M.Suresha,2019),whereanencryption
methodwasproposedforsecuringagriculturedata.

The work carried out in this research attempts to design a highly secured agricultural field
monitoringand irrigationschedulingsystembyusingIoTandArtificialNeuralNetwork(ANN)
basedpredictivemodel.TheIoTpartisresponsiblefordatacollection,storage,andvisualization.
Thefeed-forwardneuralnetwork(FFNN)modelusesthelocallygenerateddatasetsfromtheIoT
cloud-serverasmodelinputs.TheperformancemeasurementoftheFFNNpredictivemodelwas
donebasedonMSEandR.Themodelwasabletoaccuratelypredictthemoisturevaluesinthefield
withlowvaluesofMSEandhighvaluesofR,apartfromthis,theotherthesalientfeaturesofthe
proposedsystemarethatthedevelopedsystemusesoflow-costandeasilyavailablesensors,themain
centerofattractionofthedevelopedsystemistheESP32DevKitV1whichhostsanESP32SoC
MCU(capableofprovidinghighsecurity,ultra-lowpowerrequirementwithbuilt-inWi-Fianddual
Bluetoothmodules),open-sourcehardware/softwareplatformsforprototypingandprogramming,
open-sourceThingSpeak™IoTplatformandAPIfordatastorageandvisualizationwhichalsoprovides
MATLAB®analyticsonthecloud.Finally,anAndroidAppisdevelopedbyusingtheBlynkplatform
forprovidinguser-friendlyirrigationcontrolandautomationinthefieldalongwithusernotification
intheformofemailandSMS.

Therestofthepaperisorganizedasfollows.Section1providesanin-depthliteraturereview
ofsimilarimplementations.Section2dealswiththePrototypeDesignEcosystem,highlightingthe
hardwareandsoftwarerequirements,technicalspecificationsalongwiththeplatformasaservice.
Section3usesablockdiagramapproachthathighlightstheproposedsystemwithvariousblock
descriptions.Section4describesthein-fieldexperimentalsetupforirrigationcontrolandlocationof
thesetup.InSection5,theresultsaretabulatedfortheproposedANNmodelthatprovidesirrigation
controlanddiscussioniscarriedoutjustifyingtheuseofsensors,microcontrollers,andtheANN
model.Insection6,adetailedcomparisonispresentedwithsimilarimplementationsintheareaof
interestandhighlightingthesalientfeaturesofthedevelopedsystemandalsothecostanalysisis
doneandcomparedwithothersimilarsystems.Section7concludesthepaperbyrevealingimportant
findingsandindicatingtheimportanceoftheproposedsysteminthepresentcontextalongwithsome
oftheimprovementsthatcanbetakenupinthefuture.
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LITERATURE REVIEw

The intensive literature survey carried out in this work helped in understanding the state of art
techniquesandtechnologiesusedbytheresearchersindevelopingIoTbasedsolutionstowardsthe
agriculturedomain.Theliteraturesurveyalsohelpedinidentifyingthepotentialgapthatcanbefilled
upbythedevelopedsystem.Someoftheimportantandrelevantcontributionsbytheresearchersin
thefieldofprecisionagriculturearediscussedhere.Aliteraturereviewby(AntonisTzounisetal.
2017;OlakunleElijahetal.2018)wheretheformerhighlightedthelatestIoTtechnologiesthatare
currentlypositivelyimpactingtheagriculturalsector,futureimpactsofthesetechnologiesonthe
farmersalongwiththepossiblechallengesthatmightbeahurdleonthewaytosustainabilityand
possiblesolutionsforthechallengeswhilethelatterdealtwiththebenefitsandchallengesconcerned
withtheIoTdataandanalyticsintheagriculturedomain.Thekeyissuepertainingtothechallenges
wereidentifiedassecurityandthedeploymentcost.

SherifAbdelwahabetal.(2016)proposedaglobalarchitecturethatusesedgecomputingplatforms
asacloudagentfordiscoveringandvisualizingsensingresourcespertainingtotheIoTdevicesand
proposedanewservicemodelforcloudplatformasSensingasaService.Thenewtrendbeginwas
theuseofUAVasameansofmonitoringthefieldparametersalongwithIoT.Anotherimplementation
involvingUAVandIoTforaddressingtheautomaticirrigationsystemJ.Aleottietal.(2018)provided
automaticirrigationforthetomatofieldsbyusingarchitectureconsistingofasever,amobileapp
andIoTdevicesforirrigationcontrol.

Soon,itwasfeltthatthecloudplatformshouldbeprivatesothatthesecurityisnotcompromised
andalsotheredundancyanddelaysinthecommunicationbetweenthesensorsandcloudorcloud
touserscanbeminimized.Onesuch implementationwasbyTomoPopovicetal. (2017)which
developedaprivateIoTenabledplatformwithanaimofpromotingresearchinthefieldofagriculture
andecologicalmonitoringsystems.

A safe and reliable cloud-based PA system N. Pavon-Pulido et al. (2017) provided remote
monitoringofcropsandplanningofagriculturaltasksfromanysmartdevice(PC,smartphoneora
tablet).Thesebenefitsweredemonstratedwithseveralexperimentsandon-fielddeploymentofthe
cloud-basedapproachtowardsthesystem.Additionally,GoogleAppEnginePlatformasaService
(PaaS)wasusedindevelopingthesoftwarearchitecture.Beforethecropsareselectedforcultivation,
it isagood idea tocheck thesoil type, itscontents in the formofmicro-nutrientswhichwould
suggestthepossibletypeofcropthatcanbegrowntoobtainahigherandpremierqualityofyields.
MdEshratEAlahietal.(2018)usedIoTforapplicationinvolvingsoilpropertymonitoring.Thesoil
propertybeingnitrate,whichwasmeasuredusinganFR4-basedinterdigitalsensor.Itwasshownthat
forlongeruseofthesystem,LoRawaspreferredoverWi-Fiprotocolduetolow-power,anenergy-
savingpropertyofLoRa.Anothersimilarimplementationconcernedwiththesoilparametersensing
wasbasedonthedesignofclosed-loopirrigationsystemLeventeJKleinetal.(2018)employinga
cloud-basedsystemthatusedsatellite-basedimagesforidentifyingtheirrigationrequirementsofthe
crops.Thesystemconcentratedontwoparametersofagriculture,resourceoptimization(water)and
maximizingyield.JirapondMuangprathubetal.(2019)alsoimplementedaWSNbasedsystemthat
providedwatertotheagriculturalcropsoptimally,additionallyaimedatprovidingcropfielddata
managementoverasmartphoneandwebapplication.

