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Models With Handcraft Features and 
Non-Handcraft Features for Automatic 
Plant Species Identification
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ABSTRACT

The classification of plants is one of the most important aims for botanists since plants have a
significantpart in thenatural lifecycle. In thiswork,a leaf-basedautomaticplantclassification
frameworkis investigated.Theaimis tocomparetwodifferentdeeplearningapproachesnamed
DeepNeuralNetwork(DNN)anddeepConvolutionalNeuralNetwork(CNN).Inthecaseofdeep
neuralnetwork,hybridshapesandtexturefeaturesareutilizedashand-craftedfeatureswhileinthe
caseoftheconvolutionnon-handcraft,featuresareappliedforclassification.Theofferedframeworks
areevaluatedwithapublicleafdatabase.Fromthesimulationresults,itisconfirmedthatthedeep
CNN-based deep learning framework demonstrates superior classification performance than the
handcraftfeaturebasedapproach.
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1. INTRoDUCTIoN

Plantsareanessentialpartofenvironmentandimportantforhumanbeing.Plantspeciesarevaluableas
medicine,asfoodstuffandalsoforindustrialapplications.Identifyingplantspecieshelpstoensurethe
survivalandprotectionofallnaturallife(EhsaniradandKumar,2010).Classificationisveryimportant
whenitcomestotaxonomy.Asaresult,suchcategoriesofspeciescanbegroupedorclusteredtoa
specificlocation.Recognitionofplantclasseshasmanybenefitscomprisingidentificationofmedicinal
plantsusedinayurvedicmedicinesaswellasotheruses(RaalandSõukand,2005).

Leavesaresuitablepartofplantstocategorizeplantspeciessincetheyaremorereadilyaccessible
thantheotherpartsofplantlikeflowersthatareobtainableforasmallperiod.Leafrecognitionis
basedondifferentcharacterspresentedontheleafsurface.Thesecharacterswilldeterminetheclass
towhichanindividualplantspeciesbelong.Botaniststocategorizeparticularplantspecieshave
followedtheleafrecognitiontechnique.Usually,plantshavedistinctiveleafpropertiesthatmake
themdissimilarfromeachotherinalargenumberofappearancesliketexture,shape,colour,and
thesize(Priyaetal.,2012).
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Leafrecognitionislimitedtofactorslikeclimateandplanthealthbecausetheexternalsurface
oftheleafcanhavechangeincolourduetodiseasesorclimatechanges.Thismakesitdifficultthe
jobofidentification.Thisprocessisalsotedioussincehumanintelligencesforplantidentification
areinadequateforlargenumberofspecies.Overlastdecades,variousComputer-AidedDetection
(CAD)methodsaresuggestedtoincreaseleafbasedplatrecognitionrate(Duetal.,2013).Primarily,
handcraftfeaturesbasedrecognitionapproachesareofferedinlastdecades.Thisworkpresentsthe
useofhandcraftfeaturesforplantspeciesdetection.

These days, deep learning frameworks based on convolutional neural network have used
successfullyinmanyobjectidentificationuses.CNNclassificationmodeldoesnotrequirehandcraft
featuresforobjectrecognition.Here,convolutionlayerachievesthejoboffeatureidentification(Shin
etal.,2016).CNNbasedclassificationmodelisalsoproposedforplantidentificationinthiswork.
Finally,acomparisonofhandcraftfeaturesandautomaticfeatureextractionusingtwodifferentdeep
learningmodelsisdiscussed.Restofthepaperisdistributedintoninesections.Section2discusses
prominentworksintheareaasliteraturereview.DeeplearningmodelsarediscussedinSection3.
ProposedmethodologyisdiscussedinSection4.Handcraftfeaturesandleafdatabaseisdiscussed
insections5and6respectively.ThedetailsofexperimentsandresultsisgiveninSection7.Asa
lastsection,conclusionisdiscussedinSection8.

2. LITERATURE REVIEW

Aconsiderableworkisproposedintheareaofleaf-basedplantrecognitionduringthelastdecade
usingimageprocessingandcomputervisionmethods.Kadiretal.(2011)havepresentedaprobabilistic
neuralnetwork-basedclassificationmodelfor60typesoffoliageplants.Thisworkhasusedmean,
standarddeviation,skewnessascolourmoments,shapefeatures,greylevelco-occurrencematrix-
basedtexturefeaturesandPolarFourierTransform.Veinfeaturesalsoaddedtoincreasetheaccuracy
ofthesystem.Theresultdisplaysthatthesystemprovidesmeanaccuracyof93.0833%.Inasimilar
typeofanotherwork,Kadiretal.(211)haveutilizedshape,texture,veinandcolourfeaturesforplant
classificationFlaviadataset.Thisdatasetconsistsof32typesofleaves.Aneuralnetworkmodelis
designedwiththesefeatures.Theaverageaccuracyof93.75%isattainedinthiswork.

