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ABSTRACT

Rapiddiagnosisofsymptomscausedbypestattack,diseasesandnutritionalorphysiologicaldisorders
inappleorchardsisessentialtoavoidgreaterlosses.Thispaperaimedtoevaluatetheefficiencyof
ConvolutionalNeuralNetworks(CNN)toautomaticallydetectandclassifysymptomsofdiseases,
nutritionaldeficienciesanddamagecausedbyherbicidesinappletreesfromimagesoftheirleaves
andfruits.Anoveldatasetwasdevelopedcontaininglabeledexamplesconsistingofapproximately
10,000imagesofleavesandapplefruitsdividedinto12classes,whichwereclassifiedbyalgorithms
ofmachinelearning,withemphasisonmodelsofdeeplearning.TheresultsshowedtrainedCNNscan
overcometheperformanceofexpertsandotheralgorithmsofmachinelearningintheclassificationof
symptomsinappletreesfromleavesimages,withanaccuracyof97.3%andobtain91.1%accuracy
withfruitimages.Inthisway,theuseofConvolutionalNeuralNetworksmayenablethediagnosis
ofsymptomsinappletreesinafast,preciseandusualway.
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1. INTRoDUCTIoN

Approximately25%ofappleproductionislostbyattackofpests,diseasesandnutritionaldisorders
ofplants.Arapidandefficientdiagnosisofthesesituationsisessentialtoavoidgreaterlosses.Itis
estimatedthat80to90%ofthedamagecausedbypestsanddiseaseswhichattackthecultureofthe
appletreeoccursintheleavesandfruits.Amongthesediseases,scabofappletreeandthespotof
Glomerellaarethemostimportantones(Valdebenito-Sanhuezaetal.,2008).Inthecaseofpests,
whereleavesandfruitsserveasfoodsourceorhosts,themajorissuesareduetotheattacksofthe
fruitfly,fruitmothandbigcaterpillars(Kovaleski,2004).Ontheotherhand,thedisturbancescaused
bytheexcessorlackofnutrientsarevisiblemainlyintheleavesduringthevegetativegrowthphase
(Nachtigalletal.,2004).

Acorrectdiagnosisisessentialinordertodefinestrategiesofmanagementandcontrol,and
consequentlyfortherationaluseoffertilizersandpesticides.Onemainobstacletowardsaquick
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diagnosisistheneedfortrainedexperts,makingitcostlytocoverlargeareasinatimelymanner.
Moreover,expertsoftenspecializeindifferentissues,increasingtherateofmisdiagnosis.

Someapproachesexisttotryandreducethedependencyonexperts.Awidelyusedoneisa
simpleprintedguidecontainingphotosandexplanationsonhowtodiagnoseawiderangeofissues
(Valdebenito-Sanhuezaetal.,2008).ExpertSystems,oftenbuiltontopofCase-BasedReasoning
algorithms,areappliedtosomecultures-e.g.vine(Fialhoetal.,2012).Thesesystemsstillrequire
considerableamountsoftrainingandareoftennotveryaccurate,mainlyduetothetypicallyvery
largenumberofquestionsrequiredtobeansweredbytheuserandthesensitivitytowronganswers.

Theconceptofusingmachinelearningtodetectsymptomsinplantshasbeenshowntobea
promisingalternativeinrecentyears,whereseveralstudiesusingdifferentapproacheshavebeen
carried out to identify or classify symptoms in cultivated plants. Rumpf et al. (2010) aimed to
discriminatediseasedfromnon-diseasedsugarbeetleaves,todifferentiatebetweenthethreetypes
ofdiseases and to identifydiseases evenbefore specific symptomsbecamevisible.The authors
usedSupportVectorMachineswitharadialbasisfunctionaskerneltoperformtheidentification
andclassificationof symptomsofhealthyorunhealthy leaves.As input theyusednine spectral
vegetationindexes,relatedtophysiologicalparametersasfeaturesforanautomaticclassification,
resultinginclassificationaccuraciesupto97%onsugarbeetleavesanddiseasedleaves,upto86%
classificationaccuracybetweenthethreediseasessymptomsandaccuracybetween65%and90%
forpre-symptomaticdetectionofplantdiseases.

