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ABSTRACT

Theever-growingpopulationofthisworldneedsmorefoodproductioneveryyear.Thelosscaused
incropsduetoweedsisamajorissuefortheupcomingyears.Thisissuehasattractedtheattention
ofmanyresearchersworkinginthefieldofagriculture.Therehavebeenmanyattemptstosolve
theproblembyusingimageclassificationtechniques.Thesetechniquesareattractingresearchers
becausetheycanpreventtheuseofherbicidesinthefieldsforcontrollingweedinvasion,reducing
theamountoftimerequiredforweedcontrolmethods.Thisarticlepresentsuseofimagesanddeep
learning-basedapproachforclassifyingweedsandcropsintotheirrespectiveclasses.Inthispaper,five
pre-trainedconvolutionneuralnetworks(CNN),namelyResNet50,VGG16,VGG19,Xception,and
MobileNetV2,havebeenusedtoclassifyweedandcropintotheirrespectiveclasses.Theexperiments
havebeendoneonV2plantseedlingclassificationdataset.Amongstthesefivemodels,ResNet50
gavethebestresultswith95.23%testingaccuracy.
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INTRoDUCTIoN

AgricultureisthebackboneofIndianeconomy.Itisasourceoflivelihoodformorethanhalfofthe
populationofIndia.Alongwithitsalliedsectors,agricultureaccountedfor23%ofIndianGDP,and
employed59%ofthetotalworkforceinIndia(1).Theindustrialsectoralsodependsonagriculturefor
rawproducts.Foodproductionmustbeincreasedby70%tofeedtheworldpopulationby2050(3).
Thepopulationoftheworldislikelytoincreasebytwobilliontothreebillionby2050whichwill
doublethedemandoffood,accordingtoseveralstudies.Eventodaywhenthereisplentyoffood,
theworldpopulationalmostonebillionpeoplesufferfromchronichunger..Thelossincropyield
hastobetakenintoconsiderationforimprovingthereturnoninvestmentforpeopledependingon
agricultureaswellasforstrengtheningtheeconomyofthecountry.Theyieldlossesarecausedby
threemajorfactorsweedinvasion,pestsandpathogens,fromwhichweedsareamajorissue.Weeds
aretheunwantedplantsthatgrowalongwiththecropse.gChickweed,ScentlessMayweedetc.Weed
controlistheprocessofreducingorcompletelyeliminatingthelossincropyieldcausedduetoweed

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonOctober1,2020willproceedwithpublicationasanOpenAccessarticle
startingonFebruary2,2021inthegoldOpenAccessjournal,InternationalJournalofAgriculturalandEnvironmentalInformationSystems

(convertedtogoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense
(http://creativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedthe

authoroftheoriginalworkandoriginalpublicationsourceareproperlycredited.

https://orcid.org/0000-0003-2104-227X


International Journal of Agricultural and Environmental Information Systems
Volume 11 • Issue 4 • October-December 2020

26

invasion.Thebroadcategorizationofweedcontrolmethodsisdoneinthreeoftheclassesthatare
Culturalweedcontrol,Mechanicalweedcontrol,andChemicalweedcontrol.

Oneoftheeasiestwaystocontrolweedsisthroughpreventionorculturalcontrol.Closeplanting
inthegardencanreduceweedgrowthbyeliminatingopenspace.Covercropsaregoodforthisas
well.Covercropsarethecropsgrowninthespaceleftbetweentherowsofincropfields.These
cropsareusedtoeliminatethespacetopreventweedgrowth.Addingmulchwillpreventlightfrom
gettingtoweedseedsandpreventsgrowth.Theproblemwiththismethodisthatitrequireshigh
knowledgeofspacingofcropsandthetypeofcovercropthatcanbeused.Chemicalcontrolisdone
byusingherbicideswhichkillcertaintargetswhileleavingthedesiredcroprelativelyunharmed.
Someoftheseactbyinterferingwiththegrowthoftheweedandareoftenbasedonplanthormones.
Herbicidescanhaveseveralsideeffectsonbioticandabioticenvironmentandbeararisktoharm
humanhealth.Thereforeareductionintheamountofherbicidesusedinthemodernagricultureisa
relevantsteptowardssustainableagriculture.Mechanicalweedingmeansmachinesequippedwith
classifiers,classifyingtheplantascroporweed.Theclassificationtaskisrelatedtocomputervision
whichinturnisbasedonArtificialIntelligence.

Themainobjectiveofthisarticleistoclassifyanimageoftheplantascroporweedusingdeep
learningandtoevaluatetheperformanceofstateoftheartmodelsonabenchmarkdataset(V2Plant
Seedlingdataset)usingvariousperformanceparameters.