Meeradevietal.(2019)alsoworkedonsimilarlinesofprovidingoptimalwaterusageinthefield
bytheuseofIoTandWSNs.Thewaterrequirementbythecropsinaparticularareawasmonitored
andirrigationwascarriedoutbasedontherequirements.Authorsclaimedtohavedevelopedthe
modelwithlow-cost,whichwouldhelpthefarmers,especiallyfromIndia.SureshKoduruetal.(2019)
cameupwithasmartirrigationsystemagainridingontheIoT.Acomponentwaterpreservation
mechanismwasusedalongwiththeparameterslikesoilmoistureandweatherforecasttoeffectively
utilizethewaterresourcesandtoavoidgroundwaterdepletioninthefuture.Theirrigationmonitoring
wasprovidedintheformofafarmer’scockpit.VaishnaviBheemaraoJoshiandR.H.Goudar,(2019)
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developedanirrigationsystemharnessingthecapabilitiesofIoTtocontrolelectricalsubmersible
pumpsbyusingsmartphones.

Themainissuepertainingtotheirrigationoffarmlandisthelimitedavailabilityofelectricityin
ruralareas.Thedevelopedsystemhelpsfarmersbynotifyingthemoftheavailabilityofelectricity
byanSMS.Basedonthenotification,thesubmersiblepumpusedforirrigationcanbeprecisely
controlledfromaremotelocationwithout therequirementofphysicalpresencein thefield.The
researchworkbyR.Rautetal.(2018)resultedinthedevelopmentofamulti-parametermonitoring
systemforsoilproperties,fertilization,alongwithirrigationsystembyusingIoT.Themaintarget
wastodevelopanautomaticirrigationsystemthatcouldalsoprovideinformationaboutthevitalsoil
nutrientslikenitrogen(N),phosphorus(P)andpotassium(K).Theauthorsclaimthesystemwas
capableofhelpingfarmersinsavingtheirtime,moneyandlabor.Anotherimplementation(Radu
Dobrescuetal.2019),focusedoncontext-awaremulti-parametermonitoringsystemusingIoTand
cloudsupport.ThesystemwasabletobringIoT,cloudcomputingandcontextawarenessunderthe
sameumbrella,wellsupportedbyamulti-layeredarchitecturecapableofprovidingreal-timeprocess
controlintheagriculturedomain.Thecapabilityofthesystemwasdemonstratedwithacasestudy
wherethesystemwasimplementedontheIBMBluemixIoTplatform.Wen-LiangChenetal.(2019)
alsodevelopedanIoTplatformnamed“AgriTalk”forsoilcultivationoutdoors.Theexperimentation
involvedthecultivationofturmericwiththeuseofIoTanditwasshownthatthesystemprovided
immunityagainsttheproblemsarisingbecauseofthesoilcultivation.Accordingtotheauthors,the
AgriTalkwasabletoenhancethequalityofturmericsignificantly.

Apartfromthefieldparameters,theenvironmentalfactorsarealsoequallyresponsiblefordeciding
theoptimalgrowthofthein-fieldcrops,sothatthecropsareprovidedwiththerequiredinputresources
attherighttime.JorgeGomezetal.(2019)cameupwithacropmonitoringsystembasedonIoT.
Acasestudywasprovidedforsmallcropsinaruralarea,whichisdeprivedofinternetconnectivity
duetothecoverageissue.CropprocessingstationsusedtextmessagesintheformofSMStoconvey
thevariationsinthefieldparameterstotheusers.Thedataisgatheredandalsocommunicatetothe
cloud-basedplatformwheretheusersaresupposedtosubscribeinordertogetthenotificationby
usingMessageQueuingTelemetryTransport (MQTT)protocol.Aweathersystemalsoacts like
anenvironmentmonitoringsystemwhichreliesontheenvironmentalsensorstoprovideinsights
intothecurrentweatherandalsotheweatherbehaviorforacoupleofdaystocome.Apartfromthe
growthofcrops,theweatheralsoinfluencesotheragriculturaltaskslikeirrigation,theapplication
ofagrochemicalsorfertilizersandharvesting.AlocalweatherstationusingIoTwasdevelopedby
(R.K.M.MathandN.V.Dharwadkar2018),whichprovidedlocalweatheratanagriculturalsite.
Thespecialtyoftheproposedsystemwasitslow-costnature(sensors,microcontroller,open-source
hardwareandsoftwaresolutions).

JuanCarlosGuillermoetal.(2019)developedanIoTarchitectureinvolvingWSNformonitoring
theagriculturalparameterswithacasestudypertainingtotheCacaocrops.Thedevelopedarchitecture
targetsmediumholdingfarmersbyprovidingamulti-platformapplicationthatcanbeusedtomonitor
climaticconditionsalongwithsoilpropertieswhichhaveastronginfluenceoncacaogrowthand
production.AnotherarchitectureforIoTNurzamanAhmedetal.(2018)involvingfogcomputing
alongwithWi-Fi-basednetworkspanningruralareasprovidedprecisecontrolofagriculturalfarms.
Thedevelopednetworkstructurewasevaluatedconsideringtheperformancemetricsascoverage
range,throughput,andlatency.

