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ABSTRACT

ThecherryleavesinfectedbyPodosphaerapannosawillsufferpowderymildew,whichisaserious
diseasethreateningthecherryproductionindustry.Inordertoidentifythediseasedcherryleavesin
earlystage,theauthorsformulatethecherryleafdiseaseinfectedidentificationasaclassification
problemandproposeafullyautomaticidentificationmethodbasedonconvolutionalneuralnetwork
(CNN).TheGoogLeNet isusedasbackboneof theCNN.Then, transferred learning techniques
areappliedtofine-tunetheCNNfrompre-trainedGoogLeNetonImageNetdataset.Thisarticle
comparestheproposedmethodagainstthreetraditionalmachinelearningmethodsi.e.,supportvector
machine(SVM),k-nearestneighbor(KNN)andbackpropagation(BP)neuralnetwork.Quantitative
evaluationsconductedonadatasetof1,200imagescollectedbysmartphones,demonstratesthat
theCNNachievesbestpreciseperformanceinidentifyingdiseasedcherryleaves,withthetesting
accuracyof99.6%.Thus,aCNNcanbeusedeffectivelyinidentifyingthediseasedcherryleaves.
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1. INTRoDUCTIoN

Podosphaerapannosa(syn.Sphaerothecapannosa) isafunguswhichcausespowderymildewin
variousfarmandgreenhousecropsworldwide(leusetal.,2006).Powderymildewisaverycommon
diseaseonmanytypesofplantsuchasapricot,peach,plum,roses,cherry.Typicalsymptomsof
leavesinfectedbypowderymildewarecoveredbywhitepowderyfungal,andturnedoutdistortion,
scrappyandprematuredefoliationsubsequently(Shettyetal.,2012).Powderymildewcausessevere
yieldandqualityreduction;therefore,itisurgentlyneededtoutilizeaneffectivemethodtodiagnose
thepowderymildewinearlystage.

Thereareseveralapproachesofdiagnosingplantdiseases.Thefirstmethodisthetraditional
pathologyway,thatis,observingdisease,obviouslyitisanenormousworkload,time-consuming
andhighlyrelyontheplantpathologist.Inresponsetothisissue,theEnzyme-linkedImmunosorbent
Assay(ELISA)isproposed,whichcandetecttheviralproteincontentofplantextract(Clarketal.,
1980).However,itishardlyeffectiveindiagnosingfungaldiseaseandbacterialdisease.Furthermore,
thereal-timepolymerasechainreaction(PCR)methodisutilizedintestingplantpathogen(Schaad
etal.,2002),themethodissuperiortothetwoaforementionedmethodsinspeedandaccuracy,butit
isdifficultlytoimplementwidely,sincetheoperatorshouldpossessprofessionalskill,andthemost
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importantreasonisthattheequipmentutilizedisveryexpensive.Thus,weproposeanimage-based
diagnosingmethodviamachinelearning,whichisreal-time,highaccuracy,strongoperability,and
canbepotentiallyusedinfarm.

Utilizingimage-basedmachinelearningalgorithmtoidentifyplantdiseasecanbeformulatedas
imageclassificationproblem,imageclassificationalgorithmsareusuallydividedintofeatureextraction
andclassification(Yanetal.,2016),thatis,extractingfeaturesbysuitablefeatureextractor,andthen
buildaclassifierbytheextractedfeatures(Linetal.,2016).Atypeofthemachinelearningwhich
iscalledsupervisedlearninghasbeenwidelyusedinclassificationproblem,whichmeansfeatures
areattachedcorrectlylabelsbeforesentintoclassifier.Thetypicalprocessisthat,sendingtraining
setwhichisconsistedoffeaturesandlabelstoalearningalgorithmwhichisahypothesisfunction.
Thus,wecangetthepredictionaccordingtofeaturesfedintothehypothesisfunction.Traditional
supervisedlearningalgorithmshavebeenappliedtoidentifyingplantdisease,i.e.,utilizingSupport
VectorMachine(SVM)todetectlittleleafdiseaseinpinetreesinUnitedStates(Singhetal.,2017),
refiningtheprevalenceofwheatscabaccordingtoBackPropagation(BP)neuralnetwork(Jinetal.,
2012),classifyinghuanglongbingandcitruscankerinfectedleavesbyK-NearestNeighbor(KNN)
(Sankaran et al., 2013), and detecting plant leaf disease by Probabilistic Neural Network(PNN)
(Stephenetal.,2017).

