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Abstract

This papercontainsa descriptionof researchcarriedout
by theDepartmentof InformationScienceandHortResearch
in theareaof wavelet-basedimageprocessingtechniquesand
neuralnetworksto developamethodof on-lineidentification
of pestdamagein pipfruit orchards.Theresultsof theproject
areencouragingandhavewarrantedfurtherinvestigationinto
this difficult task.

1.Intr oduction

One of the more important tasksin the overall domain
known asImageProcessing(IP) [1] is thetaskof ImageClas-
sification.But oneareawherethis techniquehasbeenrarely
appliedis in theareaof horticulturalresearch,specificallyfor
theanalysisof damageto pip fruit in orchardswith thegoal
of identifying whatpestcausedthedamage.Thesolutionsto
thesetaskscouldbecomepartof a largercomputerbasedsys-
temto allow theuserto make moreinformeddecisionswith
theobjectiveof improving thequalityof thefruit produced.

Eachinsector insectgroupfeaturesspecificcharacteristics
thatallow it to beidentifiedthroughthedamageit doesto the
fruit and/orleavesasby-productsof its activitiese.g.feeding.
Oncetheinsecthasbeensuccessfullyidentified,theappropri-
atepesticidecanbeapplied.Thus,asapilot study, threepests
thatareprevalentin CentralOtagoorchardswereselectedas
thecandidatesfor this research:the leafroller, codlingmoth,
andappleleafcurling midge. All the imageswerein colour,
takenatdifferentorientations,lighting conditions,andsome-
time containedclustersof fruit on the treeratherthan indi-
vidual fruit. Furthermorethedamageto thefruit itself wasof
varyingsizeandshape.Figures1, 2, and3 shows examples
of thetypeof imagesthatweretaken.

Figure1: Examplesof codlingmothdamage

To analysetheseimages,onepossibletechniquecouldbe
theuseof waveletsto extracttheimportantfeaturesrequired
for classificationof the damage.In this papertwo methods
usingwaveletsareexploredto evaluatetheir applicability to
theproblemof pestidentification.

Figure2: Examplesof appleleafcurlingmidgedamage

Figure3: Examplesof leafrollerdamage

2.Rationale for usingwavelets

Wavelets,developedin mathematics,quantumphysics,and
statistics,arefunctionsthatdecomposesignalsinto different
frequency componentsand analyseeachcomponentwith a
resolutionmatchingits scale. Applicationsof wavelets to
signaldenoising,imagecompression,imagesmoothing,and
fractalanalysis.

Using Daubechieswaveletsfor imageanalysisandcom-
parisonhasalreadybeenshown to bea successfultechnique
in theanalysisof naturalimages[9, 10]. This is becausethey
cancharacterisethe colour variationsover the spatialextent
of theimagethatcanprovidesemanticallymeaningfulimage
analysis

As describedin thesetwo papers,the indexing algorithm
first convertsanRGBcolourimageintoaspecialcolourspace,
andthenappliesa fastwavelet transform(FWT) with a spe-
cial setof Daubechieswaveletsfor eachcolourcomponentin
the new colour space.Thecoefficientsof the wavelet trans-
form in the lowest few frequency bands,and their standard
deviations,arestoredasfeaturevectors.Thelowerfrequency
bandsnormallyrepresentobjectconfigurationsin theimages
and the higher frequency bandsrepresenttexture and local
colourvariation.

The whole searchis basedon the imagesemanticsthus
imagesof thesametypewill beextracted.For example,given
a queryimageof a windsurfer, otherimagesof windsurfers
will beextractedanddisplayed.Thisalsoimpliedthatimages
of similar damagecausedby a particularpestcould alsobe
retrievedusinga similarmethod.

To retrieve the relatedimages,the searchis donein two
steps. The first stepmatchesthe imagesby comparingthe
standarddeviationsfor the threecolour components.In the

1



Query Image
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Figure4: Queryimageandretrieved imagesof codlingmothboringdam-
age

secondstep,aweightedversionof theEuclideandistancebe-
tweenthefeaturecoefficientsof animageselectedin thefirst
stepand thoseof the queryingimageis calculatedand the
imageswith thesmallestdistancesareselectedandsortedas
matchingimagesto thequery.