Al-Hiaryetal.(2011)proposedamethodologytoautomaticallydetectandclassifyplantleaf
diseases from images. The process consists of six main phases: image acquisition, image pre-
processing,imagesegmentation,featureextraction,statisticalanalysisandclassificationbyaMLP.
Theauthorsused32samplesforeachofthesixclassesofleaves.Featuresweremanuallydefined
as10texturefeaturesextractedfromtheimage.

APerceptronMultilayerforclassifyinggrapeleafdiseaseswasusedbySannakkietal.(2013).
Clusteringwasusedtosegmenttheimageintogroups,followedbylesionandmanuallydefined
featureextraction.Theyusedaverysmalldataset(33examples)andwereabletoachieveperfect
accuracyinanalso-small(4examples)testset.

RevathiandHemalatha(2014)focusoncottonleafspotdiseases.Theauthorsusedadataset
with270imagesdividedinto6diseaseclasses.Featuresweremanuallydefined,consistingofleaf
edge,colorandtexturefeatures.ACrossInformationGainDeepForwardNeuralNetworkwasused
toperformtheclassification,resultinginanoverallaccuracyof95%.Mohantyetal.(2016)proposed
usingGoogLeNetfortheclassificationofleafdiseasesindifferentcultures,usingadatasetwith
54306imagesfromdifferentlaboratories,dividedin38classes,andaclustercomputertoprocess
thedata,resultinginaccuracyof99.35%.

Withthepopularizationofthetechniquesofartificialintelligenceandmachinelearningforthe
classificationofimages,largebanksofimageswerecreated,whichwereusedtotesttheefficiency
ofthenewtechniquesdeveloped.Thus,severaltechniquesweresearchedforalowererrorratein
theclassificationoftheimagespresentinthisimagebank.Oneofthetechniquesthatstoodoutfor
thisclassificationtaskwastheConvolutionalNeuralNetwork(CNN).

Krizhevsky;Sutskever;andHinton(2012)conductedthetrainingofadeepconvolutionalneural
networktoclassifyImageNetandobtainedthebestresulteverreportedusingthesub-setspresented
intheILSVRC-2010andILSVRC-2012competitions.Thearchitectureusedhadfiveconvoluted
layersandthreecompletelyconnectedlayers,withatrainingtimebetweenfiveandsixdays.This
architectureobtainedanerrorrateinthetop-1andtop-5setsof38.1%and16.4%,respectively,using
asetoffivenetworks.

Basedon theresultsobtainedbyKrizhevsky;Sutskever;AndHinton(2012),Simonyanand
Zisserman(2014)mademodificationstotheproposedarchitectureusingsmallconvolutionalfilters
(3x3)inordertoperformbetterthanthosepreviouslyproposed.Inaddition,anotherfocuswason
thedepthofthenetwork,whichcouldbeincreasedbythefactthatthefiltersweresmallerinsize.In
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thisarchitecturewerepresentsixteenconvolutedlayersandthreecompletelyconnectedlayers.The
errorrateinthetop-1andtop-5setswere23.7%and6.8%,respectively,usingasetoftwonetworks
andmulti-cropanddenseevaluationtechniques.

Moreover,CNNshavebeenshowntobegoodalternativesinthemostdifferentproblemsof
computervision,suchascharacterrecognition(Lecunetal.,1998),facerecognition(Lawrenceet
al.,1997)andobjectcategorization(Yu;Xu;andGong,2009).

Onthispaper,weextendtheworkdevelopedin(Nachtigaletal.,2016),aswecontinuetoanalyze
thepossibilitytoautomaticallyidentifysymptomsofimportantdisorderspresentinappleorchards
(Malus domesticaBorkh)usingonlyphotographsofleafandfruits,developinganewdatasetoflabeled
images,containingfivecommondisordersinleaves(deficiencyofpotassiumandmagnesium,apple
scab,glomerellastainsanddamagecausedbyherbicide)andfiveimportantdisordersinfruits(scab,
alternariarot,bull’seyerot,penicilliumrotandcalciumdeficiency–bitterpit).