In fact, the conventional machine learning exists several shortages in image classification
problem,imageclassificationisusuallydividedintofeatureextractionandclassification(Yanetal.,
2016),bothfeatureextractorandclassifierarehardtocorrectlyselectinspecificproblem.Thus,
deeplearningisproposedtoovercomedisadvantagesmentionedabove,itiscomposedofmultiple
processinglayerstorepresentationofdatawithmultiplelevelsofabstraction(Yannetal.,2015).In
addition,computervision,medicalimaging,andsignalprocessingtaskshaveevidentlyshowcased
theeffectivenessofdeepfeatureslearnedbydeepneuralnetworks(Zhouetal.,2017;Liuetal.,2015;
Ouyangetal.,2013;Yanetal.,2016;Melendezetal.,2015;Zhangetal.,2016;Xieetal.,2017;Luo
etal.,2016;Luoetal.,2017)whicharelikelytoreplacetheconventionalhand-craftedfeatures(Yann
etal.,2015).Meanwhile,deeplearninghasbeeninitiallyusedinagriculture,suchasplantspecies
identification(Mehdipouretal.,2017),weedidentification(Tangetal.,2017),blooddefectsincod
filletsclassification(Misimietal.,2017),andpestidentification(Chengetal.,2017).

This paper focus on identifying cherry leaf infected by Podosphaera pannosa with deep
ConvolutionalNeuralNetwork (CNN).The rest of thispaper isorganizedas follows.Section2
introducesthedatasetofcherryleafandtheGoogLeNet.Section3displaysthethreecomparative
experimentsbetweenCNNandthestate-of-the-art.Section4concludesthispaper.

2. MATERIALS AND METHoDS

ThecherryleafinfectedbyPodosphaerapannosawillsufferfrompowderymildew,thus,identifying
cherryleafinfectedbyPodosphaerapannosaonlyneedtoidentifythecherryleafishealthyordiseased,
whichcanbeformulatedasabinaryclassificationproblem.Theclassificationprocessofthiswork
canbedescribedasfollows.Apair x yi i( ) ( ),� � iscalledatrainingsample(i.e.,aninputcherryleaf

image),thedatasetthatwewillbeusedtolearnisalistofm trainingsamples x y i mi i( ) ( ), ; ,...,� � �� �1 ,
which is called a training set (See Table 2). Then make the training set to learn a function
h X Y:  ( X denotethespaceofinputvalues,Y denotesthespaceofoutputvalues),thus,h x( ) 
canbeconsideredasasuitablepredictor,thatis,aclassifier(i.e.,CNN).So,wecanobtainaseries
ofdiscretevalues(i.e.,predictlabels,“Health”and“Podosphaerapannosa”)fromtheclassifier.

CNNismainlystackedbythreetypesoflayers,i.e.,convolutionallayer,poolinglayerandfully-
connectedlayer.CNNhasseveralexcellentproperties.Firstly,CNNcancombinefeatureextraction
withclassification(Anthimopoulosetal.,2016),thatis,theproceedofclassificationalgorithmis
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notneededtodivideintofeatureextractionandclassification,CNNwillextractfeatureandselect
classifierautomatically.Inaddition,itisnotnecessarytocarryonapreprocessingsteptoseparate
thetargetthingsfromacomplexbackgroundimage,owingtoCNNcanfindimagefeaturesbyitself
(Dyrmannetal.,2016).Furthermore,theweightsofconvolutionallayerareshared,accordingto
utilizingasamefiltertoslideoverallimagespatiallocations,parametersaredramaticallyreduced
aswell,anditlargelyimprovestheefficiencyofCNN.