ThepopularityofIoTintheagriculturesectordrewtheattentionofmanyresearcherstowards
thehorticulturetoo,whichdiffersfromagriculturenotonlyinthescalebutalsointermsofcrop
varietyinvolvingvegetablesandflowers.AnIoTbasedfarmingsystemforhorticulturewasdeveloped
byAjayMittaletal.(2018)takingthecasestudyofCabbageandCapsicum.Someofthesensors
selected for the experimentation were, air temperature, atmospheric pressure, soil humidity and
moisture,windspeedanddirection,hourlyrainfallandleafwetnesssensor.Authorsclaimtohave
obtainedareductioninthecostbyabout20%whiletheimprovementintheyieldamountedto10%.
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Movingastepahead,integrationofIoTwithmachinelearningbyNagarajV.Dharwadkarand
VandanaR.Harale(2019)wasusedformonitoringclimaticparameterswithinagreenhousefortomato
crop.Thedevelopedsystemutilizedthelocallygenerateddatafromthesensorsliketemperature,
humidity,lightintensity,pHvalue,andCO2concentrationtoeffectivelymodelandcontroltheclimatic
conditionswithin thegreenhouseforoptimalgrowthof tomatoes.Anothersimilar integrationof
IoTandageneticalgorithmwasproposedbyArchanaP.KaleandShefaliP.Sonavane(2018)for
developingasmartfarmingdecisionsupportsystemthathandledoptimization,uncertaintywitha
reducednumberoffeatures.

Basedontheliteraturesurvey,itcanbepointedoutthatmostoftheresearchesconcentratedto
solvetheagriculturalissuesbyeitherusingonlyIoT(noML)orbydevelopingMLmodelsforsome
publicly available agricultural datasets. Only limited researches have implemented an integrated
versionofIoTwithMLasinNawandar,N.K.,&Satpute,V.R.(2019)whereinasmartirrigation
systemwasdevelopedwithintelligenceprovidedbyaneuralnetwork-basedmodel.Anothersimilar
implementationGoldsteinetal.(2018)resultedinanirrigationrecommendationsystemusingthe
GradientBoostedRegressionTreemodel.Theworkcarriedoutinthispaperalsoaimsatproviding
end-to-endirrigationschedulingsystembyintegratingIoTwithanANNmodel,andthedeveloped
systemhastheimportantcharacteristicsofquickdeploymentcapability,anditslow-costanduser-
friendlynaturemainlyfocussingontothefarmerswhoarehavingsmallagriculturallandsandare
notinapositiontoprocurehigh-endirrigationsystemsforsolvingtheirirrigationissues.

PRoToTyPE dESIGN ECoSySTEM

Hardware and Software Requirements
Thedevelopedirrigationschedulingandcontrolsystemforprecisionagriculturecanbethoughtofas
consistingofthreemaincomponents.Thesensors,whicharerequiredtosensethefieldparameters,
thesesensorsareembeddedontheboardalongwithamicrocontroller/microprocessor.Thesensors
alongwithmicrocontroller/microprocessorconstituteasinglenodeofawirelesssensornode,these
sensornodescanbespatiallyandstrategicallydeployedtocovertherequiredportionofthefield.
IoTarchitectureconsistsofIoTdevices(microprocessors/controllersandIoTGateways)andacloud
serverprovidingPlatformasaService(PaaS).

Theframeworkconsistsofsensors,ESP32basedprototypingboard(open-sourcehardware),open-
sourcesoftware(ArduinoIDE)andopen-sourceIoTplatform.TheprototypingboardESP32DevKit
V1hostsapowerful,low-costandlowpowerESP-WROOM-32MCUintegratedwithaWi-Fianda
dual-modeBluetoothmodulealongwithadual-core32-bitTensilicaXtensaLX6microprocessor.The
sensorswereselectedtoprovidethepreciseon-fieldparameterswhichincludesoilmoisturesensor
(FC-28+LM393),alsoknownassoilhygrometer,arainsensor(YL-83+LM393),aDHT22based
airtemperatureandhumiditysensor,anatmosphericpressuresensor(BMP180).Table1showsthe
hardwareandthesoftwarecomponentsusedforthedevelopmentoftheproposedsystem.

Technical Specifications 
Themicrocontrolleristhekeyhardwareresourceusedforthedevelopmentoftheirrigationscheduling
system.Thesensorsareselectedkeepinganeyeonthecostfactorwhilenotcompromisingtheaccuracy.
AstheMCUhappenstobetheheartoftheapplication,theprototypingboardusesESP-WROOM-32
MCUtoprovidehighsecurityindatacommunicationalongwithitsunmatchedcapabilityofrequiring
ultra-lowoperatingpowersandaddedadvantageofhavingalowerpricetagcomparatively.Table2
illustratesthemaintechnicalfeaturesoftheESP32DevKitV1prototypingboardwhichoffersmany
outstandingcapabilitiesandunmatchedfeaturesmakingitasuitablechoiceinapplicationsinvolving
continuousmonitoringofphysicalparameters.
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Platform as a Service
Apart from using the Arduino IDE as open-source software for programming ESP 32 SoC,
ThingSpeak™IoTplatformwasselectedtoprovidePlatformasaService(PaaS)toprovideservices
suchasdataaggregation,datastorage,datavisualization,anddataanalysis.

TheselectionoftheIoTplatformwasprimarilydonebykeepinginmindtheimplementation
complexity,deploymenttime,andservicesofferedtotheusers.Theonlyonelimitationthatcanbe
foundwiththeThingSpeak™platformisalimitednumberofdatafields(8datafields),buttoget
startedinthefieldofIoTandbuildinginnovativeprototypes,ThingSpeak™wouldbeagreatchoice.

ThesupportofMATLAB®toThingSpeak™helpsinutilizingtheservicesofferedbyMATLAB®
inthecloud.Apartfromtheaforementionedservices,ThingSpeak™alsoprovidesotheruserservices
intheformofmetadatathatcanbeusedtoprovideadditionalinformationaboutthedatachannel.The
metadatacanbeprovidedintheformofJSON,XML,orCSVdata.Datamashupcanbeobtainedby
integratingthedatacorrespondingtodifferentsources(channels)thatcanbeintegratedtoaltogether
toformanewdataset.Forexample,temperaturedatacorrespondingtofield1ofchannel850870
canbecombinedwithhumiditydatacorrespondingtofield1ofchannel856104tocreatenewdata.

Table 1. Hardware and software component requirements

Sl. No. Parameter/Details Specifications

1. MCU TensilicaXtensaLX6dualcore32-bit

2. MaximumOperatingFrequency 240MHz

3. OperatingVoltage 3.3V

4. AnalogInputPins 12-bit,18Channel

5. DACPins 8-bit,2Channel

6. DigitalI/OPin 39(ofwhich34isnormalGPIOpin)

7. StaticRAM 520KB

8. Built-insensors Touch,temperatureandhalleffect
sensors

8. ROM 448KB

10.