2. MATeRIAL AND MeTHoDS

Themethodologyconsistsofbuildingadatasetcontaininglabeledexamplesoftentypesofissues
commonlyaffectingappleorchards.Thisdatasetwasrandomlypartitionedintotraining,validation
andtestsubsets.ThetrainingandvalidationsubsetswereusedtotrainandoptimizeaConvolutional
NeuralNetworkandaMultilayerPerceptron(asabaseline)techniques.Thetestsetwasthenusedto
assesstheperformanceoftheresultingclassifiersandwasalsopresentedtoexpertsforclassification.

2.1. Dataset
Thedatasetswerebuiltbyharvestingleavesandfruitsfromthreespeciesofappletrees(Maxigala,
Fuji SupremaandPink Lady)andphotographingeachleaforfruitoverawhitebackground.Each
samplewasthensubjectedtolaboratoryteststoproperlyidentifytheunderlyingdisorderwhichwas
thenusedtolabeltheimage.HarvestingoccurredbetweenJanuaryandApril2015fromorchards
locatedinthesouthernpartofBrazil,atEmbrapaUvaeVinho–EstaçãoExperimentaldeFruticultura
deClimaTemperado.

Healthyleavesandfivedisorderswereselectedamongthosecollected,as theyare themost
prevalentintheregion.Selectedsymptomsrepresenttwodamagescausedbynutritionalimbalances
(deficiencyofpotassiumandmagnesium),twodiseasesdamage(applescab-causedbythefungus
Venturia inaequalisandGlomerellastains-causedbythefungusGlomerella cingulata)anddamage
causedbyherbicide(glyphosate).Table1summarizestheleafdataset.Asforthefruits,fivesymptoms
werealsoselected,basedastheyarethemostprevalentintheregionandthedamagecausedhavea
superioreconomyimportance,alongwithhealthyfruits.Thesesymptomsare:onedisordercaused
bynutritionalimbalances(calciumdeficiency-bitterpit)andfourdisorderscausedbydiseases(scab,
alternariarot,penicilliumrotandbull’seyerot).Table1summarizesthefruitdataset.

The identification of the disorders was conducted by a group of professional agronomist
researchersspecializedinthesesymptomsandwithampleexperienceinplantnutritionandplant
pathology.Also,tofurthersupporttheseprofessionals,publishedspecializedbooks(Nachtigallet
al., 2004;Valdebenito-Sanhueza et al., 2008)wereused, providing technical informationon the
symptoms.Figures1and2exemplifytheevaluatedsymptomsonleavesandfruits,andtheTable1
identifythenumberofsamplescollectedforeachsymptomandhealthysamples.

Aftertheharvestandidentificationoffruitandleaves,acamerawiththeresolutionof12MP
wasusedtocapturetheimagesofeachsample.Awhitebackgroundwasusedtophotographeach
leaforfruitseparately.Anagronomistfurtheranalyzedtheimages,inordertoverifyifthesymptoms
classificationswerepossible,basedonwhatwaspresentontheimages.Afewimageswhichpresented
defectsorwereoutsidethecapturestandardsusedwerediscarded.

Inordertoreduceerrorsandproperlyestablishaground-truth,threestrategieswereemployed
bytheexpertstoproperlydiagnoseeachissue:
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1. For symptoms caused by nutritional imbalances, samples of normal leaves and leaves with
potassiumandmagnesiumdeficiencysymptomswereselected,eachconsistingof100leaves.
Thesamplesthenweredriedat60◦Celsiusinaforcedaircirculationgreenhouseuntilaconstant
weight and forwarded to the laboratory for chemical analyzes in order to quantify the total

Figure 1. Leaves with symptoms of: (A) Potassium deficiency; (B) Magnesium deficiency; (C) Scab damage; (D) Glomerella 
damage; and (E) Damage caused by herbicide