Therestofthearticleisplannedasfollows:Section2explainsthebackgroundasaliterature
surveyoftheproposedwork.Section3describestheexperimentalstudydesignandmethodology
usedinthework.Section4presentstheexperimentalresultsandanalysis.Section5concludesthe
workwithsomepossiblefuturedirections.

BACKGRoUND

Inrecentyears,variousprojectshavedealtwithautomatedrecognitionofweedsusingcameraswith
theaimofdevelopingnewfarmingmachinerythatcancontroltheweedsmoreintelligently.Itisthen
ofmajortechnicalandeconomicimportancetoimplementcomputerbasedmethodsforreliableand
fastidentificationandclassificationofweed/cropforempoweringmachinerythatcancontrolweed
invasion.Thefirststepinbothoftheseistoidentifyweedsusingtheirimages.Thisisaccomplished
usingcomputervision.Automaticsystemscanbebasedonimagesofweedandcropplantsfrom
whichclassificationfeaturesassociatedtosize,shape,textureandcolourcanbereadilyobtained.For
thistasknumerousimageprocessingalgorithmsareavailablewhichcomplementwithclassification
methodstomakethefieldofmachinevisionsuitableforweedidentification.Inthissection,the
literaturerelatedtothisareaispresented.Deeplearningisthecurrentfavoritechoiceofresearches
workingaroundthefieldofimageprocessing.Itcanprovidegreatdealofhelpintheproblemof
classifying imagesofplantsasweedorcrop.Applicationofdeep learning inagriculture-related
literatureispresentedtoobservehowdeeplearninghashelpedtoresolveproblemsinagriculture.

Amethodbasedoncolorinformationfordiscriminatingbetweenvegetationandbackground
andshapeanalysistodistinguishbetweencropandweedisproposedby(Perez,Lopez,Benlloch,
&Christensen,2000).Theyhavecomparedthealgorithmresultswithhumanclassification.They
haveclaimedthattheirstudyshowsthatdespitethedifficultiesincorrectlydeterminingthenumber
ofseedlings;itisfeasibletouseimageclassificationtechniquestoestimatetherelativeleafarea
ofweedwhilemovingacrossthefieldandusethisdatainastratifiedmanualsurveyofthefield.
Theyhavevalidatedtheproposedmethodusing32colorimagestakeninnaturallightingconditions.
Coloranalysistechniquewasappliedtothedatasetandthus1950objectswereobtained.Among
these1950objects,1433werecroppiecesand517wereweeds.Theyhavereportedanaccuracyof
89.7%forcropand74.5%forweedusingBayesruleandanaccuracyof89.0%forcropand79.2%
forweedusingk-NN(k=5).
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In2003,(Aitkenhead,Dalgetty,Mullins,McDonald,&Strachan,2003)evaluatedtheperformance
of morphological characteristic measurements and neural networks for discriminating carrot
seedlingsfromthatoffathenandryegrassusingdigitalimaging.Inthefirstmethod,morphological
characteristicmeasurementswereusedtodiscriminatetheplantsexploitingthevariationsdepending
ontheplantsize.Themethodwastouseaneuralnetworkforthetask.Thefirstmethodhadvarying
effectivenessof52-74%whiletheneuralnetworkachievedanaccuracyexceeding75%ontheirown
datasetcollectedinacommercialcarrotfield.

Intheyear2012,(Ahmed,Al-Mamun,Bari,Hossain,&Kwan,2012)evaluatedtheperformance
of support vector machine (SVM) for the classification of weed and crop using images. They
conductedexperimentstotestthecombinationsof14featurestofindtheoptimalcombinationof
featurestoclassifythecropandweedplantswithahighclassificationrate.Theyhaveachievedan
accuracyof97%on224testimages.Theimagesusedinthisstudyaretakeninachilifield.They
haveincludedfiveweedspeciesfoundinthechilifieldinBangladesh.Thedatawaspre-processed
beforeexperimentationusingbinarizationandmorphologicalopening.

Theperformanceofsupportvectormachine(SVM)fortheclassificationofweedandcropusing
imagesisevaluatedintheyear2012by(Ahmedetal.,2012).Theyconductedexperimentstotest
thecombinationsof14featurestofindtheoptimalcombinationoffeaturestoclassifythecropand
weedplantswithhighclassificationrate.Theyhaveattainedthemaximumaccuracyof97%on224
testimages.Theimagesusedinthisstudyaretakeninachilifield.Fiveweedspecieswereincluded
whichisfoundinthechilifieldinBangladesh.Thedatawaspre-processedbeforeexperimentation
usingbinarizationandmorphologicalopening.