A plant classification method established on Random Forest Regression (RFR) and Linear
Discriminant Analysis (LDA) is proposed by Elhariri et al. (2014). A combination of features
namelyHSVcolourmoments,shape,greylevelco-occurrencematrix,veinfeaturesandfirstorder
texture,areusedforboththeclassifiers.ExperimentalresultshavedemonstratedthatLDAreached
bettercategorizationaccuracyof92.65%thantherandomforestmethodthatattainedclassification
accuracyof88.82%.Haqueetal.(2018)havepresentedaworkforplantclassificationthatusesseven
leaffeaturesextractedfromgeometricfeaturesofleafshapeafterpre-processingofleafimages.A
straightforwardconceptofminimumEuclideandistanceisutilizedforachievingtherecognition.
Thisschemehaveused10speciesofleavesfromtheFlaviaimagedatasetandgainedclassification
accuracyaround90%.Riazetal.(2018)havedesignedanensembleclassifierforleafidentification
forplantspeciescategorization.Thisensembleclassifierutilizesmorphological,Zernikemomentsand
shapefeatures.Inthiswork,maximum87%accuracyisachievedbyacombinationofmorphological
featuresandtextural.

Adeeplearning-basedmodelismostpopularthesedays,particularlyforimageclassification.
GoogLeNetasadeeplearningmodelisusedtoclassify50typesofChineseherbalplantsunderusual
circumstanceswithcomplexbackgroundsispresentedbyLiuetal.(2018).Anaverageaccuracyup
to89.4%isattainedinthiswork.Leeetal.(2017)havedesignedCNNmodeltoidentifyleaffeatures
straightfromtherawleafimages,andgaininsightoftheselectedfeaturesreliesonaDe-convolutional
Network(DN)method.Convolutionalneuralnetwork(sometimesreferredasConvNet)modelsarealso
designedtoachieveplantdiseaserecognitionanddiagnosiswiththeleavesoffitandunhealthyplants
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byFerentinos(2018).Total58dissimilarclassesofplantanddiseasecombinationsareconsidered
for25plantspecies.Thedesignedmodelhasattained99.53%accuracy.

ACNN-basedD-LeafmodelprojectedbyTanet al. (2018). Initially, features are extracted
bythreeseparateconvolutionnetworksi.e.AlexNet,tunedAlexNetandD-Leaffromleafimages.
Later,thesefeaturesareclassifiedbyutilizingmultipleclassificationmodels,namely,SupportVector
Machine(SVM),ArtificialNeuralNetwork(ANN),Naïve-Bayes(NB),k-Nearest-Neighbour(K-NN)
andCNN.TheD-Leafmodelachieved94.88%accuracy,whichishighestamongallthemodels.

3. DEEP LEARNING

DeepLearningisapartofmachinelearningproceduresmotivatedbytheconfigurationandfunction
ofArtificialNeuralNetworks(ANN).Deeplearningapproachestargetatlearningfeaturehierarchies
withhigher-levelfeaturesformedbythealignmentoflow-levelfeatures.Thelearningcomprisestwo
mainphases(Lietal.,2015):

• Thefirststepappliesanonlineartransformationoftheinputandbuildastatisticalmodelasoutput;
• Thesecondsteptargetsatrefiningthemodelwithaderivativeapproach.

Thenetworkiteratesthesetwostepsmultipletimeuntilithastouchedanacceptablelevelof
accuracy.Therearemultipledeeplearningmodelsareavailabledependingonapplications.Two
mostcommonlydeeplearningarchitecturesareusedinthiswork.Detailsofthesemodelsaregiven
followingsubsections.

3.1. Deep Neural Network (DNN)
Deeplearningfallsinthedomainofartificialneuralnetworksthathastheneuralnetworkswithmore
thanthreelayers,i.e.,oneinputlayer,oneoutputlayerandmorethanonehiddenlayer.ThetermDNN
isrefertotheneuralnetworksdesignedwithdeeparchitecture.DNNisproficientoflearningcomplex
featureswithhighdensityandabstractionthanlighterneuralnetworks.DNNsariseinalargerange
ofshapesandsizessubjectivetotheuse.Thecommonsizesandshapesarealsogrowingspeedily
toincreaseprecisionandefficiency.Theinputtothesenetworksisasetofvaluescharacterizingthe
factstobeanalysedinallcases.