Figure 2. Fruits with the symptoms of: (F) Scab; (G) Alternaria rot; (H) Bull’s eye rot; (I) Penicilium rot; and (J) Calcium deficiency 
– bitter pit
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concentrationsofnutrients(potassiumandmagnesium).Theanalysisresultsshowthatsamples
with symptoms effectively represent the deficiencies of potassium and magnesium. In the
analyticresultsforsamplesofnormalleavesandpotassiumdeficiencyones,itwasprovedthat
thechosenleaveswithvisualsymptomsofpotassiumdeficiency(whichoriginatedtheimagesfor
thissymptominthedataset)containedonly38%ofthepotassiumconcentrationcomparedwith
ordinaryandhealthyleaves.Theanalyticresultsforsamplesofnormalleavesandmagnesium
deficientleaves(attwolevelsofseverity),verifiedthatthesampleleaveswithvisualsymptoms
ofmagnesiumdeficiency(alsooriginatingtheimagesforthissymptominthedataset)contained
63%and40%ofthemagnesiumconcentrationinrelationtonormalleaves.Asforthefruits,
100samplesofpulpandpeelswerecollected,bothnormalfruits(withoutsymptoms)andfruits
withsymptomsofcalciumdeficiency.Thesampleswerethensenttothelab,forthechemical
analysis,aimingatthequantificationoftotalcalciumconcentrations.Theanalyticresultsofthe
samplesrepresenteffectivelythecalciumdeficiency.Theseresultsofthepulpandpeelsamples,
whichpossesscalciumdeficiencysymptoms,demonstratedthatthesesampleshadonly78%and
65%ofthecalciumconcentrationfoundinhealthypulpandpeelfruits,respectively;

2. Forsymptomscausedbydiseasedamageonleaves(appletreescab-causedbythefungusVenturia 
inaequalis-andGlomerella’sstains-causedbythefungusGlomerella cingulata),andonfruits
(appletreescab-causedbythefungusVenturia inaequalis,alternariarot–causedbythefungus
Alternaria alternata,bull’s-eyerotinducedbyCryptosporiopsis perennansandPeniciliumrot
causedbythefungusPenicillium expansum),sampleswereselectedwithsymptomspreviously
identifiedfortheeachofthediseases.Thesesampleswereincubatedformultiplicationofthe
causativeagent(fungus)andafterwasperformedtheisolationoffungiandtheircharacterization
andidentificationusingamicroscope,allowingtheproofofcausalagentsandtheirdamageon
appletreeleavesandfruits.Theobtainedresultsprovedthatsampleswithdiseasessymptoms
effectivelyrepresenttheselecteddiseases;

3. Forsymptomscausedbyherbicidedamage(glyphosate),itwasdecidedtoconductchemical
analysisinordertoquantifythetotalconcentrationsofnutrientswhichcouldpossiblycause
confounding of symptoms in cases where the nutrients concentrations were below normal.
Thisdecisionwasduethefactthattheanalysisoftheherbicide’sactiveprincipleisdifficultto
characterize,onceitisrapidlydegradedontheplantafteritsabsorptionandoriginoftoxicity

Table 1. Number of leaves and fruits collected for each class

Issue Number of Leaves Collected Number of Fruits Collected

Potassiumdeficiency 341 -

Magnesiumdeficiency 355 -

Scabdamage 391 -

Glomerellastain 558 -

Herbicidedamage 325 -

Healthyleaves 569 -

Alternariarot - 490

Calciumdeficiency - 434

Penicilliumrot - 702

Bull’seyerot - 486

Scab - 931

Healthyfruits - 1327



International Journal of Monitoring and Surveillance Technologies Research
Volume 5 • Issue 2 • April-June 2017

6

symptoms.Then,sampleswithherbicidedamagesymptomswereputthroughthesameprotocols
for nutritional analysis, which results showed these samples did not effectively present any
nutritional disorders. Since the samples of leaves with symptoms caused by the herbicide
glyphosate(inthreelevelsofseverity)werenotdifferentfromthenutrientconcentrationsof
normal leaves, all nutrients arewithin the range considered as standards for appleorchards
(Nachtigalletal.,2004).

