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ABSTRACT

Automatedplantrecognitionperformsasignificantroleinvariousapplicationsusedbyenvironmental
experts,chemists,andbotanyexperts.Humanscanrecognizeplantsmanually,butitisaprolonged
andlow-efficiencyprocess.Thispaperintroducesanautomatedsystemforrecognizingplantspecies
basedonleafimages.Ahybridtextureandcolour-basedfeatureextractionmethodwasappliedon
digitalleafimagestoproducerobustfeature,andafurtherclassificationmodelwasdeveloped.A
combinationofmachinelearningmethods,suchasSVM(supportvectormachine),KNN(k-nearest
neighbours),andANN(artificialneuralnetwork),wasappliedondatasetforplantclassification.
Thisdatasetcontains32typesofleaves.Theoutcomesofthisworkprovedthatsuccessrateofplant
recognitioncanbeenhancedupto94%withANNclassifierwhenbothshapeandcolourfeaturesare
utilized.Automaticrecognitionofplantsisusefulformedicine,foodstuff,andreductionofchemical
wastageduringcropspraying.Itisalsousefulforidentificationandpreservationofspecies.
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INTRoDUCTIoN

PlantsperformasignificantroleformaintainingtheecologysystemoftheEarth.Recently,several
plantspeciesareatriskofextinction.However,automaticplantrecognitionishelpfulforamultitude
ofsectorssuchasmedicine,food,reducingchemicalwasteduringcropspraying,aswellasidentifying
andpreservingspecies.Itisthereforeveryimportanttodesignaplantsafetydatabase(Wuetal.,
2007).Theabilityofknowingplantsleaves,oridentifyplantsgenerallyallowspeopletoassessmany
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importantrangelandorpasturevariablesthatareveryusefulforpropermanagementsuchasrange
condition,forageproduction,properstockingrates,wildlifehabitatquality,andrangelandtrend,either
upwardordownward.Forimplementingthis,thefirststepistoteachacomputerhowtocategorize
plants.Therearemanytypesofspeciesofplantsapproximatelyrangingfrom220,000to420,00and
manywaysforrecognizingaplantbyusingflower,fruit,root,leafetc.,butduetomassavailability
of leavesalmost inall seasonsandalsohavinghighernumberofdistinct featuressuchascolor,
distinctappearance,andinternalstructures,leavescanbebetterutilizedtodifferentiatevariousplant
species(Sattietal.,2013;Chakietal.,2011).Manyresearchershaveworkedonclassificationofplant
speciesusingleafbasedfeaturesandmachinelearningmethods(Waldchenetal.2017).Thereare
variousdatabaseswhichbelongtoplantspecies.Fromthosedatabases,theFlavialeafdatabasewas
themostfrequentlyuseddataset,althoughotherleafdatabaseswerealsousedbysomeresearchers.
IntheFlavialeafdatabase,thereare1907leafimagesof32dissimilarspecies.Ineveryspecies,
thereare50to77leafimages.TheseleaveswerecollectedatNajingUniversityandtheSunYat-Sen
arboretum,Nanking,China(Waldchenetal.2017).TheFlavialeafdatabaseisusedinthiswork
fortheidentificationofplantleavestoclassifydifferenttypesofplants.IntheworkofMallahetal.
(2013),theauthorscapturedthreedifferenttypesoffeatures(ashapedescriptor,aninteriortexture
histogram,andafine-scalemarginhistogram)andtheywereusedtoclassifytheplantspecies.The
analysisofthesefeatureswasdoneseparatelyandfinallythesefeaturesweremixedtoidentifythe
classofplantspecies.

Wuetal.(2007)proposedamethodinwhichtheyusedProbabilisticNeuralNetwork(PNN)
for plant classification. Before classification basic preprocessing and feature extractionmethods
wereapplied.Theygot12leaffeaturesduringfeatureextractionprocessandthosefeatureswere
orthogonalizedinto5mainvariablesforgivingthemasinputtoPNN.TheytrainedPNNbyfeatures
of1800leavesandcategorized32typesofplants.Theyachievedaccuracymorethan90%byapplying
thismethod.Kadiretal.(2011)alsoworkedwithPNNforleafclassificationandaccordingtotheir
approachcolourfeatureswerenotincludedinthefeatureset,becauseaspertheirexperimentalresults
colourwasnotrecognizedasakeyfeaturetotherecognitionofleaves.Theyusedfeatureslikeshape,
vein,andtexturetoclassifyaleaf.Theyachievedaverageaccuracyof93.75%onFlaviadatasetthat
contains32kindsofplantleaves.Sattietal.(2013)proposedatechniquefortheplantidentification
byusingdigitalimagesofleaves.Theypreferredthefeaturesofleavesinplaceofflowers,fruits,
root,stemetc.TherearemanyopenlyavailableleafimagedatasetssuchasFlaviadataset,Leafsnap
dataset,Intelenginedataset,ImageCLEFdatasetandmanyothersbutinthisworkFlaviadatasetwas
used.Theproposedmethodologycontainsthreesteps:preprocessingstep,extractionoffeaturesand
classifyingtheobjects.Thepreprocessingtechniqueistoenhancedataimagesbeforefeatureextraction.
Thefeatureswereutilizedastheclassifierinputsforproperclassifyingtheobjects.Thereafter,the
outputswereconfirmedandcomparedbyusing(AdvancedNeuralNetwork)ANNandEuclidean
KNNclassifier.Theneuralnetworkwasaccomplishedwith1907sampleleaveswhicharerelated
to33differentplantspeciesextractedfromFlaviadatabase.Theproposedtechnique’sperformance
showed93.3%accuracybyusingANNclassifier.

Sahayetal.(2016)alsoproposedmethodwhichisbasedonweightedk-NearestNeighbours
(KNN)search.Themethodcontainedbasisthreestepssuchaspreprocessing,extractionoffeatures,
and finallymatching.TheyworkedwithLeaf-Snap-databasewhich isaguideofelectronicarea
andthisdatabasewasproducedbyColumbiaUniversityandUniversityofMaryland.Thisdatabase
containsmanytypesofplantspeciesatmanyorientations,scalesandbrightnesslevels.Theauthors
gottheresultintheformofprecision(85.2%)andrecall(67.5%).Munisamietal.(2015)developedan
applicationwithmobilityfeaturebywhichusercancapturephotosofleavesanduploadthosephotos
intoserver.Thepreprocessingandfeatureextractionmethodsontheleavesphotoswereexecuted
byserver.Thenafter,patternmatchermatchedtheimageinformationwiththedatasettofindthe
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