TheclassificationprocessbyCNNcanberepresentedwiththefollowingformula.Firstly,send
thetrainingsamples(i.e.,trainingcherryleavesimages)totheclassifier(i.e.,CNN),then,convolution
processisconducted,thatis,aseriesoffiltersslideoverthefeaturemapofthepreviouslayer,and
theweightmatricesdodotproduct.
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Where f ( )⋅ isactivationfunction,typicallyarectifiedlinearactivationReLU:

f x x( ) max( , )= 0  (2)

N j isthenumberoffiltersofthecertainlayer, xi
l−1 representsthefeaturemapoftheprevious

layer,wj
l istheweightmatrix,andbj

l isthebiasterm.
Following convolution operation, max pooling or average pooling methods are carried out.

Furthermore,thelearnedfeaturesaresenttofullyconnectedlayer.
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Where squash( )⋅ isacompressionfunction,thefunctioncompressthelearnedfeaturestoa
vector.

The softmax regressionoften follows the final fully connected layer, an input x willget the
probabilityofbelongtoclass i .
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Where y istheresponsevariable(i.e.,predictlabel), k isthenumberofcategories,θ isthe
parametersofourmodel.

Inthiswork,transferlearningisusedtofine-tunetheGoogLeNet.GoogLeNetisthefirstplace
oftheImageNetofLarge-ScaleVisualRecognitionChallenge(ILSVRC)in2014,whichistrained
from1.2millionimages,andclassify100000testingimagesinto1000leaf-nodecategories(Szegedy
etal.,2015).TransferlearninginGoogLeNetisfine-tunetheweightsfromthecherryleafdataset,
using threenew layers,a fullyconnected layer,a softmax layerandaclassificationoutput layer
replacethelastthreelayersofthenetwork,settingthesizeofthefinalconnectedlayerto2,whichis
equaltothenumberofclassificationcategoryinthiswork.Itshouldbenotedthatthesizeofinput
imagesmustbeshapedinto224×224,whichsatisfytheinputpixelsizerequirementofGoogLeNet.
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Theperformanceofthefine-tunedGoogLeNetisevaluatedbyReceiverOperatingCharacteristic
(ROC)curveandAreaUnderROCCurve(AUC),andthreecomparativeexperimentsarecarriedout
betweenCNNandthestate-of-the-artsuchasSupportVectorMachine(SVM),K-NearestNeighbor
(KNN)andBackPropagation(BP)NeuralNetwork(Liuetal.,2013;Xuetal.,2013).

Thissectiondisplaystheutilizeddatasetinthiswork,andintroducestheGoogLeNet.Meanwhile,
featurevisualizationofthetrainedCNNisconducted.

2.1. Dataset
ThispaperaimsatidentifyingcherryleafinfectedbyPodosphaerapannosa,thedatasetwhichcontains
healthycherryleafanddiseasedleafinfectedbyPodosphaerapannosacomesfromanopenaccess
repositoryofimages(HughesandSalathé,2015),theinfectedcherryleaveswillsufferfrompowdery
mildewandthesymptomofthediseasedleavesshowsthatleavesarecoveredbywhitepowdery
fungal,meanwhileoftenaccompaniedbycurlyanddry(SeethefirstrowofFigure1)(Shettyet
al.,2012).ThefirstrowofFigure1displaysthediseasedleavesinfectedbyPodosphaerapannosa,
andthesecondrowshowsthehealthycherryleaves.ThestatisticsofdatasetisshowninTable1,
thenumberofhealthycherryleavesis600,whichisequaltothenumberofdiseasedcherryleaves.