Random Forest-based approach has been proposed to classify weed and crop without
segmentation.(Haug,Michaels,Biber,&Ostermann,2014)haveclaimedthattheirproposedsystem
candiscriminatecropandweedgrowingclosetoeachother,handlingtheoverlapbetweenthetwo
ofthem.Theessenceoftheirproposedmodelisestimatingcroporweedsparsepixelpositionsusing
RandomForestclassifierandthenspatiallysmoothingthesepixelsusingMarkovRandomFieldand
inferringcontinuouscroporweedregionsthroughinterpolation.Theyhavetestedthesystemontheir
owndatasetcollectedinanorganiccarrotfarm.Theproposedsystemachievesanaccuracyof91.5%
beforesmoothingisappliedwhichincreasestoanaccuracyof93.8%aftersmoothingisapplied.

AvariationofPCANet(PrincipalComponentAnalysesNetwork)fortheclassificationofweed
andcropisproposedbyXinshaoin2015(Xinshao&Cheng,2015).Thefeaturesextractedbythe
PCANet andLMC(LargeMarginClassifier) is used to construct linear classifiers.UseofLMC
classifierisdifferentfromSVM.Thedatasetispreprocessedbeforeapplyingtheproposedmethodto
itbyapplyingimagefilterextractionbyusingPCAfilterbanks,binarizationandhistogramcounting.
Thedatasetusedcontains3,980imagesof91typesofweedseeds.Theyhaveachievedanaverage
accuracyof90.96%.

Intheyear2016Dyrmann(Dyrmann,Karstoft,&Midtiby,2016)proposedaconvolutionneural
network,buildfromscratchforplantandweedclassification.Theycombinedsixdatasetsfortheir
experimentstomakethedatasetof22speciesand10,413imagesofcropandweed.Imagemirroring
androtationbaseddataaugmentationwereappliedbeforetrainingtheproposedmodelonthedataset.
TheexperimentswereperformedusingtheTheanoframework.Theyhavereportedaclassification
accuracyof86.2%forthe22speciesofplants.

Asystembasedonacombinationofvegetationdetectionanddeeplearningtoclassifyvegetation
inafieldintousefulvegetableandweedisproposedby(A.Milioto,Lottes,&Stachniss,2017).
TheyhaveevaluatedthesystemontheirowndatasetsdesignatedasdatasetAanddatasetB.They
havereportedanaccuracyof97.3%ontestsetAand89.2%ontestsetBwhenthemodelistrained
ontrainsetA.TheyhavegivenanotherresultshowingtheaccuracyofthemodelontestsetBbefore
andafterretrainingthemodelonasmallsubsetoftrainsetBas89.2%beforeretrainingand96.1%
afterretrainingontrainsetB.
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Torecognizethesugarbeetplantsandweedsinthefieldbasedsolelyonimagedataisaddressed
by(A.Miliotoetal.,2017).Theyexecuteavegetationdetectiontoeliminateirrelevantsoilinformation
fromtheimagesusingmultispectralimagescontainingRGBandnearinfra-redinformationandthen
performedblobsegmentationtoextractpatchescontainingsingularcropsorweeds.Classificationof
eachpatchwithaconvolutionalneuralnetworkisdonewhichistrainedinanearlygrowthstageto
avoidoverlappingcropsandweedsinthedata.Thisapproachwillaccuratelyidentifyingtheweeds
onthefieldbytakingimagesfromdifferentsugarbeetfields.

AnInceptionV3pluslightweightdeepconvolutionalneuralnetworkplusasetofKlightweight
modelsbasedmix-modelfortheclassificationofcarrotandweedplantsisproposedby(McCool,Perez,
&Upcroft,2017).Theapproachconsistsofthreestages(i)adoptapre-trainedmodel(InceptionV3)
tothetaskathand,(ii)applymodelcompressiontechniquestolearnDCNNthatislessaccuratebut
hastwoordersofmagnitudefewerparametersand(iii)combineKlightweightmodelsasamixture
modeltofurtherenhancetheperformanceofthelightweightmodel.TheyhaveusedtheCrop/Weed
FieldImagedatasetconsistingof60images.Theyachievedanaccuracyof93.9%bythecomplicated
pre-trainedmodelbutthissystemcanprocessonly0.12framespersecond.Tomaketheapproach
fastlightweightdeepCNNsarelearned,whichwhencombinedgiveanaccuracyofgreaterthan90%
andprocessingbetween1.07to1.83framespersecond.