3.2. Convolution Neural Network (CNN)
CNNisspecializedtypeofneuralnetworkmostlydealswithimages.Itisthemostefficaciousmodelin
artificialintelligence.TheorganizationofCNNusuallyconsistsoffourdifferentsortsoflayers.ACNN
comprisesconvolutionallayer,activationlayer,poolinglayerandafullyconnectedlayer(Tiwari,2016).

Themajoraimofconvolutionlayerisfeatureextractionfromtheinputimage.Theconvolution
mathematicaloperationisperformedinthislayer.Incontinuouscaseconvolutionoftwofunctions
f andg isgivenby:

f g t f g t d f t g d*( )( ) = ( ) −( ) = −( ) ( )
−∞

∞

−∞

∞

∫ ∫τ τ τ τ τ τ 

Indiscretecase,theequivalentconvolutionoperationisgivenby:

f g n f m g n m f n m g m
m m

*( )( ) = ( ) −( ) = −( ) ( )
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This1-Dconvolutioncanbeextendedto2-Dconvolutionfordigitalimageas:

f g x y f x n y m g n m
m M

M

n N

N

* , , ,( )( ) = − −( ) ( )
=− =−
∑ ∑ 

Inthiscasethefunctiong isreferredasfilterorkernelappliedtoinputimage  f .
Theprincipleof2Dconvolutionistomoveaconvolutionfilterontheinputimage.Thefilter

(kernel)movesbyanumberofpixelsthatistermedasstride.Ateachposition,theconvolution
betweenthefilterandthepartoftheimageisachieved.Theresultisatwo-dimensionalarray
referredasfeaturemap.Aftergettingthefeaturemap,itispassedthroughanonlinearactivation
layer,suchassoftmax,RectifiedLinearUnit(ReLU),RandomizedLeakyReLU,LeakyReLU,
Parameterized ReLU, and Exponential Linear Units (ELU) etc. Activation layer in the form
ofactivationfunctiondetermineswhetheraneuronshouldbe triggeredornotbycomputing
weightedsumandsupplementaryaddingbiaswithit.Thedeterminationoftheactivationfunction
istopresentnon-linearitytotheneuron’soutput.SpatialPoolingalsoknownassubsamplingor
downsamplingdecreasesthedimensionalityofeachfeaturemaphoweverpreservesthemost
significantinformation.Italsocontrolsoverfittingbyreducingthenumberofparametersand
computations.Poolingcanbeofdifferenttypeslikemax,averageandsumetc. thelast layer
isfullyconnectedlayeroradenselayer.Itisreferredasdenselayersinceeachneuronobtains
inputfromalltheneuronsintheearlierlayer,thusfullyconnected.Thislayergivesthefinal
outputofthemodel(Shinetal.,2016).

4. PRoPoSED METHoDoLoGy

Twodifferentmethodologiesareutilizedforleaf-basedplantclassification.Firstmethodologyutilises
atraditionalmodelofclassificationasshowninFigure1.Inthistraditionalmodel,handcraftfeatures
arecalculatedfrompre-processedleafimagesasdiscussedinSection5.Thesefeaturesarethenfeed
todeepneuralnetworkforclassification.Thesecondmethodologyforleafclassificationdoesnot
utilisethesehandcraftedfeaturessincethisisbasedonCNNmodelasshowninFigure2.Incase

Figure 1. The DNN model of classification

Figure 2. The CNN model of classification
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ofCNNmodel,itisthejobofconvolutionlayertoidentifytheleaffeatures.ThesegmentedRGB
imagesarepassedtoCNNmodelforclassification.Finally,theperformanceofthebothapproached
iscomparedusingperformancemetrics.

5. HANDCRAFT FEATURE SET

Shapebasedandtexturesfeaturesareconsideredasthehybridfeaturesetforclassificationusingdeep
neuralnetwork.Theeccentricity ( )Ec ,aspectratio(A

R
),elongation(E

G
),solidity(S ),stochastic

convexity(S
C

),isoperimetricfactor( )I
F

,maximalindentationdepth(M
ID

)andlobedness L( ) are
calculatedasshapebasedfeatureswhilemeanintensity(m ),meancontrast(σ ),smoothness(S

m
),

thirdmoment (µ
3

),uniformity(U )andentropy(E )arecalculatedastexturefeatures.Therefore,
hybridfeaturesetconsistsoftotal14features.Thedescriptionofeachfeatureisgivenbelow.