2.2. Pre-Processing, Training and evaluation
Allimageswerere-sizedtoaresolutionof256x256pixels.Inordertohaveabalanceddataset,we
randomlyselected290examples(labeledimages)foreachofthefiveclassescontainingsymptoms.
Theresulting1450imagesweredividedintothreesubsets.Atestsubset(hold-outset)wascreated
byrandomlychoosing15imagesofeachclass.Theremainingexampleswerefurtheredpartitioned
inatrainingset(192examples,70%)andvalidationset(83examples,30%).Thisdivisionofsubsets
wasduetothefactthatwhencomparingmachinelearningtechniquestoexperts,largetestsubsets
wouldbecomeexhaustingforexpertstoclassify,possiblyincreasinghumanerrortotheresults.

Asforthefruitdataset,430examples(labeledimages)wererandomlyselectedforeachofthe
fiveclassescontainingsymptomsandforthehealthyfruits.Theresulting2580imagesweredivided
intothreesubsets.Atestsubset(holdoutset)wascreatedbyrandomlychoosing43(10%)imagesof
eachclass.Theremainingexampleswerefurtherpartitionedinatrainingset(271examples,70%)
andvalidationset(116examples,30%).Sincetherewasnoclassificationbyexpertsonthefruit
dataset,alargerhold-outtestsetwaspossible.

Thetestedlearningalgorithmsweretrainedoverthetrainingsetusingdifferentparametersand
configurationsandthenappliedtothevalidationset.Thebestperforming(overthevalidationset)
parametersofeachalgorithmwerethentrainedovertrainingandvalidationexamplesandapplied
tothetestset.Thisprocedurewasadoptedinordertoavoidoverfittingtheresultstothetrainingor
validationset.Thetestsetwasalsousedbytheexpertsforthemtoprovidetheirclassifications,so
thatadirectcomparisonwaspossible.Hence,allresultsreportedinthispaperareforthetestset.

Furthermore,inordertoanalyzethenumberofsamplesneededforasatisfactoryclassification,
smallertrainingsubsetswerecreated,randomlyselecting5,10,20,50,100,150,200,and250samples
fromeachclasscontainingsymptoms.Thesetrainingsubsetswerethentestedusingtheprevioustest
subset,withoutanychangesinthenetworkconfigurationafterthevalidationprocesswasfinished.

AfterevaluatingtheCNNapproachbycomparingit’sresultswithMLPnetworksandexperts,
275randomlyselectedhealthyleaveswerethenaddedtothetrainsubset,and15randomlyselected
healthyleaveswereaddedtothetestsubset,inordertoevaluatethenetworkcapacitytodistinguish
healthyleavesfromthefivesymptomschosen.

Theevaluationoftheresultswasdonebycalculatingtheoverallaccuracyofeachclassifierand
analyzingtheresultingconfusionmatrix,alsothemetricsrecall,precisionandkappa(Landisand
Koch1977)wereused.

2.3. Convolutional Neural Network
Forthispaper,Caffe(Jiaetal.,2014)andDIGITS(NVIDIA2015)werethetoolsusedtohelpin
building,trainingandtestingConvolutionalNeuralNetworks.Multiplearchitecturesweretested,
rangingfromshallownetworkswith4layerstodeepnetworksusingsmall(3x3)convolutionfilters
asshownin(SimonyanandZisserman2014).

ThebestresultsoverthevalidationsetwereobtainedbytheAlexNetarchitecture(Krizhevsky
etal.,2012).Thisnetworkconsistsoffiveconvolutionallayers,someofwhicharefollowedbymax-
poolinglayers,andthreefully-connectedlayersfollowedbysoft-maxanddropoutregularization.The
trainingparameterswereasfollows:batchsizeof2;asteplearningpolicywasaddedwithagamma
of0.2;trainingthroughamaximumof300epochs.
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Oneoftheissuesfaced,wasthehardwarelimitations,whereinlargedatasetsitiscommonto
usemultiplehighendGPUcardsforfasteranddeeperlearning(Mohantyetal.,2016),thehardware
usedforthisresearchisthefollowing:GeforceGTX760GPU,Intel(R)core(TM)i7860@2.80GHz
CPU,16GBRAM.