The performance of traditional algorithms, Support Vector Machine(SVM) and K- Nearest
Neighbor(KNN)withbackgroundsegmentation,andaConvolutionalNeuralNetwork(CNN)on
theplantseedlingdatasetiscomparedwhichisproposedby(Nkemelu,Omeiza,&Lubalo,2018).
ThearchitectureoftheirCNNconsistedofsixconvolutionlayers,eachfollowedbyarectifiedlinear
unit(ReLU).Thefirsttwoconvolutionlayershad64filters,thenexthad128andthelastone256.
Eachconvolutionlayerhadzeropadding.Amax-poolinglayerwasembeddedaftereachconvolution
layer.Thesuccessorsofconvolutionlayerswerethreefullyconnectedlayerswiththelastoneofthem
havingthesoftmaxactivationfunction,givingtheprobabilityofaninputimagebelongingtoeach
ofthe12classes.TheaccuracyachievedbyKNNandSVMwas56.84%and61.47%respectively.
Themaximumaccuracyachievedbythemis92.6%onthedatasetwithCNN.

Fully convolution neural networks with encoder-decoder structure incorporated with spatial
informationbyconsideringimagesequenceisusedby(Lottes,Behley,Milioto,&Stachniss,2018).
They have claimed that their system generalizes well to previously unseen fields under varying
environmentalconditions.Thebasicideaoftheirworkistoexploitgeometricpatternsthatresult
fromthefactthatsomecropsaresowedinrows.Thecomparisonstootherstate-of-the-artapproaches
arepresentedandshowthatsystemsubstantiallyimprovestheaccuracyofcrop-weedclassification
withoutrequiringaretrainingofthemodel.

ProblemofCNN-basedsemanticsegmentationofcropfieldsseparatingsugarbeetplants,weeds,
andbackgroundexclusivelybasedonRGBdataisaddressedby(Lottesetal.,2018;AndresMilioto,
Lottes,&Stachniss,2018).Adeepencoder-decoderCNNforsemanticsegmentationismaintained
witha14-channelimagestoringvegetationindexesandhasbeenusedtosolvecrop-weedclassification
tasks.Thisapproachcanaccuratelyperformpixelwisesemanticsegmentationofcrops,weeds,and
soil,properlydealingwithheavyplantflapinallgrowthphases.

Fromthestudyofliterature,ithasbeenconcludedthataplentyofresearchisdoneinthefieldof
agriculture.Butthereisrequirementtoexploremorestate-of-artfeatureextractionandclassification
techniquestoclassifyweedandcrop.Asmajorityofthemethodsusedinliteratureisdonebymachine
learningtechniqueswhichareappliedtovariousdatasetsavailableforweedandcropclassification
withalotofvariations.Thesehaveachievedhighaccuracyinthisfield.Deeplearningtechniques
havenotbeenappliedasmuchasmachine learningtechniques.Theliteraturereviewshowsthat
CNNusedonthePlantseedlingdatasetgivesbetterresultsthanthemachinelearningtechniques.
But,CNNusedwasashallownetworkwithonly6convolutionallayers.Weintendtofillthisgap
andapplysomedeepconvolutionalneuralnetworksonthedatasetusingtransferlearning.Thedeep
learningapplicationinagriculture-relatedliteratureshowsthattransferlearninghasgivengoodresults
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intheproblemsofclassificationfromimagesinagriculture.Applyingthesetechniquesmayhelpin
improvingtheaccuracyachievedsofar.

METHoDoLoGy

Thissectionpresentsthearchitecturethatisproposingfortheproblemofweedandcropclassification.
Figure.1showstheCNNmodelsthatwehaveusedalongwiththelayersthataresubstitutedforthe
lastlayerofVGG19.AsshowninFigure,ithasusedVGG19orResNet50orXceptionorVGG16
orMobileNetV2asthestartingarchitecturewhichtakesanimageoftheplantasaninput.Inthis
study,thereistheremovalofthefinallayerofthearchitectureandreplaceditwithaGlobalAverage
Pooling(GAP)layerfollowedbyafullyconnected(FC)layerwith512nodesandfinallyasoftmax
layerwith12nodes,whichgivesoneofthe12classesinthedatasetasoutput.Wesettledon512
nodesintheFClayerafterexperimentingwiththedatawithvariousnumbersofnodesrangingfrom
264-4086nodesforgettingthebestresults.