5.1. Shape Based Features
Shapeisasignificantvisualfeatureandwidelyacceptablebasicfeatureforobjectdescription.
Followingeightshape-basedfeaturesarecalculatedfromsegmentedleafimages(Chakiand
Parekh,2011):

1. Eccentricity ( Ec ):Theproportionofthemajoraxislengthanddistancebetweenthefociofthe
ellipse.Eccentricityisabletodistinguishlongandroundedleafs;

2. Aspect Ratio ( AR ):Theproportionbetweentheextremelength  Lmax andtheleastlength
Lmin oftheleastboundingrectangle:

A
Lmax

LminR
= 

3. Elongation ( EG ):Elongationisfurthernotionfoundedoneccentricity.Elongationisafeature
thatreceivesvaluesintherange 0 1,


 .Aregularcontourinallaxessuchasasquareorcircle

hasanelongationvalueof0whileshapeswithhighaspectratioshasanelongationfactornearer
to1.Itisdefinedasfollows:

E
Dmax O

Dmin OG
= −

( )
( )

1
2



whereDmax O( ) isthediameteroftheprimeinscribedcircleandDmin O( ) isthediameterofthe
minimumcircumscribedcirclefortheobjectO .

4. Solidity ( S ):Theproportionbetweenobject’sregionandregionoftheobject’sconvexhull,
whereregionismeasuredintermsofarea.Itcanalsobeconsideredasaparameterforconvexity
ofobject:

S
Area O

Area C O
=

( )
( )( )
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whereArea O( ) istheareaofobjectandArea C O( )( ) istheareaofconvexhullfortheobject.

5. Stochastic Convexity ( SC ):Thisfeaturelengthensthestandardconvexityintopologicalsense,
byusingperforming the sampling inobject area. Itmeasures theprobabilityofa randomly
selectedregionS x y x y O, , ,( ) ∈ tobethepartofobjectO ;

6. Isoperimetric Factor ( IF ):Isoperimetricfactorshowahigh-levelcorrelationwiththesolidity,
elongationandmaximalindentationdepth.Itisaneminentshapecharacteristic,describedby:

I
Area O

L O
F
=

⋅ ( )
∂( )( )

4
2

π


whereArea O( ) istheareaoftheobjectandL O∂( )( ) isthelengthofcontourforobjectO .

7. Maximal Indentation Depth (MID ):Thedepthfromthesurfaceoftheobjecttotheindentation
depthoftheindenterorindenterslopeisreferredasindentdepth.Themaximumdepthisthe
overall shift of the object and the indenter at maximum weight that comprises the elastic
deformation.LetL C O( )( ) ,XC O( ) andδI representsthearclength,centroidoftheconvexhull

andboundaryof theobjectO  in thatorder.Thedistances d x X
C O

, ( )( )  and d y X
C O

, ( )( )  are

calculatedfor ∀ ∈ ( )x C O and ∀ ∈y I  δ .Theindentationdepthcanbedefinedas:

M
d x X d y X

L C O
ID

C O C O

=
( )− ( )







( )( )
( ) ( ), ,



Theindentationdepthissampledwithintervalofonedegreeandpeakvalueofthisfunctionis
referredasmaximalindentationdepth.

8. Lobedness ( L ):Bydifferentiatingbetweenlobedandunlobedleaves,shape-basedleafrecognition
methodscanbeenriched.Itisachievedbycomputingthenumberofinflectionpointsinthecontour
distancesignature.ThemeanissubtractedbeforetheFourierTransformoftheindentationfunction
iscomputed.Thereceivedspectrumisstandardizedbythetotalenergy.Itiscalculatedas:

L F u v XD
min

= ( ), 2 

where � ,F u v
min ( ) representstheleastfrequencyatwhichthecumulatedenergysurpasses80%.