2.4. Baseline Algorithms
InordertoprovideabaselinecomparisontoCNNs,wasappliedMultilayerPerceptronstothedataset,
usingthesametrainingmethodologyappliedforCNNs.MultilayerPerceptron(MLP),waschosen
forbeingcloselyrelatedtoCNNs.ShallowMLPswereabletoachievehighaccuracyontaskssuch
asdigitrecognition(Cho1997),imageclassification(Haraetal.,1994)andfeatureextraction(Ruck
etal.,1990).

DIGITSwasusedtobuildandtesttheMLPs.Differentshallowarchitecturesweretested.The
bestconfigurationconsistedoftwohiddenlayerswith200and500neurons,respectively,withone
unitforeachclassattheoutputlayerand65536inputunits(256x256pixels).

2.5. Classification by experts
Tocollecttheclassificationbyexperts,weasked7volunteerresearchersspecializedinappletreesto
classifytheimagesinthetestset,includingtheagronomistwhocollectedtheleavesforthedatabase,
sincehehadagreaterknowledgeonthechosendisorders.Theseexpertsarefurtherspecializedin
differentfieldsofresearch,suchasplantpathologyorplantnutrition.

Eachexpertwasgivenaform(Figure3)tochoose,foreachimage,oneofthefiveclasses.Healthy
leaveswerenotshowntotheexperts,becauseinthefieldleavesthatseemhealthyarenotchosen
inordertoclassifyadisorder.Eachexpertwasshowntheimagesinasuccessionoverarandom
permutation.Theywerenotgiventhecorrectanswersandnotimelimitwasenforced.

Afterstoring theformanswers,avotingsystemwasdevelopedinorder tobestevaluate the
machinelearningalgorithmswithexperts.Themotivationtocreatethisvotingsystemwasbecause
notallexpertshaveknowledgeofdifferentresearchareas,andinrealcasescenariosmorethanone
expertcouldbecalledtodiagnosepossibleleafdisorders.

Inordertocreateafinalanswer,thevotingsystemanalyzedwhichsymptomhadthemostvotes
foreachimageintheform.Also,incaseofatiebetweensymptoms,thevotesofexpertswhichhad
ahigheroverallaccuracywerechosen.

Figure 3. Example of image presented in the form shown to experts
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3. ReSULTS AND DISCUSSIoN

Figure4presentstheoverallCNNaccuracywhendifferentnumberofimagesperclassareusedfor
trainingandtestedagainstthehold-outtestset.Thegraphshowsalogarithmicincreaseonaccuracy
when training set is increased.The curve largely levels off for samples larger than200 images,
evidencingthatthenumberofsamplescollectedwasadequate.

Table2showsthefinalCNNconfusionmatrixwhenappliedtothehold-outtestset.Theoverall
accuracywasof97.3%,withonlytwoincorrectclassifications.TheMLP,appliedtothesametest
set,resultedinanaccuracyof77.3%.

Table3showstheindividualaccuracyobtainedfromthe7consultedexperts,alsoshowingtheir
specific fieldof research.Wecanobserve thataccuracyvariesconsiderablyacrossexperts.The
bestresult(93.3%)isworsethantheresultobtainedbytheCNN,buttheaverage(71.9%)wasmuch
worseandbelowthatobtainedbytheMLP.Table4presentstheconfusionmatrixoftheexperts
whenaggregatedbyvoting,whereitcanbeseenthattheoverallaccuracyimprovessignificantly.

Table5summarizes theresults.Thebestaccuracywasobtainedby theCNN,witha97.3%
accuracy,followedbythevotingsystemwith96.0%accuracy,thebestexpertwith93.3%accuracy,
andtheMLPnetworkwith77.3%accuracy.Figure5showstheConfidenceinterval(IC1−α(p))for
theclassifiers,usinga99%confidencelevel.Itispossibletoobservethatalltechniquesaremuch
betterthanrandomchoiceandthataggregatedexpertsandtheCNNhavecomparableperformance
andbotharebetterthantheMLP.Asecondexperimentwasconducted,introducinghealthyleavesto
thedataset.Inthiscase,onlytheCNNwastested.Thesamedistributionof275imagesfortraining
and15imagesfortestingwasused.