GlobalAveragepooling(GAP)layerisbeingusedbyexpertstominimizeover-fittingbyreducing
the totalnumberofparameters. It isavariantof itscounterpartMaxPoolinglayer.Thepooling
operationdoesn’tjustreducethedimensionalityoftheinputbutitalsomakestheinputrobustagainst
rotationandorientation.Themax-poolinglayerreducesthedimensionalityofthegiveninputby
takingthemaxvalueinthemax-poolingfilterused.Butafterexperimentation,wehaveseenthat
globalaveragepoolinggavebetterresultsthanmax-poolinglayer.

ThelaststepofCNNsistocombinehigh-levelfeatures,whichcomefromconvolutionaland
poolinglayersinordertoclassifyimagesor,moreingeneral,learnnon-linearrelationsamongfeatures.
Thelayerthatperformsthiscombinationiscalledafully-connectedlayer.Asthenamesuggested,all
neuronsofthatlayerareconnectedtoallneuronsofthepreviousonetocollectallinformationand
sendthemtoanotherfullyconnectedlayerorproduceoutputvalues.Themostcommonuseofthe
FClayerisanimageclassificationtask,wherethenumberofneuronscorrespondstoanumberof
classesthatwewanttoclassify.Thefullyconnectedlayerintheproposedneuralnetworkconsistsof
512nodesandReLUasitsactivationfunction.Thesoft-maxlayerisjustafullyconnectedlayerwith
asoft-maxactivationfunction.TheSoft-maxactivationfunctionismostlyusedintheoutputlayerof
problemsconsistingofmorethantwoclassesofoutput.Thenumberofnodesinthesoft-maxlayer
correspondstothenumberofclassesinthedataset.Intheproposedmodelthesoft-maxlayerhas
12nodeseachforeachofthe12speciesofplants.WehaveusedStochasticgradientdescent(SGD)
optimizerwith amomentumof0.9 and a learning rateof e-3andwith abatch sizeof16.After,

Figure 1. Proposed architecture
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experimentingwiththetuneableparametersoncewereachedanaccuracywhichdidn’timproveany
furtherwefinalizedthoseparametersandconfigurations.

EXPERIMENTAL SETUP

TheexperimentshavebeenperformedusingtheAnaconda2019.03forwindowswithPython3.7.
Theopen-sourceAnacondaDistributionistheeasiestwaytoperformPython/Rdatascienceand
machinelearningonLinux,Windows,andMacOSX.Withover11millionusersworldwide,itis
theindustrystandardfordeveloping,testing,andtrainingonasinglemachine.Wehaveusedthe
Spyderintegrateddevelopmentenvironmentforrunningthealgorithm.Thewholealgorithmforour
experimentwasimplementedusingPython3.7.Tensorflowwasusedatthebackendasthemachine
learninglibrarywithKerasasthewrapperlibrary.

Wehavedividedthissectionintothreepartswhichincludedatasetdiscussion,dataaugmentation
andperformancemetricsusedtoevaluatetheresults.

Dataset
Thedataset,whichismadepublicallyavailablebyAarhusUniversity(Giselsson,Jørgensen,Jensen,
Dyrmann,&Midtiby,2017)hasbeenusedinproposedwork.Thedatasetthatusediscollectedbythe
AarhusUniversitySignalProcessinggroupincollaborationwiththeUniversityofSouthernDenmark.
Inthisstudy,thesecondversionofthedatasetisused.Thefirstversioncontained4275imagesof
approximately960uniqueplantsbelongingto12species.Inthesecondversionnumberofimages
hasbeenincreasedto5539.These12speciesarecommonplantspeciesfoundinDanishagriculture.
Theimagesinthedatasetwererecordedmultipletimesovera20dayperiodatanintervalof2to3
days,startingafewdaysafteremergence.Thedatasetisprimarilytargetedtoresearchthattriesto
identifyplantspeciesatadeargrowthstage,soastoallowfarmerstoconductweedingbeforeweed
startcompetingwiththecropfornutrients.ThisiswhyitisknownasPlantSeedlingDataset.Table
1showsthedistributionoftrainingandtestingimagesineachofthe12classes.ItshowsthatLoose
Silky-bentisthelargestclassinthedatasetwith762imagesandCommonWheatisthesmallest
classinthedatasetwith253images.

Eachclasscontainscoloredimagesthatshowplantsatdifferentgrowthstages.Theimagesare
invarioussizesandareinpngformat.The12classesinthedatasetareshowninFigure2withan
exampleimageofeachclass.Inexperiments,thisdatasetisdividedinto80:20ratioswith80percent
data(4431images)usedfortrainingthenetworkand20percentofdata(1108images)usedfortesting
ofthenetworkandimageaugmentationisusedbeforetrainingthenetwork.