Communication SPI(4),I2C(2),I2S(2),CAN,UART(3)

Wi-Fi 802.11b/g/n

Bluetooth ClassicandBluetoothLowEnergy
(BLE)

Table 2. Technical specifications of ESP32 DevKit V1

Sl. No. Hardware 
Components Parameters Sl. No. Software Components

1 ESP32DevKitV1 PrototypingBoard 1 Arduino IDE (1.8.9)

2 DHT22 TemperatureandHumidity
Sensor 2 T h i n g S p e a k ™ 

3 BMP180 AtmosphericPressureSensor 3 B ly n k  A p p  2 . 2 7 . 5

4 YL-83+LM393 RainSensor 4 F r i t z i n g  0 . 9 . 3

5 FC-28+LM393 SoilHygrometer
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Breadboard Connection and Schematic diagram 
Tomakethedesignunderstandableandrepeatable,thebreadboardwiringandconnectiondiagrams
areveryhelpful.ThebreadboardandcircuitconnectiondiagramweredrawnusingFritzingsoftware,
easytouseandagainanopen-sourceplatformfortheusers,asshowninFigure1andFigure2,
respectively.Thediagramsareself-explanatory.

PRoPoSEd SySTEM

Theproposedsystemprovidesalow-costmeansofmonitoringkeyagriculturalparameterstoprovide
preciseirrigationcontrolbyutilizingtheremoteconnectivityandstoragefunctionalityofferedby
IoTwithcloudanalyticsprovidedbytheneuralnetwork-basedmodel.Thesystemusestemperature,
humidity,soilmoisture,rainandatmosphericpressureastheinputparametersoftheagricultural
field.TheblockdiagramisasshowninFigure3.

Theproposedsystemconsistsoffiveparts:

1. Data Gathering:Thedatagatheringpartconsistsoftheagriculturalfieldparametersensors,
theparametersbeingtemperatureandhumidity,absoluteandrelativeatmosphericpressure,soil
moistureandtherain.Therawdatafromthesensorsiscollectedbythemicrocontrollerandis
pre-processed.AsdepictedinFigure3,thesensorsalongwiththeESP32DevKitV1hosting
ESP-WROOM-32microcontrollerconstitutesasinglenodeofasensornetwork thathas the

Figure 1. Breadboard wiring and connection diagram
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capabilityofwirelesslytransmittingthedatatoIoTgatewayorrouterbyusingthebuilt-inWi-Fi
functionalityofESP32SoC.

2. Securing the IoT Design (Security Features of ESP32):Toprovidetheuserswithsecurityat
thedevicelevel,itisrequiredthatthehardwaredevices(forexamplemicrocontrollers)should
alwaysmakesurethatthefirmwaredataisnotaccessiblebytheunintendedusers.Oncethedata
isobtainedfromthesensors,theESP32SoCMCUcomesintoactionbysecurelyloggingthe
dataontotheThingSpeak™cloudserverviatheIoTgatewayortherouter.Whenthedevicesare

Figure 2. Schematic diagram

Figure 3. Block diagram of the proposed framework
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shipped,theapplicationfirmwaredataisusuallystoredintheflashmemorywhichisexternal
toSoC.Thefirmwaredataisvulnerabletotheattackscausedbyunauthorizedaccesstothe
firmwaredatastoredintheflash.Thisactofunauthorizedaccesstothefirmwaredatatendersa
seriousthreatasthedatacanbefaked,modifiedortamperedintentionallybyapotentialhacker.
Toovercomesuchattacks,ESP32SoCprovidesahighlevelofsecuritybyusingeFUSEwhich
isaone-timeprogrammablememorytopreventunwantedtamperingandmodificationofthe
firmwaredata.TheoverviewofeFUSEusedbyESP32isasshowninFigure4withvarious
fieldsinit.

TheESP32usesa1024-biteFUSE,havingfourblocksstartingwithblock0andgoesuptoblock
4andeachblockhas256bitsasshown.ThecomponentsofinterestineFUSEare:

• Flash Encryption:TheflashencryptionblockofESP32providessupportfortheapplication
firmwaredatastoredinflashisalwaysencrypted.HencethemanufacturersofESP32canship
thefirmwarewhichisencrypted,makingitsecureandtamper-proof.TheencryptionusesAES
keyswhicharestoredineFUSEanddodecryptionasandwhenrequired.Thus,memoryread
andwriteoperationsontheflashmemoryaresecured.Thedecryptionispossibleonlywiththe
keywhichissecurelylockedineFUSE.TheflashencryptionprocedureisasshowninFigure5.

• Secure Boot:ThesecurebootfeatureofESP32blockstheuntrustedsoftwarefromexecuting
fromtheflash,thatisifthesoftwareissignedbyaknownentitythenonlythesoftwareisable
toexecuteandgetaccesstothefirmwaredata.Ifanyofthebitsofthesoftwarebootloaderand
theapplicationfirmwarehavetampered,thefirmwarebecomesuntrustedandtheESP32willnot
runorexecutetheuntestedsoftware.ThesecuredbootfeatureofferedbyESP32isasshownin
Figure6whichhelpsinblockingtheuntrustedsoftwarefromexecutingtheapplicationfirmware.

TheabovetwofeaturesofESP32provideahighlevelofsecuritywhichisdemandedbymost
oftheIoTbasedapplications.AnothersecurityfeatureofESP32isattheTransportLayerSecurity

Figure 4. ESP32 eFUSE overview

Figure 5. Flash encryption in ESP32
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(TLS)whichaddssecuritywhentheapplicationorthehardwareisconnectedtotheInternetfordata
exchangebetweenthehardwareandthecloudplatforms.

3. Data Logging on to ThingSpeak™ for Visualization:Itisevidentfromtheaforementioned
securityfeaturesofESP32thatthesecurityrequirementsinvolvingIoTarefulfilled.Apartfrom
providingsecurity,wirelesscommunicationcapabilityinESP32SoCcomesintheformofbuilt-in
Wi-FiandBluetoothmodulesthatprovidewirelessconnectivitytotheInternetatnoextracost.
Again,theWi-FiconnectivitycanbeobtainedeitherbyusingWi-FiProtectedAccess(WPA)or
WPA2.ItisdesirabletouseWPA2securityasitusesastrongerwirelessencryptiontechnique
whencomparedtoWPA.