5.2. Texture Features
Textureisaniteratingpatternoflocalvariationsingraylevels.Itisanimportantcluefortheanalysis
ofmanyimages.Itisgenerallyappliedtoidentifyintrinsiccharacteristicsofsurfacesparticularly
thosethatdonothaveasmoothlyvaryingintensity.Followingsixtexturefeaturesareusedforleaf
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images.Letz bearandomvariablerepresentingintensitylevelsandletp z i L
i( ) = …, , , , , , –0 1 2 3 1 ,

bethecorrespondinghistogram,whereL isthecountofdistinctgreylevels(Gauretal.,2014):

1. Mean Intensity (m ):Itrepresentstheaverageintensityoftheleafimage:

m z p z
i

L

i i
= ( )⋅

=

−

∑
0

1



2. Mean Contrast (σ ):Contrastisanextentofthelocalvariationsavailableinleafimage.Itis
thestandarddeviationofthegreyimage:

σ = − ( )
=

−

∑
i

L

i i
z m p z

0

1
2( ) 

3. Smoothness ( Sm ):Itrepresentstherelativesmoothnessofthegreylevelsintheobject’sregion.
Itiscalculatedas:

S
m
=
+

1

1 2σ


whereσ2 isthevarianceorsecondmomentofthegylevelimage.

4. Third moment (µ
3

):The 3rd momentof z aboutthemean m( ) isdefinedas:

µ
3

0

1
3z z m p z

i

L

i i( ) = − ( )
=

−

∑� ( ) 

Itmeasuresskewnessofthehistogram.

5. Uniformity (U ):Onemorevaluabletexturefeaturebasedonhistogramistheuniformitythat
isdefinedas:

U p z
i

L

i
= ( )

=

−

∑
0

1
2 

Uniformityhasthemaximumvalueforanimagewithsamegreylevelsforallpixelsi.e.maximally
uniformandreducesfromthere.

6. Entropy ( E ):Itisanadditionalsignificantmeasureofvariabilitythatiseducedfrombasic
informationtheory.Itcalculatestheaveragerandomnessofgreylevelsinimage.Thevalueof
entropyiszeroforanimagewithconstantgreylevels.Entropyisdefinedas:



International Journal of Agricultural and Environmental Information Systems
Volume 11 • Issue 2 • April-June 2020

51

E p z log p z
i

L

i i
= − ( ) ( )

=

−

∑
0

1

2
 

Finally, thehandcraft featurevectorF consistsof these14 features,whichareused for leaf
classificationusingDNNmodel.Therefore:

F E A E E S I M L m S U E
c R G F ID m

= { }, , , , , , , , , , , , ,σ µ
3



6. LEAF IMAGE DATASET

TheconsideredleafimageandfeaturedatasetisproposedbySilvaetal.(2014).Thisimagedatasethas
340leafimagesof40differentplants.Theimageshavethesizeof720×960pixels.Alltheimages
are24bitRGB,andcapturedwithadifferentbackground.Leafclassesfrom1to15andfrom22to
36exhibitstraightleafstructureandclassesfrom16to21andfrom37to40consistofcomplexleaf
structures.Therefore,only30dissimilarleafclassesareconsideredinthiswork.Asampleleafimage
foreachclassofconsideredplantspeciesisgiveninFigure3.Thenumberofimagesintheseleaf
classesare12,10,10,8,12,8,10,11,13,14,16,12,13,12,10,10,12,11,13,9,12,11,12,12,12,
11,11,11,11,11,and10inthesameorderastheyappearinFigure3.Thisdatasetalsoprovidesthe
shapeandtexturefeatureseparatelyforeachclassofimageasdiscussedinSection5.Thesefeatures
arealsousedinthisworkforthesame30classesasdiscussedabove.

7. EXPERIMENT AND RESULTS

Toseparateexperimentarecarriedoutforplantspeciesclassification.Inthefirstexperimentthe
shapeandtexturefeaturesandDNNareusedasdiscussedinsubsection7.1.Thesecondexperiment
usessegmentedleafimagestotrainandtestCNNmodelasdiscussedinsubsection7.2.Toevaluate
theperformanceofclassificationmodels,somewidelyacceptablestatisticalmetricsareused.The
descriptionofeachmetricisasfollows(Tiwari,2017):

• Precision:Precisionspecifiesthatwhatpercentageofpositiveclassificationaretrue:

Precision
True Positive

True Positive False Positive
=

+



 =

 

  TTotal Predicted Positive  


• Recall:Recallspecifiesthatamongthetotalpredictionwhatpercentageofpositiveprediction
aretrue.Itisalsotermedassensitivity:

Recall
True Positive

True Positive False Negative Tot
=

+



 =

 

  aal Actual Positive  


• F-score:F-scoreistheweightedmeanofrecallandprecisiontorecallandprecision:

F Score
Recall Precision

Recall Precision
− =

+
2 *

* 
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Figure 3. Sample leaf images from the database
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7.1. Experiment 1 - Handcraft Features Based on Deep 
Neural Network Leaf Classification Model
Inthefirsthandcraftfeaturesbasedexperiment,thestandarddenselayersareconsidered.Fourdense
layersareusedinDNNarchitecture.Allfourlayersarethedenselayerswith50,70,80and6neurons
correspondingly.Thefirstdenselayerworksasinputlayer,thesecondandthirddenselayersactas
hiddenlayersandthefinallayeryieldstheoutputs.ReLUisappliedastheactivationfunctionthathas
theadvantagetoovercomefromvanishinggradientproblem.Firstthreelayersarefollowedbydropout
layerstoavoidoverfitting.Thedropoutrateof0.2isconsideredindropoutlayers.Thestochastic
gradientdescent(sgd)isusedasanoptimizer.Theoptimizer‘sgd’ispreferredduetoabilityoffast
convergence.Thevalues0.02and0.8areusedaslearningrateandmomentumparametersrespectively.
TheDNNmodelislearnedtooptimizethecrossentropyfunction.Thetrainingiscontinuedfor100
iterations.Thesizeoftrainingdatasetis70%andremaining30%datasamplesareusedasvalidation
set.Afterlearning,lossandaccuraciesfortrainingandvalidationareplottedoverthelearningsteps
asshowninFigure4andFigure5.Themodelshowsgoodfittingsincethegapbetweentwoplotsis
low.Table1givestheresultsofthisDNNbasedleafclassificationmodel.

Figure 4. Learning accuracy and validation accuracy plots for experiment with handcraft features and DNN

Figure 5. Learning loss and validation loss curves for experiment with handcraft features and DNN
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7.2. Experiment 2 - Non-Handcraft Features Based Convolution 
Neural Network Leaf Classification Model
Thedeepconvolutionneuralnetwork isdesigned in this experiment for leaf classification.This
CNNmodelhasthreeconvolutionlayersofsize64,128and128followedbymax-poolinglayers
ofsize2×2andtwodenselyconnectedlayersofsize256.Anoutputlayerdenselayerofsize30
correspondingto30leafclassesisusedatlast.ReLUastheactivationfunctionforhiddenlayers
andsigmoidfortheoutputlayerareapplied.Thestandardcategoricalcross-entropylossisusedto
minimizeduringlearning.Toavoidoverfittingdropoutlayersareaddedaftereachconvolutionlayer.
Thedropoutrate0.2givesthebestperformance.ModeliscompiledusingtheAdamoptimizerand
trainedfor100steps.ThemodeliscompiledwiththelearningparametersasinTable1.Table2
providesthelearninghyper-parametersusedformodel.Figure6andFigure7presenttheplotsfor
lossandaccuracies.Thelowgapbetweentrainingandvalidationcurvesshowstherobustnessofthe
model.TheperformancemeasuresaregiveninTable3.

Table 1. Learning parameters

Learning Parameter Value

Metric accuracy

Lossfunction categoricalcrossentropy

Optimizer adam

Table 2. Training hyper-parameters

Training Hyperparameter Value

Learningrate 0.001

Epochs 100

Batchsize 32

Dropoutratio 0.2

Figure 6. Learning accuracy and validation accuracy plots for experiment with CNN for leaf images
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Figure 7. Learning loss and validation loss curves for experiment with CNN for leaf images