The algorithmdescribedin thesepaperswasthendevel-
opedin MATLAB usingacombinationof theImageProcess-
ing Toolbox[8] andTheUVI 300WaveletToolbox[7]. The
top of Figure4 shows thequeryimagewhile thebottomFig-
ure4 showstheretrievedimagesin thedatabase.Eachimage
displayedhasthe Euclideandistancefrom the query image
displayedabove it. As a secondexampleFigure4 shows a
secondquerysubmittedto thedatabaseon codlingmothbor-
ing damageandtheresultingretrievedimageswhile Figure5
shows theresultsof a leafrollerdamagequery.

2.1.Results

It appearsthatthis techniqueis quitesuccessfulin retriev-
ing imagesof a similar naturehowever adjustmentof the
parametersof the algorithmis requiredasmore imagesare
addedto the repository. This couldbe themethodby which
candidateimagesarechosenwhich arethenusedasinput to
the next stageof the decisionprocess.Eachimagealready
storedin the databasewill have the knowledge/rulesassoci-
atedwith it to bepassedto theinferenceengine.

In addition,thereis alsooneobviousadvantageof using
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Figure5: Queryimageandretrieved imagesof leafrollerdamage

this technique.Imagestakenby theorchardistcouldalsobe
addedto the databasewhenthey have beencorrectlyidenti-
fied. Thiswouldthenenlargetherangeof imagesavailableto
becomparedpossiblyimproving theaccuracy of theretrieval
algorithm.

3.A Neural Network Classifier usingWavelets

Althoughtheapproachtakenby [9] and[10] for compar-
ing the imagesworkedquit well, thereweresomeinstances
where the algorithm failed. For example, in the retrieved
imagesin Figure5 containtwo imagesof appleleafcurling
midgedamage(almshtd3.bmpandalmlfd.bmp)insteadof
leafroller damage. This is becausethe Euclideandistance
measuredoesnot take into accountthesubtledifferencesbe-
tweenthedifferenttypesof damage,especiallywhenit comes
to the problemof differentiatingbetweenappleleafcurling
midgedamageandleafrollerdamage.

To accountfor thesesubtledifferenceswe choseto usea
neuralnetwork [3] for the taskinsteadbecauseof its ability
to learneffectively theimportantfeaturesof thedatait is sup-
posedto modelandto generalisewell on datathat it hasnot
seenbefore.

The objective of this part of the researchwas twofold:
One,to seeif a neuralnetwork couldclassifythepestby the
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damageto thefruit, andtwo, to seeif this methodwasbetter
thantheapproachtakenby [9] and[10].

Structur eof the dataset

Thedatasetcomprisedof 90 imagesof damageto apples
causedby codlingmoth,appleleafcurlingmidge,andleafrol-
ler. Theimageswerethenprocessedusingthetechniquede-
scribedin [9] and[10]. The algorithmdescribedin the pa-
perswasthendevelopedin MATLAB usingacombinationof
theImageProcessingToolbox[8] andTheUVI.300 Wavelet
Toolbox[7]. For eachcomponentin theRGBcolour-space,a
16x16featurevectoris producedresultingin a16x16x3=768
dimensionalfeaturevectorthatdescribesthesemanticsof the
image. We thenusedthis 768dimensionalfeaturevectoras
theinput to theneuralnetwork.

Ar chitectureof the Neural Network

Theentireclassificationsystemwascomprisedof 5 Neu-
ral Networks(NN) to reflectthefivedifferenttypesof damage
thatcouldbeexpected:

NN-alm-l To classifyappleleafcurlingmidgeleaf damage.
NN-alm-f To classifyappleleafcurlingmidgefruit damage.
NN-cm To classifycoldingmothdamage.
NN-lr -l To classifyleafrollerleafdamage.
NN-lr -f To classifyleafrollerfruit damage.