2.2. GoogLeNet
GoogLeNetisadeepernetworkwithcomputationalefficiency,whichhas22layers,12timesfewer
parametersthanAlexNetwhichcontains60millionparameters(Szegedyetal.,2016).Thecritical
partofthearchitectureofGoogLeNetisInceptionmodule(SeeFigure2),whichcontainsfour1x1
convolutionallayers,one3x3convolutionallayer,one5x5convolutionallayerandone3x3max-
poolinglayer.ThewholearchitectureofGoogLeNetisstackedbyInceptionmodulesontopofeach
other.ThecodenamedInceptionisinspiredbythenetworkinnetwork(Linetal.,2014),themost
obviousdifferencebetweenthenaiveInceptionmoduleandtheInceptionmodulegiveninFigure
2isthat,additional1x1convolutionallayersareaddedtotheInceptionmodule.Theadditional1x1
convolutionallayernotonlyreducesthespatialdimensionlargely,butalsolimitsthesizeofGoogLeNet
(Szegedyetal.,2015).Thefine-tunedGoogLeNetinthisworkisremovedthelastthreelayers,and
addthreenewlayersincludesonefullyconnectedlayer,onesoftmaxlayerandoneclassificationlayer.

Figure 1. Cherry leaf image dataset. The first row shows cherry leaves infected by Podosphaera pannosa and the second row of 
the figure displays healthy cherry leaves.
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Meanwhile,thesizeoffullyconnectedlayerismodifiedto2,sinceidentifycherryleavesinfected
byPodosphaerapannosaisabinaryclassificationinthispaper.

2.3. Feature Visualization
Weexaminedthefeaturesofthefirstconvolutionallayerandthefinalfullyconnectedlayerlearnedof
theCNNbyutilizingthet-distributedStochasticNeighbourEmbedding(t-SNE)algorithm(Maaten
and Hinton, 2008) (SeeFigure3). 240 test imageswereused to extract the features, bluepoints
representthecherryleavesinfectedbyPodosphaerapannosa,andredpointsrepresentthehealthy
cherryleaves,respectively.Figure3(a)displaysthescatterplotofthefeaturesatthefirstconvolutional
layerofCNN.Obviously,bluepointsandredpointsaremixedtogether,sincethefeaturesoftheinput
samplescouldnotbeusedtodifferentiationthetwodifferentsamplesproperly.Figure3(b)shows
thescatterplotatthefinalfullyconnectedlayerofCNN,bluepointsandredpointsareseparated
distinctly,whichindicatesthatthefeatureslearnedwithlayeredstructureoftheCNNcanbeused
toclassifythecherryleavesprecisely.BothFigure3(a)andFigure3(b)indicatethattheend-to-end
learningmechanismoftheCNNcanefficientlyseparatethetwodifferentclassesofleaves.

3. EXPERIMENTAL RESULTS

Thissectionshowsthesetupofexperiment,furthermore,thecomparativeexperimentonCNNand
thestate-of-the-artisshownindetail.

Table 1. Setup in Cherry leaf Image Dataset

Category Sample

Health 600

Podosphaerapannosa 600

Figure 2. Inception module of the GoogLeNet
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3.1. Experimental Setup
Thedatasetutilizedinthispaperincludes600healthycherryleavesand600diseasedleavesinfected
byPodosphaerapannosa(SeeTable1),anditcomesfromanopenaccessrepositoryofimagesonPlant
Village(Liuetal.,2013).Thedatasetisprocessedintotwotypes,thefirsttypedatasetisconsisted
of80%trainingsamplesand20%testingsamples,whichiscalledtype1(SeeTable2).Inaddition,
5-foldercrossvalidationisused.Thecross-validationdatasetiscomposedoftrainingsamplesand
validationsamples,boththemaresubsetsof960trainingsamples(SeeTable2),itiscalledcvtype1,
cvtype2andsoon.