Table 3. Performance of leaf classification models

Leaf Class
Performance Using Features and DNN 

Classification Model
Performance Using CNN Classification 

Model

Precision Recall f1-Score Precision Recall f1-Score

Quercussuber 0.9 0.75 0.82 1 1 1

Salixatrocinera 0.88 0.7 0.78 1 0.9 0.95

Populusnigra 1 0.9 0.95 1 1 1

Alnussp. 0.8 1 0.89 0.89 1 0.94

Quercusrobur 1 1 1 0.92 1 0.96

Crataegusmonogyna 1 0.88 0.93 1 1 1

Ilexaquifolium 0.9 0.9 0.9 1 0.9 0.95

Neriumoleander 1 1 1 1 1 1

Betulapubescens 0.86 0.86 0.86 1 0.86 0.92

Tiliatomentosa 1 0.85 0.92 1 0.62 0.76

Acerpalmatum 1 1 1 1 1 1

Celtissp. 0.92 1 0.96 1 1 1

Corylusavellana 0.85 0.85 0.85 0.92 0.92 0.92

Castaneasativa 1 0.75 0.86 1 0.83 0.91

Populusalba 1 1 1 1 1 1

Primulavulgaris 0.92 1 0.96 1 1 1

Erodiumsp. 0.92 1 0.96 1 1 1

Bougainvilleasp. 1 0.85 0.92 0.81 1 0.9

Arisarumvulgare 1 1 1 1 1 1

Euonymusjaponicus 1 0.92 0.96 1 0.92 0.96

continued on following page
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Afterresultanalysis,itisevidentthatCNNleafclassificationmodelsperformbetterthanDNN
leafclassificationmodel.Theaverageprecision,recall,andf1-scoremetricsare0.97,0.95,and0.96,
respectively,forCNNmodelwhicharebetterthanDNNmodel.Theaverageaccuracyincaseof
DNNmodelis91.17%whereastheCNNmodelsgives95.58%accuracy.

8. CoNCLUSIoN

Thisworkhaspresented the applicationof twodeep learning classification frameworks for leaf
classification. The neural network with more than one hidden layer is referred as deep neural
network.Thedeepneuralnetworkmodelhasusedshapeandtexturebasedhandcraftedfeaturesfor
leafclassification.Thesecondclassificationmodelisbasedonconvolutionneuralnetwork.Theraw
leafimagesarepassedtoCNNforclassification.TheCNNmodelhasnotonlyshownthebetter
performanceintermsofaccuracybutalsoitreducestheoverheadoffeatureextraction.Infuture,
thisworkcanbestretchedbyconsideringmoreleafclassesinthedataset.

Leaf Class
Performance Using Features and DNN 

Classification Model
Performance Using CNN Classification 

Model

Precision Recall f1-Score Precision Recall f1-Score

Ilexperadossp.azorica 0.8 0.73 0.76 0.85 1 0.92

Magnoliasoulangeana 0.73 0.67 0.7 1 1 1

Buxussempervirens 0.86 1 0.92 1 1 1

Urticadioica 1 1 1 0.75 1 0.86

Podocarpussp. 0.92 1 0.96 1 1 1

Accasellowiana 1 0.82 0.9 1 1 1

Hydrangeasp. 1 1 1 1 0.82 0.9

Pseudosasajaponica 1 0.91 0.95 1 1 1

Magnoliagrandiora 0.89 0.73 0.8 1 0.91 0.95

Geraniumsp. 1 1 1 1 0.9 0.95

Average 0.94 0.90 0.92 0.97 0.95 0.96

AverageAccuracy 91.17 95.58

Table 3. Continued



International Journal of Agricultural and Environmental Information Systems
Volume 11 • Issue 2 • April-June 2020

57

REFERENCES

Chaki,J.,&Parekh,R.(2011).Plantleafrecognitionusingshapebasedfeaturesandneuralnetworkclassifiers.
International Journal of Advanced Computer Science and Applications,2(10).doi:10.14569/IJACSA.2011.021007

Du,J.X.,Zhai,C.M.,&Wang,Q.P.(2013).Recognitionofplantleafimagebasedonfractaldimensionfeatures.
Neurocomputing,116,150–156.doi:10.1016/j.neucom.2012.03.028

Ehsanirad,A.,&Kumar,S.(2010).LeafrecognitionforplantclassificationusingGLCMandPCAmethods.
Oriental journal of Computer Science & technology,3(1),31-36.

Elhariri,E.,El-Bendary,N.,&Hassanien,A.E.(2014).Plantclassificationsystembasedonleaffeatures.In
Proceedings of the 2014 9th International Conference on Computer Engineering & Systems (ICCES)(pp.271-
276).IEEE.doi:10.1109/ICCES.2014.7030971

Ferentinos, K. P. (2018). Deep learning models for plant disease detection and diagnosis. Computers and 
Electronics in Agriculture,145,311–318.doi:10.1016/j.compag.2018.01.009

Gaur,P.,&Tiwari,S.(2014).2DQRbarcoderecognitionusingtexturefeaturesandneuralnetwork.International 
Journal of Research in Advent Technology,2(5),433–437.

Haque,F.,&Haque,S.(2018).PlantrecognitionsystemusingleafshapefeaturesandminimumEuclidean
distance.ICTACT Journal on Image & Video Processing,9(2).