Data Augmentation
Dataaugmentationistheprocessofartificiallycreatingnewdatafortrainingandtestingofamachine
learningmodel.Thishelpsinimprovingtheperformingofthemodelbecauseinsupervisedlearning
themoreyourmodelknowthebetteritcanperform.Italsohelpstopreventoverfittingonthetraining
set.Inthisstudy,dataaugmentationisdoneforimprovingtheperformanceofthemodel.Figure3
showsanexampleofhowdataaugmentationcanhelpinimprovingtheperformanceofamachine
learningmodel.

In this imagesareclassified into their respectiveclassesandalthough there is largedataset
containing5,539imagesbutitisnotaslargeasrequiredtotrainthedeepconvolutionalneuralnetworks
thatweareusing.Imageaugmentationsareusedindifferentmodes:Widthshiftrange,Heightshift
range,Rotationrange,Rotationrange,Zoomrange,Horizontalflip,Fillmode,Shearrange.The
valueoftheparametersusedforimageaugmentationissetasshownbelow:

• width_shift_range=0.2



International Journal of Agricultural and Environmental Information Systems
Volume 11 • Issue 4 • October-December 2020

31

• height_shift_range=0.2
• rotation_range=20
• zoom_range=0.2
• horizontal_flip=True
• fill_mode=“nearest”
• shear_range=0.2

InFigure3theimagesofaplantwith(a)beingtheoriginalimageand(b)and(c)beingthe
horizontallyandverticallyflippedversionsoftheoriginalimage.

Performance Metrics
Theresultsforeachofthe5pre-trainedbasedmodelsareshownseparately.Foreachofthemodel,
wehavepresentedthefollowing(i)accuracyplotfortrainingandtesting,(ii)classificationreport,(iii)
confusionmatrixand(iv)theaccuracyofthemodelonV2PlantSeedlingdatasetforclassification
oftheinputimageintoitsrespectiveclass.

Accuracy Plot
Theaccuracyplotisthecurvethatshowshowtheaccuracy(trainingandtesting)ofthemodelis
changingwitheachepoch.TheX-axisoftheplotrepresentstheepochs(1-12)andtheY-axisrepresents
theaccuracyvalues(0-100)inpercentage.Thetrainingandtestingaccuracyforeachofthemodels
ispresentedintheaccuracyplot.

Classification Report
Theclassificationreportdisplaystheprecision,recall,F1scoresforthemodel.Theparametersin
thisreportareusefulforcomparingtheperformanceofmodelsonadataset.Thereportshowsthe
valueoftheseparametersforeachoftheclasses.Thishelpstoanalyzetheperformanceofthemodel
ineachoftheclasses.Theparametersintheclassificationreportaredefinedas:

Table 1. Distribution of images in V2 Plant Seedling Dataset

Class Species Training Images Testing Images

1 SugarBeet 370 93

2 Blackgrass 247 62

3 Charlock 361 91

4 Cleavers 268 67

5 CommonChickweed 572 143

6 CommonWheat 203 50

7 FatHen 430 108

8 LoosySilky-bent 609 153

9 Maize 206 51

10 ScentlessMayweed 485 122

11 Shepherd’spurse 219 55

12 Small-floweredcranesbill 461 115



International Journal of Agricultural and Environmental Information Systems
Volume 11 • Issue 4 • October-December 2020

32

Figure 2. The 12 classes in the dataset with an example image
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Precision
Precisionistheabilityofaclassifiernottolabelaninstancepositivethatisactuallynegative.In
simplewords,precisionistheaccuracyofpositivepredictions.Itisgivenbythefollowingequation.

  Precision
TP

TP FP
=

+













Intheaboveequation,TPstandsfortruepositiveandFPstandsforfalsenegative.Inthecontext
oftheproblemtruepositiveiswhenaweedimageisclassifiedinthecorrectweedclassandacrop
imageisclassifiedinthecorrectcropclass.Similarly,falsepositiveiswhenacropimageisclassified
asaweedimageandaweedimageisclassifiedasacropimage.

Recall
Arecallistheabilityofaclassifiertofindallpositiveinstances.Inotherwords,itisthefractionof
correctlyidentifiedpositiveentries.

  Recall
TP

TP FN
=

+













Intheaboveequation,FNstandsforfalsenegative.Inthecontextofproblemfalsenegativeis
whenaweed/cropimagebelongingtoaclassisrejectedasbelongingtothatclass.