ForthepurposeofevaluatingclassificationperformanceofCNNandthestate-of-the-art,three
comparativeexperimentsarecarriedout.UtilizingCNNtoidentifydiseasedcherryleaveshasonly
onestage,andthenotationisCNN.Thetraditionalmachinelearningisgenerallydividedintofeature
extractionandclassificationtwostages.Infeatureextractionstage,100featuresareextractedfrom
each cherry leaf imageusing theScale-InvariantFeatureTransform (SIFT) algorithm (Li et al.,
2011;Lazebniketal.,2006).Inclassificationstage,theextractedfeaturesaredeliveredintodifferent

Figure 3. Two-dimensional scatterplots of high-dimensional features generated with t-SNE. (a) Scatterplot at the first convolutional 
layer of CNN. (b) Scatterplot at the final fully connected layer of CNN.

Table 2. Details of dataset

dataset subset Health Podosphaera pannosa overall

type1
trainingsamples 480 480 960

testingsamples 120 120 240

cvtype1
trainingsamples 380 388 768

validationsamples 100 92 192

cvtype2
trainingsamples 385 383 768

validationsamples 95 97 192

cvtype3
trainingsamples 388 380 768

validationsamples 92 100 192

cvtype4
trainingsamples 381 387 768

validationsamples 99 93 192

cvtype5
trainingsamples 386 382 768

validationsamples 94 98 192



International Journal of Agricultural and Environmental Information Systems
Volume 10 • Issue 2 • April-June 2019

104

classifiersi.e.,SVM,KNN,andBP.CombiningSIFTwithSVM,KNN,andBParereferredtoas
SVM,KNN,andBP,respectively.Thefirstexperimentpresentsthetestingclassificationaccuracyof
CNNandthestate-of-the-art(SeeFigure4).Meanwhile,classificationresultsperclassforCNNand
thestate-of-the-artispresented(SeeFigure5),theevaluationmetricisclassificationaccuracyaswell.
Thethirdcomparativeexperimentfocusoncomparingtheoverallperformanceofeachclassification
algorithm,byplottingtheROCcurvesofCNNandthestate-of-the-art.Inaddition,theAUCvalues
arecomputed(SeeFigure6).Thefinalexperimentistoexecute5-foldercrossvalidation,andcarry
outstatisticalsignificanceanalysis(SeeTable3).

3.2. Comparative Experiments on CNN and the State-of-the-Art
Thefirstcomparisonmetricisaccuracy:

accuracy
true positives true negatives

positives negatives
=

+
+



The“truepositives”isthenumberofcorrectlypredicted“Health”label,“positives”isthenumber
of“Health”label,“truenegatives”isthenumberofcorrectlypredicted“Podosphaerapannosa”label,
and“negatives”isthenumberof“Podosphaerapannosa”label.Thetestingaccuraciesisreportedin
Figure4,eachbarrepresentsthetestingaccuracyofdifferentclassificationmethod.Itisclearlythat
theCNNachievesthebestperformance,withtheaccuracyof99.6%.Inaddition,theclassification
resultsperclassforfourmethodsispresentedinFigure5.Thenotation‘Health’and‘Podosphaera
pannosa’representtwoclassesinthiswork,that is,healthcherryleavesandthediseasedcherry
leavesinfectedbyPodosphaerapannosa.Thebarwithredcolorrepresentstheaccuracyof“Health”
category,andthebarwithbluecolorrepresentstheaccuracyof“Podosphaerapannosa”category,
respectively.Thebest performance, “Health” classification accuracyof100%and“Podosphaera
pannosa”classificationaccuracyof99.2%,isachievedbyCNN.Thus,itcanbeconsideredthatthe
CNNhasthebestaccuracyinidentifyingcherryleavesinfectedbyPodosphaerapannosa.