EachNN wasa Multi Layer Perceptron(MLP) [6] with
768inputs,ahiddenlayerof 25nodes,and1 outputnode.67
imageswereusedasthetrainingdata-setbrokendown into:

10 Imagesof appleleafcurlingmidgeleaf damage.
4 Imagesof appleleafcurlingmidgefruit damage.
22 Imagesof codlingmothdamage.
11 Imagesof leafrollerleaf damage.
20 imagesof leafrollerfruit damage.

23 imageswereusedto testtheclassificationsystem.The
ScaledConjugateGradientAlgorithm [4] wasusedto train
thenetwork; avariationonthestandardbackpropagationlearn-
ing rule [5] reducethetime requiredto train thenetwork due
thethesizeof theinput vector.

(a)
almlfdl

(b)
almcx1

(c)
cmft-
bor2

(d) lrl-
frl4

(e) lr-
fras5

Figure6: Subsetof imagesusedto testtheclassificationsystem

EachNN in theclassificationsystemwastrainedwith all

67 imagesandtheoutputvaluefor theoutputnodechanged
dependingon what eachnetwork wasrequiredto learn. For
exampletheNN-alm-l wastrainedto give a 1 for any image
thathadappleleafcurlingmidgeleafdamageand0 for all the
restof theimages.

3.1.Results

After presentingthe 67 imagesto eachNN in the classi-
ficationsystem200times,theclassificationsystemwasthen
testedsetof 23testimages.Therewasa95%recognitionrate
on imagesthat theclassificationsystemhadnot seenbefore.
Figure6 showsanimageof eachtypeof damagefrom thetest
set. It correctlyclassifiedall five imagesinto their respective
damagecategories.Figure7 showsa screen-shotof theMat-
lab systemin operation.To classifyanimagetakeslessthan
1 second.

Figure7: Resultingoutputin MATLAB

4.Conclusionand Futur eWork

This paperhasdetailedthe imageprocessing,andneural
network classificationmethodsappliedto thetaskof identify-
ing thepestthatcausedthedamageto applefruits andleaves
in orchards.

Evenatthisstagein theresearchit canbeseenthatthefea-
sibility of usingthesetechniquesis quiteencouraging.Given
thehighclassificationrateonastandardneuralnetwork with-
out any specialalterationto the learningalgorithm, or any
othercomplementaryinformationaboutthenatureof theim-
ages,it canbe seenthat this directionshouldprovide even
morefruitful results.

Thenext stepis to expandtheimagedatabaseandexpand
thesystemto includeotherinformationaboutthedamagethat
canbe input by theorchardistwith theaim of increasingthe
accuracy classificationsystem.Therehasalreadybeensome
preliminary researchinto integrating both audio and visual
informationto the problemof personidentification,[2] and
thiscouldalsobeappliedto theproblemof pestidentification
aswell.
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Weproposeusingrulesin theform of text insteadof audio
inputvia Matlab’sFuzzyLogic Toolboxasshown in Figure9
Theserulescouldform thebasisof therulesnodein a Fuzzy
Neural Network (FuNN) [3] which would then adaptthese
rulesdependingon thenatureof the imagesbeingpresented
to the FuNN. This would give us a clearerideaaboutwhat
informationis importantin orderto classifyeachpest.

Figure8: Rulesfor integrationinto thePestIdentificationSystem

Oncethis hasbeencompleted,the overall systemcanbe
designed.Our currentideafor thepestidentificationsystem
is that it be an expert systemthat takes both imageinputs
and input from a keyboard. The imagewould thenbe pre-
processedusingthewavelet-analysistechniqueandthecom-
binationof thewavelet-dataandtext passedontoa collection
of FuNNnetworkswhereoneor moreFuNNsmodelthedam-
agecausedbyaparticularpest.Thearchitectureof thesystem
would look somethinglike theonepresentedin Figure9.

Figure9: Overallarchitectureof theHortResearchPestIdentificationSys-
tem
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