Thechannelcanbekeptprivateormadepublic,ifmadepublicthechannelcanbesharedwith
otherusers.Oncethechannelsettingisdoneandsaved,APIkeysnamelyREADAPIKEYcanbe
usedforreadingthechannelfieldsorcharts,whileWRITEAPIKEYcanbeusedforupdatingthe
datafieldinthechannel.Apartfromprovidingvisualization,thedatafromthesensorsgetstored
inthechannelwithcorrespondingtimestamps.ThedatacollectedatThingSpeak™cloudcanbe
exportedintheformofaCSVfile.Therecentdata(upto100samples)canalsobeimportedinother
formatslikeJSONandXML.

Thesensordataisloggedontothecloudintheformofchannels,comprisingofdifferentfields
(maximumofeightfieldscanbeused)andisvisualizedintheformofGooglegaugesorcharts.
Thechannelfeedonthecloudwasupdatedevery15seconds.Thedatacorrespondingtothevarious
fieldsofthecloudserverchannelistemperature,absolutepressure,relativepressure,humidity,rain,
soilmoisture,anddewpoint.Outofthesevenfieldparameters,thefirstsixparametersweredirectly
measuredusingsensorswhilethecalculationoftheseventhparameter(dewpoint)wasbasedon
temperatureandhumidityusingthefollowingequations,referredfrom(Blynkdocumentation)as
showninEquation1:

t t RH T

log
RH m t

T t

m log
RHd n

n, *

*

( ) =










+

+

−









100

100

+

+

























m t
T t
n

*
 (1)

wheretd=dewpointtemperatureinoC;t=actualtemperatureinoC;

RH=actualrelativehumidityinpercent(%);m=17.62;T
n

=243.12oC.

Figure 6. Secure boot feature of ESP32
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Itisalsopossibletocalculatetheabsolutehumidityvalueintermsofgrams/m3byknowingthe
valuesoftemperatureandRHasshowninEquation2:
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where d absolute humidity in grams m
v
= / 3 ;t=actualtemperatureinoC

RH=actualrelativehumidityinpercent(%);T
n

=243.12oC;m=17.62;A=6.112hPa

4. Blynk Platform and Android App Development:ABlynkappisahandytoolforcontrolling
theIoTdevicesoverasmartphone.Blynkhelpsinprovidingmanualcontrolofirrigationremotely
byusingasmartphonewithInternetconnectivity.TheBlynkappsendsanemail to theuser
wheneverthesoilmoisturelevelfallsbelowalowerthresholdlevelorcrossestheupperthreshold
limit.Toprovidedatasecuritytotheusers,auniqueauthenticationtokenisgeneratedandsent
totheregisteredemailoftheuserwhichneedstobeusedinthesketchbeforeuploadingittothe
prototypingboard.

5. ANN-Based Predictive Model:Aftersuccessfuldatastorageandvisualization,thehistorical
datacollectedovertimewasusedtobuildanANN-basedmodel.Beforethemodelisbuilt,the
datainthechannelwasrefinedsoastomakesurethatthemodelaccuracyandefficiencyare
improved.AnExploratoryDataAnalysis(EDA)(moredetailsonEDAcanbefoundintheResults
andDiscussionsection)wascarriedouttodiscoverthehiddendatapatternsinthedataset.Asthe
neuralnetworksareverywellknownfortheirconsistencyinprovidingmoreaccuratepredictions
whencomparedtootherpredictionmodels,anANN-basedFFNNmodelwaspreferred.The
feedforwardneuralnetworkshaveauniquecharacteristicinwhichtheflowofdataisonlyinthe
forwarddirectionfrominputstotheoutput.ThebasicstructureofFFNNconsistsofaninput
layerwheretheinputvectorsareassignedtothemodel,anoutputlayerproducingtheoutput
vectorwhichdependsontheinputvectors.Apartfrominputandoutputlayers,italsohasoneor
morehiddenlayersconsistingofneuronsasshowninFigure7.Theinputneuronsattheinput
layerarerepresentedasI1, I2, I3andI4correspondingtofourinputindependentparameters.The
hiddenlayerneuronscanbevariedinnumbersandarerepresentedasH1, H2, H3andsoon.The
outputlayerhasasingleneuronasthedependentvariablerepresentedasO1.

EXPERIMENTAL SETUP ANd IRRIGATIoN SCHEdULING

Theexperimentalsetupconsistsofthefieldsensors(DHT22,BMP180,FC-28+LM393,andYL-
83+LM393)alongwithESP32DevelopmentKitV1.TheprogrammingwasdoneinArduinoIDE
forfetchingthedatafromthesensorsandprovidingirrigationcontrol.Thedatacollectedbythe
microcontrollerisdisplayedontotheserialmonitorofArduinoIDEusingserialcommunication
betweenthemicrocontrollerandthesystem(PCorlaptop).

This isrequiredforprogrammingthemicrocontrollerandfor troubleshootingincaseofany
hardwareissues.Aftersuccessfuldatacollection,themicrocontrollerusesitsbuilt-inWi-Fimodule
to connect to the available Wi-Fi network or a hotspot both requiring a correct combination of
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SSIDandpassword.Theprototypewasmountedwithinaprotectivehousingtowithstandtheharsh
environmentinthefieldasinFigure8.

Theexperimentalsetupwasabletoensurethatthedatafromthesensorsaresecurelyloggedonto
thecloudwithoutanyinterruption,exceptafewmissingvaluesandoutliersduetoconnectionissues.

Experiment Location
TheexperimentalsetupwasdoneonafarminTikotaTalukofVijayapurDistrictinNorthKarnataka
withcoordinatesas16°50’17.1”N75°31’12.2”EasshowninFigure9.Thegrapefieldwasspread
over1acreofland.Thedevelopedprototypewassettomeasuretheclimaticconditionsincluding
soilmoistureneartherootzoneasshowninFigure10.