NochangesweremadeintheconfigurationoftheCNNnetworkinordertoavoidanoverfitting
to the results.Withhealthy leaves in the trainingand testgroups, theCNNwasable toachieve
accuracyof96.67%,asshowninTable6.ItispossibletoobservethatthetrainedCNNisableto
attainperfectaccuracywhendistinguishingbetweenhealthyandunhealthyleaves.Thisisexpected,

Figure 4. Relation between the number of samples used for learning and the accuracy obtained in the symptoms classification. 
The solid line represents a logarithmic best-fit function over the data points (circles).
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Table 2. Confusion Matrix resulting from CNN classification on the hold-out set

CNN

Label 
image

Symptomin 
leaves Glomerella Herbicide Magnesium 

def.
Potassium 

def. Scab Recall Precision

Glomerella 15 0 0 0 0 100.0% 93.3%

Herbicide 0 15 0 0 0 100.0% 100.0%

Magnesium
def. 0 0 15 0 0 100.0% 100.0%

Potassium
def. 0 0 0 14 1 93.3% 100.0%

Scab 1 0 0 0 14 93.3% 93.3%

Accuracy 97.3%

Kappa 0.97

Table 3. Field of research and accuracy obtained by each expert when classifying images in the hold-out test set

Subject Field of Research Accuracy

1 Soil 93.3%

2 Plantpathology 92.0%

3 Postharvest 90.6%

4 Plantpathology 70.6%

5 Plantnutrition 60.0%

6 Cropscience 60.0%

7 Environmentalmanagement 37.3%

Average - 71.9%

Table 4. Confusion Matrix resulting from the aggregation of the classifications provided by human experts

Voting System - Experts

Label 
image

Symptom in 
leaves Glomerella Herbicide Magnesium 

def.
Potassium 

def. Scab Recall Precision

Glomerella 15 0 0 0 0 100.0% 100.0%

Herbicide 0 14 1 0 0 93.3% 100.0%

Magnesium
def. 0 0 14 0 1 93.3% 93.7%

Potassium
def. 0 0 0 14 1 93.3% 100.0%

Scab 0 0 0 0 15 100.0% 88.2%

Accuracy 96.0%

Kappa 0.95
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Table 5. Summary of the results of the leaf dataset, ordered by accuracy

Technique Accuracy

CNN 97.3%

MLP 77.3%

Votingsystem 96.0%

HighestAccuracyExpert 93.3%

Figure 5. Confidence intervals with 99% confidence level, with normal approximation for each share of accuracy

Table 6. Confusion Matrix resulting from CNN classifications on a hold-out test set when healthy leaves are added to the 
dataset

CNN

Label 
image

Symptom 
in leaves

Glomerella Herbicide Magnesium 
def.

Potassium 
def.

Scab Healthy 
leaves

Recall Precision

Glomerella 15 0 0 0 0 0 100.0% 93.7%

Herbicide 0 15 0 0 0 0 100.0% 100.0%

Magnesium
def.

0 0 15 0 0 0 100.0% 93.7%

Potassium
def.

0 0 0 14 1 0 93.3% 100.0%

Scab 1 0 1 0 13 0 86.6% 92.8%

Healthy
leaves

0 0 0 0 0 15 100.0% 100.0%

Accuracy 96.6%

Kappa 0.96
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asthedisordersalldisplaystrongsymptomsontheleaves,butanadditionalclassificationerroris
nowmadewhendistinguishingbetweendisorders.

OnepossibilitytoimproveclassificationistotrainaCNNtofirstdistinguishbetweenhealthy
andunhealthyandthenanothertofurtherdistinguishbetweendisorders.Indeed,aCNNtrainedon
abinaryhealthy/unhealthyclassisalsoabletoattain100%accuracy,henceallowingtheuseofthe
disorders-onlyCNN.