Kadir,A.,Nugroho,L.E.,Susanto,A.,&Santosa,P.I.(2013).Neuralnetworkapplicationonfoliageplant
identification.

Le Cun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. Nature, 521(7553), 436–444. doi:10.1038/
nature14539PMID:26017442

Lee,S.H.,Chan,C.S.,Mayo,S.J.,&Remagnino,P.(2017).Howdeeplearningextractsandlearnsleaffeatures
forplantclassification.Pattern Recognition,71,1–13.doi:10.1016/j.patcog.2017.05.015

Liu,S.,Chen,W.,&Dong,X.(2018).AutomaticClassificationofChineseHerbalBasedonDeepLearning
Method.InProceedings of the 2018 14th International Conference on Natural Computation, Fuzzy Systems and 
Knowledge Discovery (ICNC-FSKD)(pp.235-238).IEEE.doi:10.1109/FSKD.2018.8687165

Priya,C.A.,Balasaravanan,T.,&Thanamani,A.S.(2012).Anefficientleafrecognitionalgorithmforplant
classificationusingsupportvectormachine.InProceedings of the International conference on pattern recognition, 
informatics and medical engineering (PRIME-2012)(pp.428-432).IEEE.doi:10.1109/ICPRIME.2012.6208384

Raal,A.,&Sõukand,R.(2005).ClassificationofRemediesandMedicalPlantsofEstonianEthnopharmacology.
TramesJournal of the Humanities and Social Sciences,9(3).

Riaz,A.,Farhan,S.,Fahiem,M.A.,&Tauseef,H.(2018).AnEnsembleClassifierbasedLeafRecognitionApproach
forPlantSpeciesClassificationusingLeafTexture,MorphologyandShape.The Nucleus,55(1),1–7.PMID:28934014

Shin,H.C.,Roth,H.R.,Gao,M.,Lu,L.,Xu,Z.,Nogues,I.,&Summers,R.M.(2016).Deepconvolutional
neuralnetworksforcomputer-aideddetection:CNNarchitectures,datasetcharacteristicsandtransferlearning.
IEEE Transactions on Medical Imaging,35(5),1285–1298.doi:10.1109/TMI.2016.2528162PMID:26886976

Silva,P.F.,Marcal,A.R.,&daSilva,R.M.A. (2013).Evaluationof features for leaf discrimination. In
Proceedings of the International Conference Image Analysis and Recognition (pp. 197-204). Springer.
doi:10.1007/978-3-642-39094-4_23

Tan,J.W.,Chang,S.W.,Kareem,S.B.A.,Yap,H.J.,&Yong,K.T.(2018).DeepLearningforPlantSpecies
Classification using Leaf Vein Morphometric. IEEE/ACM Transactions on Computational Biology and 
Bioinformatics.doi:10.1109/TCBB.2018.2848653PMID:29994129

Tiwari, S. (2017). A Pattern Classification Based approach for Blur Classification. Indonesian Journal of 
Electrical Engineering and Informatics,5(2),162–173.

Tiwari,S.(2018).AnAnalysisinTissueClassificationforColorectalCancerHistologyUsingConvolution
NeuralNetworkandColourModels.International Journal of Information System Modeling and Design,9(4),
1–19.doi:10.4018/IJISMD.2018100101

http://dx.doi.org/10.14569/IJACSA.2011.021007
http://dx.doi.org/10.1016/j.neucom.2012.03.028
http://dx.doi.org/10.1109/ICCES.2014.7030971
http://dx.doi.org/10.1016/j.compag.2018.01.009
http://dx.doi.org/10.1038/nature14539
http://dx.doi.org/10.1038/nature14539
http://www.ncbi.nlm.nih.gov/pubmed/26017442
http://dx.doi.org/10.1016/j.patcog.2017.05.015
http://dx.doi.org/10.1109/FSKD.2018.8687165
http://dx.doi.org/10.1109/ICPRIME.2012.6208384
http://www.ncbi.nlm.nih.gov/pubmed/28934014
http://dx.doi.org/10.1109/TMI.2016.2528162
http://www.ncbi.nlm.nih.gov/pubmed/26886976
http://dx.doi.org/10.1007/978-3-642-39094-4_23
http://dx.doi.org/10.1109/TCBB.2018.2848653
http://www.ncbi.nlm.nih.gov/pubmed/29994129
http://dx.doi.org/10.4018/IJISMD.2018100101