Irrigation Control and Scheduling
Theirrigationschedulingandcontrolcanbeclearlyunderstoodbyreferringtotheflowchartas
showninFigure11.Afterthesuccessfuldevelopmentoftheprototypetobeinstalledinthefield,the
irrigationschedulingandcontrolisbroughtaboutbydevelopinganappusingBlynkonasmartphone.
TheBlynkemailwidgetissettosendanemailtotheregistereduserifthecurrentmoisturelevelSM
fallsbelowthelowerthresholdlevelSMminorabovetheupperthresholdofSMmaxbasedonwhicha
manualorautomaticcontrolisprovidedforirrigation.Themanualirrigationcontrolisprovidedby
usinganAndroidappbuiltusingBlynk.Thesoilmoistureiscontinuouslymonitoredtobebetween
lowerthresholdSMminandupperthresholdSMmax.IfthecurrentmoisturevaluefallsbelowSMmin,
thenanalertingemailissenttotheuseralongwithanSMStoswitchONthewaterpump.Oncethe
moisturelevelreachestheupperthresholdofSMmax,againthealertissenttotheusertoswitchOFF
thewaterpump.Thus,ensuringthatthemoisturelevelinthesoilisjustenoughforthepropergrowth
ofthecropsinthefield.AtextlocalAPI,anemailtoSMSgatewaywasusedtosendSMSfromemail.
TheautomaticirrigationschedulingwasobtainedbyusinganFFNNpredictionmodeltopredictthe

Figure 7. Structure of the FFNN model used for prediction
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Figure 8. Developed prototype with a component view

Figure 9. Experiment location

Figure 10. Case study prototype implementation in Grape (Vitis amurensis) field
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futurevaluesofthemoisturebasedontheinputparameters.Thepredictionofthemodelwasused
alongwiththeweatherprediction(rain)fromdarkskyAPI,toselecttheirrigationschedule.The
rainpredictionisobtainedintheformof‘norain’,‘moderaterain’and‘heavyrain’.Basedonthe
rainpredictionbythedarksky,threeirrigationschedulesweredevelopedeachdifferingintheupper
thresholdofsoilmoisturelevelSMmax.Ifthepredictedvalueofmoisturerequiresirrigationand‘no
rain’ispredicted,thenirrigationschedule1isselectedwiththeupperthresholdSMmaxof70%.For
schedule2,ifthepredictedmoisturelevelrequiresirrigationandchancesofrainis‘moderate’,then
theupperthresholdof60%isselected.Forschedule3,ifthereisapredictionof‘heavyrain’,then
theupperthresholdof50%isselectedasinTable3.Ifthereisrainwhiletheirrigationscheduleis
ON,thentheinterruptissenttoturnOFFthewaterpump.Whiletestingtheprototype,theschedule
1wasmorefrequentlyusedtherewasno,substantialraininthatduration.Usingtheprototype,the
weeklyirrigationrequirementwasreducedbyaround10-12litersofwaterperirrigationschedule
forfullymaturedvines.

RESULTS ANd dISCUSSIoN

Thedatacollectedattheserverwasconvertedintoalocaldatasetcontainingtheinputparameters
(temperature,humidity,atmosphericpressure,andrain)andtheoutputparameter(soilmoisture).
Theinputparametersaretheindependentvariableforthemodelwhiletheoutputparameteristhe
dependent variable. Exploratory Data Analysis (EDA) in the form of descriptive statistics as in
Table4wasusedtogetinsightsintothedataandunderstandthepatternandcorrelationsbetween
thepredictorandpredictedvariables.Someoftheotherparametersthathaveahighinfluenceonthe
MLmodelareStandardError,StandardDeviation,SampleVariation,andQuartiles.Keepingthe
computationalefficiencyofESP32SoCandtheEDAresultsinview,themoisturepredictionwas
identifiedasaregressionproblem,andsinceoneoftherequirementsofthedevelopedsystemwasto
havehighgeneralizationcapability,anANN-basedregressionmodelwasselectedwhichgeneralizes
wellforthenewunseendata.ThedevelopedPAsystemforirrigationschedulingwascapableof
preciselymonitoringtheagriculturalparameterspertainingtoirrigation,andtheparametersselected
formonitoringplayedaveryvitalroleinensuringtheoptimalgrowthofthecrops.Toobtainthe
visualizationsforthedatacollected,thechannelID,READandWRITEKEYSwereusedtodisplay
thedataintheformofsplinechartandthegaugesasdepictedinFigure12(a)fortemperatureand
Figure12(b)forhumiditywhileFigure12(c)showstheuseofgauge.

The local dataset consists of 2000 samples generated and exported from the cloud server
correspondingtofivefieldparameters.Thedatasetwasdividedintoinputdataconsistingoffour
parameters(absolutepressure,relativepressure,temperature,andhumidity)whilethesoilmoisture
wasselectedasoutputorthetargetdata.AnANN-basedpredictivemodelwasdevelopedtodescribe
therelationshipbetweenthepredictorparametersandthepredictedparameterandtherebyalsopredict
thefuturevaluesofthepredictedparameter.Themodelconsistsofamulti-inputtwo-layerFFNNin
whichthehiddenlayerusesSigmoidfunctionwhiletheoutputlayerhasaLinearfunction.Themodel
wastestedwithtwosetsofdatadivision,inthefirstsetthedatawererandomlydividedintoTraining,
TestingandValidationsetswith70%,15%,and15%,whiletheseconddivisionwasdonewitheach
sethaving80%,10%and10%ofdata.Theperformanceofthedevelopedmodelwastestedforloss
functionMeanSquareError(MSE)andthecoefficientofcorrelation(R).Thedatadivisionrule
yieldedamarginalimprovementinMSEfrom0.14to0.13fordivisionruleof(70:15:15),whereas
RvaluewasunaffectedashighlightedinTable5.TheMSEiscalculatedbyusingtheformulagiven
byEquation3.