Table7showstheCNNconfusionmatrixwhenappliedtothefruittrainandhold-outtestset.
Theoverallaccuracywasof91.1%.Lowerresultsonfruitclassificationwereexpected,asthefruit
imagesweretakenfromdifferentangles,allowingabetterviewofthesymptom,butpossiblymaking
thelearningtaskmorechallenging.AsseenonTable6,theappliedCNNonthefruithold-outtest
setwerealsoabletoachieve100%accuracywhendistinguishinghealthyfruits.

4. CoNCLUSIoN AND FUTURe woRK

InthispaperweproposedtheuseConvolutionalNeuralNetworkstoassistonthetaskofidentification
andclassificationofappletreedisordersfromleafimages.Weusedanoveldatasetconsistingofleaf
imagescontainingfiveknowndisorders,allconfirmedbylaboratorytests,andcomparedtheresults
ofaCNNtothatofaMLPandexperts.

OurresultsshowthataCNNbasedontheAlexNetarchitectureisabletosignificantlyoutperform
thebaselineMLP,showingcomparableperformancetothatofagroupexpertsandoutperforming
anysingleexpert.WhenapplyingtheCNNtothefruitdataset,wewerealsoabletoachievedesirable
results.Moreover, perfect accuracywasobtainedwhenonlydistinguishingbetweenhealthy and
unhealthyleavesorhealthyandunhealthyfruits.

Weconclude thatCNNscomposeaviableandusefuloptionfor this task,withmorerobust
classificationsthansinglehumanexperts.Inthissense,anautomatedsystembasedonthetrained
modelcouldcontributetowardsdiagnosisreliabilityandcostreduction.

Comparedtopreviousworks,ourapproachdoesnotrequirespecializedequipmenttocapture
theimagesoranysortoffeatureextractionorengineering.TheCNNisabletolearnrelevantfeatures

Table 7. Confusion Matrix resulting from CNN classifications on the fruit hold-out test set

CNN - Fruits

Label 
image

Symptom 
in fruits

Alternaria 
rot

Calcium 
def.

Penicillium 
rot

Bull’s 
eye 
rot

Scab Healthy 
fruits Recall Precision

Alternaria
rot 40 0 1 1 1 0 93.0% 87.0%

Calcium
def. 0 43 0 0 0 0 100.0% 89.6%

Pinicillium
rot 4 2 35 2 0 0 81.4% 87.5%

Bull’seye
rot 0 3 4 35 0 1 93.3% 100.0%

Scab 2 0 0 1 39 1 90.7% 97.5%

Healthy
fruits 0 0 0 0 0 43 100.0% 95.5%

Accuracy 91.1%

Kappa 0.89
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fromthedata, towhichweattribute the improvedperformance.Thisalsoallowsfor thegeneral
approachtobeusedindifferentdisordersorevencultureswithchangesonlytothedataset.Thisis
importanttoallowfortheautomaticimprovementofthemodelwhenmoredataismadeavailable.

AlthoughtheSVMtechniqueshowedhighaccuraciesintherelatedwork,whenappliedthesame
methodologyastheothertechniques,usingnopre-processingorfeatureextraction,theresultsdid
notachievemorethan60%accuracies,thereforetheywerenotincludedinthisarticle.

Severallinesoffutureworkarebeingplanned.Weareexpandingthecurrentdatasettomake
availablemorediverseexamples.Whilewehaveshownthatmoreexamplesobtainedinthesameway
willonlyprovidemarginalimprovements,theintroductionofmorediversity(e.g.differentbackgrounds
andlightconditions)couldallowforbetterperformance.Wearealsointroducingadditionaldisorders
andculturestotesthowtheapproachscaleswiththesesettings.

Differentarchitecturesarealsobeingconsidered.Webelievethatacombinationofmoreexamples
andimprovedarchitecturecouldleadtoasystemthatcanconsistentlyoutperformexperts.Finally,
weaimatintegratingourmethodologyintoworkingsystemsthatcanbeusedonthefield,inless
controlledconditions.
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