Figure6displaystheROCcurvesofCNNandthestate-of-the-art.ROCcurveshavebeenwidely
usedinmachinelearningfieldasanoverallperformanceevaluationindex(Anthimopoulosetal.,
2016;Swetsetal.,2000),sincetheROCcurveisscarcelyaffectedbytheskewedandthechanges
ofclassdistribution(Fawcett,2006).TheX axisis“Falsepositiverate”(i.e., fp rate ,1-specificity),
theY axisis“Truepositiverate”(i.e., tp rate ,alsocalledsensitivityorrecall),

tp rate   
positives correctly classified

total positives
= 

fp rate   
negatives incorrectly classified

total negatives
= 

“positives”represents“health”label,and“negatives”represents“Podosphaerapannosa”label.Atthe
sametime,theAUCvaluesofeachROCcurvearegiveninFigure6.InFigure6,theROCcurveof
CNNpresentsanupperlefttrianglestraightline,thatis,CNNachievestheexcellentperformance,
withtheAUCof1.ItisprovedagainthattheCNNissuperiortothestate-of-the-artinclassifying
cherryleavesinfectedbyPodosphaerapannosa.

The test of significance experiment is implemented with AUC values from 5-folder cross
validation,inordertodetectwhetherthereisasignificantdifferencebetweenCNNandthestate-
of-the-art.Thelevelofsignificanceissetto0.05,whichmeansthatthecomparativemethodsexist
statisticallysignificancedifferencewhenthep-valueislessthan0.05.Table3liststheresultsof
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significanceexperiment.TheAUCcolumncomesfromtheaverageAUCvaluesfrom5-foldercross
validation,meanwhile,p-valueswhichareobtainedfromseveralsignificanceexperimentsisgiven.The
p-valuesofCNNvs.SVMis0.0193,CNNvs.KNNis0.0094andCNNvs.BPis0.0316,Itisclearly
thatallthreep-valuesarelessthan0.05.Therefore,wecandrawaconclusionthatthedifferenceis
significantbetweentheCNNandthestate-of-the-art.

Figure 4. Accuracies of CNN and the state-of-the-art

Figure 5. Classification results per class for four methods
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4. CoNCLUSIoN

In this paper, a novel deep-learning based approach for identifying cherry leaves infected by
Podosphaerapannosahasbeenpresented.whichownstheend-to-endlearningmechanism.Compared
withthetraditionalmachinelearning,whichsufferfromselectingappropriatefeatureextractorand
classifier,theproposedmethodlearningthefeatureandtheclassifierjointlybyanend-to-endlearning
mechanism.Theproposedmethodiscomparedagainstthreeconventionalmachinelearningmethods
(i.e.,SVM,KNN,andBP)onthreedifferentexperiments.Thetestingaccuracyandtheclassification

Figure 6. ROC curves of CNN and the state-of-the-art

Table 3. Detection Performance (AUC) with different methods on the 5-folder cross validation and the p-values obtained when 
comparing with different methods

method AUC vs.SVM vs.KNN vs.BP vs.CNN

SVM 0.9840 -- 0.3918 0.0334 0.0193

KNN 0.9883 0.3918 -- 0.0280 0.0094

BP 0.9983 0.0334 0.0280 -- 0.0316

CNN 1 0.0193 0.0094 0.0316 --
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resultsperclassforfourmethodsindicatethatthehighprecisionperformanceofCNN,withthetesting
accuracyof99.6%and‘Health’classificationaccuracyof100%respectively.Inaddition,ROCcurves
andAUCvalueswerepresented,whichindicatesthebestperformanceoftheproposedmethod.It
conveysthattheoverallperformanceofCNNissuperiortothestate-of-the-art.Furthermore,the
significancetestshowsthattheCNNissignificantlysuperiortotheotherthreemethods,withthe
p-valuesof0.0193,0.0094and0.0316,accordingtocomparingwithSVM,KNNandBPrespectively.
Toourknowledge,thisisthefirststudywhichappliesthedeep-learningbasedmethodtothecherry
leafdiseaseidentificationproblem.Thepracticalstudyofthisworkcanbeeasilyextendedtoother
plantleafdiseaseidentificationproblem.
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