MSE
n

Y Y
i

n

i i
= −( )

=
∑� ˆ1
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Wherenisthenumberofsamples,Y istheactualoutputwhile ÆYi isthepredictedvalueofoutput.
TheMSEandRvalueswereevaluatedforthefollowingconditions:

Figure 11. Flowchart for the proposed system
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• Training functions (Levenberg-Marquardt, Bayesian Regularization, Gradient Descent, and
ScaledConjugateGradient)

• Numberofhiddenneuronsn(5,10and15)
• Datadivisionrule(Training:Testing:Validation-70:15:15and80:10:10)

Whenitcomestothetrainingfunction,Bayesianregularizationoutperformedtheothertraining
functions.Theperformanceofthemodelshowedimprovementwhenthenumberofhiddenlayerswas
increased.Theperformanceofthemodelwasnotmuchaffectedbythedatadivisionrule(70:15:15
and80:10:10),butthedatadivisionrule(70:15:15)yieldedbetterperformanceintermsofMSE
whencomparedto(80:10:10)rule,whiletheR-valuewassameforboth.Thus,itcanbeseenfromthe
resultsthatthebestperformancewasobtainedfortheBayesianRegularizationfunction(MSE=0.13,
R=0.98(bothfortrainingandtesting))withanumberofhiddenlayersn=15anddatadivisionruleof
(70:15:15).Forsimplicity,onlyperformancecharacteristicsofBayesiantrainingfunctionisconsidered,
whiletheresultsaretabulatedforalltrainingfunctionswithadifferentnumberofhiddenlayersand
datadivisionrule.ThetrainingperformanceofthemodelintheformofMSEisasshowninFigure
13(a),itisseenthatthebestperformancewasobtainedatepoch1000.WhileFigure13(b)shows

Table 3. Irrigation schedules with upper and lower thresholds

Sl. No. Irrigation Schedules Lower Threshold 
(SMmin)

Upper Threshold (SMmax)

1. Schedule 1 40% 70%

2. Schedule 2 40% 60%

3. Schedule 3 40% 50%

Figure 12. Data visualization (a) Temperature (b) Soil Moisture and (c) Google gauges
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theregressionplotsfor training(0.98)andtesting(0.98), indicatinghighaccuracyofprediction.
Thesevalueswereobtainedfor(70:15:15)datadivision.Similarly,Figure13(c)indicatesthatthe
bestperformance(MSE=0.14)wasatepoch821.Theregressionperformanceisasshownintheplot
ofFigure13(d),havingR=0.98forbothtrainingandtesting.ThevaluesinFigure13(c)andFigure
13(d)correspondtodatadivisionruleof(80:10:10).Theerrorperformanceintheformoferror
histogramsisasshowninFigure13(e)andFigure13(f)for20binsoftrainingandtestingdatasets.
Thezero-errorlinealmostcoincideswithzero,indicatingsmallerrors.Theadvantageofusingthe
BayesianRegularizationtrainingfunctionisthatitscapabilityofgeneralizingwellwhencompared
toothertrainingfunctions.Anotherimportantobservationthatwasmadeisthepoorperformance
oftheGradientDescenttrainingfunction,whichproduced(MSE=4.85and12.42),respectivelyfor
n=15anddatadivisionruleof(70:15:15and80:10:10),respectively.Aftertrainingthemodel,the
predictioncapabilityofthemodelwastestedforthetestingdata.

Themodelwasveryaccurateinpredictingthesoilmoisturevaluesbasedontheinputdata.The
actualvariationinthesoilmoisturedataasmeasuredbythesoilmoisturesensorisshowninFigure
14(a),whilethepredictedvaluesfor100datapointsareasshownbyFigure14(b).Theresultsof
thedevelopedmodelformoisturepredictionaretabulatedinTable5.Thus,thepredictivemodelis
capableofprovidingnearprecisepredictionofsoilmoisturevalueconsideringtheweatherconditions
alongwiththefieldparameters.Thispredictionwouldhelpthefarmerstoplantheirirrigationwater
usageaccordinglysothatanyinappropriateusageofwatercanbeavoided.

CoMPARISoN wITH SIMILAR IMLEMENTATIoNS

After the successfuldesign,deployment, and testingof theprototype, itwascomparedwith the
similarimplementationswhichwereusedinaddressingtheissuesarisingoutofirrigationproblems.
Important parameters considered for the comparison were based on the implementation costs,
complexity,security,easeofusercontrol,IoTdevicesused(microprocessor/controller/prototyping
board),communicationtechnologyorprotocolusedandfinallytheIoTplatformdeployedforthe

Table 4. Descriptive statistics for the dataset

Parameters Humidity Temperature Absolute 
Pressure

Relative 
Pressure Soil Moisture

Mean 80.96 27.87 1017.77 944.79 54.73

StandardError 1.00 0.14 0.28 0.25 0.97

Median 83.25 28.04 1017.71 944.77 54.29

Mode 88.20 28.95 1017.24 945.64 55.13

StandardDeviation 7.94 1.10 2.22 2.01 7.73

SampleVariance 63.12 1.21 4.95 4.05 59.75

Kurtosis -0.71 -0.26 0.90 1.18 -1.01

Skewness -0.42 -0.63 -0.31 -0.35 0.12

Range 31.36 4.38 12.32 11.44 28.06

Minimum 64.73 25.10 1010.52 938.08 41.25

Maximum 96.09 29.48 1022.84 949.52 69.31

FirstQuartile(Q1) 74.97 27.27 1016.46 943.60 48.82

Second(Q2) 83.25 28.04 1017.71 944.77 54.29

Third(Q3) 86.66 28.73 1019.03 945.80 59.80
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monitoringandcontrolofthefieldparameters.Table6givesadetailedcomparisonofvariousIoT
implementationinagriculture.Thecomparisonshowsthatmostoftheimplementationsrelyheavily
upontheuseofIoTformonitoringandprovidingirrigationcontrolsbasedonthefieldparameters
importantlythemoistureandotherdependentparameters.Whiletheotherimplementationsdevelop
machinelearningmodelsandusestandarddatasetstodemonstratethemodel’seffectivenessinsolving
eitherclassificationorregressionproblems.

Figure 13. Various plots corresponding to the model testing and evaluation of Bayesian Training function (a) Training performance 
(for 70:15:15) (b) Regression plots (for 70:15:15) (c) Training performance (for 80:10:10) (d) Regression plots (for 80:10:10) (e) 
Error histogram (for 70:15:15) and (f) Error histogram (for 80:10:10)
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Thedevelopedprototypeisnotonlycapableofcollectingthefielddata,moreimportantly,the
dataisconvertedintoreal-timeaswellasthehistoricaldatasetbyusingsomeoftheelementary
transformationsandprocessingsuchastime-scaling,outlierdetection,missingvaluesubstitution,
ensuringthedatasetofhighqualitytobeinputtedtothemachinelearningalgorithm.Asnoheavy
processingwasinvolved, theuseofESP32MCUisjustifiedtokeepacheckonthecostfactor.
Also,thesystem’scapabilityforprovidingirrigationcontrolintheformofmanualorautomatedis
anaddedadvantage.