F-1 Score
TheF1scoreisaweightedharmonicmeanofprecisionandrecallssuchthatthebestscoreis1.0
andtheworstis0.0.Generallyspeaking,F1scoresarelowerthanaccuracymeasuresastheyembed
precisionandrecallintotheircomputation.Asaruleofthumb,theweightedaverageofF1should
beusedtocompareclassifiermodels.Itisgivenbythefollowingequation.

�� � *
*

F Score
P R

P R
1 2=

+













Figure 3. (a)the original image,(b)horizontally flipped, and(c)vertical flipped
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Intheaboveequation,PstandsforprecisionandRstandsforrecall.

Confusion Matrix
Theconfusionmatrixisatablewheretherowsandcolumnsrepresenttheclassesinthedataset,
givingthefractionofmisclassification.Theorderingoftheclassesinrowsandcolumnsissimilar.
Therowsrepresentthetruelabelsandthecolumnscorrespondtothepredictedlabel.Thiswaythe
diagonalelementsoftheconfusionmatrixgivethenumberofimagesthatarecorrectlyclassifiedinto
theirrespectiveclassesandtherestoftheelementsgivethenumberofimagesthataremisclassified
inthetestset.Thenon-diagonalentriescanbeanalyzedtoseewhichclassesaremostlymisclassified
orconfusedwitheachother.

Accuracy
Accuracyisafractionofcorrectlyclassifiedimages.Itisgivenbythefollowingequation.

Accuracy �=
Number of correct predictions

Total number of preddictions


In the context of the problem, accuracy specifies the percentage of plant images correctly
classifiedintotheirrespectiveclass.

RESULTS AND DISCUSSIoNS

In thissection,wehavepresented theresultsobtainedby training thesemodelson theV2Plant
Seedlingdataset.Wehaveshowntheresultsobtainedbythe trainednetworkson the testingset.
ThesefivedifferentmodelsaretakenVGG16,VGG19,ResNet50,Xception,MobileNetV2andare
discussedinthenextsection.

Accuracy Precision Scale
Graphicallyrepresentationoftheaccuracyofthedifferencesbasedmodelfortrainingandtestingon
thedatasetareshowninfigure5.ItisproposedthatVGG16showsatrainingaccuracyof99.46%
andatestingaccuracyof94.76%ontheV2PlantSeedlingDataset.Thetrainingaccuracyplotshows
thateveninthiscasethepreviousknowledgehasnotprovedusefulbutagain,thesecondmeasureof
transferlearninghashelpedtoimprovedlearningonthetargeteddataset.Thetestingaccuracyvaries
witheachepochwithapeakvalueof94.76%.

VGG19hasachieveda trainingaccuracyof99.10%anda testingaccuracyof93.32%.,The
accuracyachievedbythemodelisbetterthanthepreviousaccuracyonthedatasetintheliterature.

ResNet50wasthefirstpre-trainedthatwastrainedinourexperiments.Ithasperformedthebest
intermsofaccuracywith99.84%trainingaccuracyand95.23%testingaccuracy.Theaccuracyplot
showsthatthetrainingaccuracyhasbeensteadythroughoutthetrainingperiod.Theinitialvalue
oftrainingaccuracyshowsthatthemeasureoftransferlearningthatisworkinghereis,transferred
knowledgebecausethenetworkhasshownaninitialaccuracyofmorethan98%inthefirstepoch.
Thetestingaccuracyhasvariedinasmallrangecontinuouslywithapeakvalueof95.23%.

XceptionhasperformedthebestontheImageNetvalidationdataset.Theaccuracyplotshowsthat
thetrainingaccuracyhasstartedfromaverylowvalue.Thevalueoftrainingaccuracyhasdrastically
improvedafterthetrainingoftheXceptionbasedmodelontheV2PlantSeedlingdataset.Thetraining
accuracyplotshowsthatinthiscase,thepreviousknowledgehasnotproveduseful.Weachieved
atrainingaccuracyof98.70%andatestingaccuracyof93.59%usingXceptionasthebasemodel.
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ThenumberofparametersinMobileNetV2isleastamongstallthepre-trainedmodelsused.
Thepre-trainedarchitecturethatissecondinthelistofanumberofparametersisResNet50,which
whencomparedtoMobileNetV2hasapproximately8timesasmanyparametersasResNet50.This
hugegapmakestherunningtimeofMobileNetV2lessascomparedtootherswithahugedecrease
inthenumberofcalculationsrequiredperepoch.Weachievedatrainingaccuracyof99.13%and
atestingaccuracyof93.50%byusingthemodelbasedonMobileNetV2.Accuracyplotofallthe
modelsareshowninfigure4.