Prototype Cost Estimation and Analysis 
Themost important factor that any farmerwould like toknow is thecost factor involved in the
deploymentofthesystem.IncountrieslikeIndia,mostofthefarmershaveverysmalllandholdings
(lessthan5acres),hencetheywillbereluctanttoinvestifthecostfactorisnotchecked.Thecostof
thedevelopedprototypewascalculatedin(U.SDollars)basedonthecurrentconversionrates.The
costestimationdoesnotincludelaborcharges.Table6givesthedetailsofthecomponentswiththe

Figure 14. Variation in soil moisture (a) Measured and (b) Predicted

Table 5. Performance evaluation of the proposed model

S l . 
N o .

Training 
Function

No. of 
Hidden 
Neurons 

(n)

Data division rule:70:15:15 Data division rule:80:10:10

R values
MSE

R values
MSE

Training Validation Testing Training Validation Testing

1.
Levenberg-
Marquardt
(trainlm)

5 0.97 0.97 0.98 0.24 0.97 0.95 0.96 0.27

10 0.97 0.97 0.95 0.27 0.97 0.97 0.97 0.26

15 0.97 0.96 0.97 0.23 0.98 0.97 0.98 0.18

2.
Bayesian

Regularization
(trainbr)

5 0.98 - 0.98 0.19 0.98 - 0.98 0.19

10 0.98 - 0.98 0.15 0.98 - 0.98 0.17

15 0.98 - 0.98 0.13 0.98 - 0.98 0.14

3.

Scaled
Conjugate
Gradient
(trainscg)

5 0.95 0.97 0.92 0.43 0.94 0.95 0.95 0.48

10 0.95 0.96 0.93 0.26 0.94 0.95 0.93 0.47

15 0.95 0.96 0.95 0.38 0.95 0.93 0.94 0.44

4.
Gradient 
Descent
(traingd)

5 0.39 0.40 0.41 4.87 0.05 0.15 0.02 6.43

10 0.47 0.32 0.52 18.14 0.29 0.35 0.19 20.96

15 0.55 0.50 0.55 4.85 0.60 0.61 0.51 12.42
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correspondingcosts.Theratesofthecomponentswerecalculatedatthetimeofpurchase,whichmay
varynowduetovariationinthemarketatthegloballevel.Thefinalcostoftheprototype(excluding
laborcharges)turnsouttobearound60$,whichshowsaconsiderablereductioninthecostwhen
comparedtothesimilarimplementationbyAbbaSetal.(2019)inwhichanirrigationsystemwas
developedusingArduinoUnocostingaround80$approximately.

CoNCLUSIoN ANd FUTURE dIRECTIoNS

Themainhighlightofthedevelopedsystemisitsquick,easyandlow-costdeploymentnatureaiming
tosolveirrigationissuesforfarmersglobally,particularlybelongingtothedevelopingcountries.The
paperdescribeshowdatafromthesensorsintheagriculturalfieldcanbecollectedandanalyzed
toprovidethefarmerswithdecisionmakingcapability.Low-costnatureofthedevelopedsystem
willattractagreaternumberoflowtomediumholdingfarmerstogiveitatry,whoareotherwise
notinapositiontoaffordsystemshavinghighinitialdeploymentcosts.EasytouseBlynkAndroid
Appwithdraganddropfunctionalitywasfoundtobeveryeffectiveinnotonlyprovidingirrigation
automationbutalsovisualization.ThedevelopedFFNNbasedmodeljustifiestheuseofagriculture
sensorparametersasvalidinputstothesystem.Themanualandautomatedirrigationcontrolswere
added toaddress thedifferent levelsofunderstandingof the farmers.This research led to some
interestingfindingswhiledevelopingthesystem.ThefirstinferencethatcanbedrawnisthatESP32
MCUhasgot the tremendouspotentialofbeingoneof the strongcontenders forany IoTbased
application(built-inWi-Fianddual-modeBluetooth,highsecurity,low-cost,low-power,dual-core
32-bitprocessormoreGPIOpins).ThesecondinferencethatcanbedrawnisthattheuseofFC-
28+LM393basedsoilmoisturesensor(resistive)startedcorrodingandturninggreenatsomeplaces
afterfewtestings’inthefield,thus,itisrecommendedtousecapacitivesoilmoisturesensorwhich
isimmunetocorrosion.Overall,apositiveresponsewasobtainedfromtheend-userintermsofease

Table 6. Cost estimation and analysis of developed prototype

SL. No. Component Per Unit 
Cost (USD)

No. of 
Units

Amount 
(USD)

1. ESP32DEVKITV1 12.21 1 12.21

2. DHT22(Temperature&
Humidity) 4.34 1 4.34

3. BMP180(Atmospheric
Pressure) 5.12 1 5.12

4. YL-83+LM393(RainSensor) 2.95 1 2.95

5. FC-28+LM393(Soil
Moisture) 3.13 1 3.13

6. SingleChannelRelay 2.11 1 2.11

7. ProtectiveCaseforthe
prototype 5.00 1 5.00

8. ACtoDCconverterpower
supplymodule(12V) 6.20 1 6.20

9. 12VsolenoidValve(1/2”) 16.00 1 16.00

10. Miscellaneous(Connecting
wires,jumperwires,etc.) 3.00 - 3.00

TOTAL 60.06$
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ofusageandreductioninlaborinvolvementandresourceconservation.Inthedevelopedsystem,the
predictivemodelwasdeployedincloudsever,addingsomelatencytothemessageexchanges.Thus,
asafutureenhancementtothesystem,thepredictivemodelwouldbedeployedattheedgenode
ratherthanthecloudsothatlatencycanbeconsiderablyreducedandalsopowerconsumptioncould
bereducedastherewouldbenorequirementoftheInternetforrunningthemodel.
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