Theprecision,recall,andF1-scoreofallspeciesarecalculatedindividuallyandthenaverages
ofallaretakenandareshownintable2.

Precisionistheabilityofaclassifiernottolabelaninstancepositivethatisactuallynegative.
RecallistheabilityofaclassifiertofindallpositiveinstancesTheF1scoreisaweightedharmonic

Figure 4. Accuracy plot of different models
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meanofprecisionandrecallsuchthatthebestscoreis1.0andtheworstis0.0.F1scoresarelower
thanaccuracymeasuresastheyembedprecisionandrecallintotheircomputation.Itisobservedthat
VGG16andResNet50givethebestresultsforprecision,recall,andF1-score.

Confusion Matrix
Inthisoutoffivemodels,theconfusionmatrixofthebesttwomodelsisdiscussed.Theconfusion
matrixfortheVGG16basedmodelshowninFigure5suggeststhesameconclusion.Theconfusion
matrixshowsthat11oftheimagesbelongingtoBlackgrassclassareclassifiedasLooseSilky-
bentand19oftheimagesbelongingtoLooseSilky-bentclasshavebeenclassifiedasBlack-grass.
Although,thetotalnumberofmisclassificationsbetweenthetwoclasseshasbeenreducedto30,
whichisthebestamongstallthepresentedmodels.

Figure6showstheconfusionmatrixforResNet50basedmodel.Theconfusionmatrixshows
that28Black-grassclassimagesareclassifiedasLoose-Silkybent.Thereforethemodelhashighly
misclassifiedthesetwoclassesbutifcomparewithothermodelsitgivesthebestresults.

Thereasonforthishighmisclassificationisthatthesetwoclassesarehighlysimilartoeachother
intheirappearance.Figure7showsoneinstanceeachofimagesfromeachoftheseclasses.Inthe
figureyoucanseethattheimagesinthesetwoclassesarehighlysimilartoeachother.Thismakes
featureselectionforcorrectlyclassifyingtheseclassesintotheirrespectiveclassdifficult.

Comparison with Previous work
Resultsarealsocomparedwithotherexistingwork inTable3andconcluded that theproposed
methodhasachievedbetteraccuracy.Wehavetunedfivepre-trainedCNNmodelsusedforimage
classificationontheV2PlantSeedlingdatasettoclassifyimagesofcropandweedseedlinginto
theirrespectiveclasses.

Itshowsthatthedeeplearningtechniqueshaveperformedmuchbetterthanmachinelearning
techniquesonthedataset.Wecanseethatamongstthedeeplearningtechniquesdeepneuralnetworks
haveperformedbetterthantheshallowneuralnetworkpreviouslyusedonthedataset.Amongstthe
deepneuralnetworks,ResNet50hasgiventhebestresultsinourexperiments.

CoNCLUSIoN

In the proposed work five pre-trained CNN models are used for image classification on Plant
seedlingdatasettoclassifyimagesofcropandweedseedlingintotheirrespectiveclassesandhave
achievedimprovedresultsonthedataset.ThefivemodelsusedinthisworkareResNet50,Xception,
MobileNetV2,VGG16,andVGG19.Amongstthesefivemodels,ResNet50gavethebestresults
with95.23%testingaccuracy.

Therearemanymodelspre-trainedonImageNetdatasetlikeGoogleNet,NASNet,etc.There
couldbeaneffortinthefuturetoextendthisworktoevaluateallthepre-trainednetworksforthe

Table 2. Average classification report of all models

Models Precision Recall F1-Score

VGG16 0.95 0.95 0.94

VGG19 0.93 0.93 0.93

ResNet50 0.95 0.95 0.95

Xception 0.94 0.94 0.94

MobileNetV2 0.94 0.94 0.93
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taskofplantseedlingclassification.Therecouldbeanattemptinthefuturetocollectandpublisha
datasetthathasallspeciesofweedsinitwithasufficientnumberofimagesofeachspeciestotrain
aneuralnetwork.

Figure 5. Confusion matrix for VGG16 based model
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Figure 6. Confusion matrix for ResNet50 based model



International Journal of Agricultural and Environmental Information Systems
Volume 11 • Issue 4 • October-December 2020

39

Figure 7. Black grass and Loose Silky-bent

Table 3. Accuracy comparison with existing approaches

Author Model Accuracy(%)

Nkemelu,D.K.et.al. KNN 56.84

SVM 61.87

CNN 92.60

Proposedwork ResNet50 95.23

Xception 93.59

VGG16 94.26

VGG19 93.32

MobileNetV2 93.50
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