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Abstract

This papercontainsa descriptionof researchcarriedout
by the Departmentf InformationScienceandHortResearch
in theareaof wavelet-basedmageprocessingechniquesnd
neuralnetworksto developa methodof on-lineidentification
of pestdamagen pipfruit orchards Theresultsof the project
areencouraging@ndhave warrantedurtherinvestigationinto
this difficult task.

1.Intr oduction

One of the more importanttasksin the overall domain
known aslmageProcessinglP) [1] is thetaskof ImageClas-
sification. But oneareawherethis techniquehasbeenrarely
appliedis in theareaof horticulturalresearchspecificallyfor
the analysisof damageto pip fruit in orchardswith the goal
of identifying what pestcausedhe damage The solutionsto
thesetaskscouldbecomepartof alargercomputetbasedsys-
temto allow the userto make moreinformeddecisionswith
the objective of improving the quality of thefruit produced.

Eachinsector insectgroupfeaturespecificcharacteristics

thatallow it to beidentifiedthroughthe damaget doesto the
fruit and/orleavesasby-productof its actvitiese.g.feeding.
Oncetheinsecthasbeensuccessfullydentified,theappropri-
atepesticidecanbeapplied.Thus,asapilot study threepests
thatareprevalentin CentralOtagoorchardsvereselectedas
the candidategor this researchtheleafroller, codling moth,

andappleleafcurling midge. All theimageswerein colour,

takenatdifferentorientations|ighting conditions,andsome-
time containedclustersof fruit on the treeratherthanindi-

vidual fruit. Furthermorghe damageo thefruit itself wasof

varying sizeandshape.Figuresl, 2, and3 shavs examples
of thetypeof imagesthatweretaken.

Figurel: Examplesof codlingmothdamage

To analysetheseimages,onepossibletechniquecould be
the useof waveletsto extracttheimportantfeaturesrequired
for classificationof the damage.In this papertwo methods
usingwaveletsare exploredto evaluatetheir applicability to
the problemof pestidentification.

Figure3: Examplef leafrollerdamage

2 Rationale for using wavelets

Wavelets,developedn mathematicsjuantunphysics and
statistics,arefunctionsthatdecomposeignalsinto different
frequeng componentsand analyseeachcomponentwith a
resolutionmatchingits scale. Applications of waveletsto
signaldenoisingjmagecompressionimagesmoothing,and
fractalanalysis.

Using Daubechiesvaveletsfor imageanalysisand com-
parisonhasalreadybeenshownn to be a successfutechnique
in theanalysisof naturalimaged9, 10]. Thisis becaus¢hey
cancharacterisghe colour variationsover the spatialextent
of theimagethatcanprovide semanticallymeaningfulimage
analysis

As describedn thesetwo paperstheindexing algorithm
first corvertsanRGB colourimageinto aspeciakolourspace,
andthenappliesa fastwavelettransform(FWT) with a spe-
cial setof Daubechiesvaveletsfor eachcolourcomponentn
the new colour space.The coeficientsof the wavelettrans-
form in the lowestfew frequeny bands,and their standard
deviations,arestoredasfeaturevectors.Thelowerfrequengy
bandsnormallyrepresenbbjectconfigurationsn theimages
andthe higher frequengy bandsrepresentexture and local
colourvariation.

The whole searchis basedon the image semanticghus
imagesf thesameaypewill beextracted.For example given
a queryimageof a windsurfer otherimagesof windsurfers
will beextractedanddisplayed.Thisalsoimpliedthatimages
of similar damagecausedby a particularpestcould alsobe
retrievedusinga similar method.

To retrieve the relatedimages,the searchis donein two
steps. The first stepmatchesthe imagesby comparingthe
standarddeviationsfor the threecolour components.In the
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Figure4: Queryimageandretrieved imagesof codlingmothboringdam-
age

secondstep,aweightedversionof the Euclideardistancebe-
tweenthe featurecoeficientsof animageselectedn thefirst
stepandthoseof the queryingimageis calculatedand the
imageswith the smallestdistancesareselectecandsortedas
matchingimagesto thequery

The algorithmdescribedn thesepaperswasthendevel-
opedin MATLAB usingacombinatiorof thelmageProcess-
ing Toolbox[8] andThe UVI 300 Wavelet Toolbox[7]. The
top of Figure4 shawvs the queryimagewhile the bottomFig-
ure4 showstheretrievedimagesn the databaseEachimage
displayedhasthe Euclideandistancefrom the queryimage
displayedabove it. As a secondexampleFigure4 shaws a
secondjuerysubmittedto thedatabasen codlingmothbor-
ing damagendtheresultingretrievedimageswhile Figure5
shavstheresultsof aleafrollerdamageguery

2.1Results

It appearshatthistechniques quite successfuin retriev-
ing imagesof a similar nature however adjustmentof the
parameter®f the algorithmis requiredas moreimagesare
addedto the repository This could be the methodby which
candidatémagesarechosernwhich arethenusedasinput to
the next stageof the decisionprocess.Eachimagealready
storedin the databasavill have the knowledge/rulesassoci-
atedwith it to bepassedo theinferenceengine.

In addition, thereis alsooneobvious advantageof using
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Figure5: Queryimageandretrieved imagesof leafrollerdamage

this technique.Imagestaken by the orchardistcould alsobe
addedto the databasevhenthey have beencorrectlyidenti-
fied. Thiswould thenenlagetherangeof imagesavailableto
be comparegossiblyimproving theaccurag of theretrieval
algorithm.

3.A Neural Network Classifier using Wavelets

Althoughthe approachtaken by [9] and[10] for compar
ing the imagesworked quit well, therewere someinstances
where the algorithm failed. For example,in the retrieved
imagesin Figure 5 containtwo imagesof appleleafcurling
midgedamagdalmshtd3.bm@ndalmlifd.bmp)insteadof
leafroller damage. This is becausehe Euclideandistance
measuraloesnottake into accounthe subtledifferencede-
tweenthedifferenttypesof damageespeciallywhenit comes
to the problemof differentiatingbetweenappleleafcurling
midgedamageandleafrollerdamage.

To accountfor thesesubtledifferencesve choseto usea
neuralnetwork [3] for the taskinsteadbecausef its ability
to learneffectively theimportantfeaturesof thedatait is sup-
posedto modelandto generalisevell on datathatit hasnot
seerbefore.

The objective of this part of the researchwas twofold:
One,to seeif aneuralnetwork could classifythe pestby the



damagedo thefruit, andtwo, to seeif this methodwasbetter
thantheapproachakenby [9] and[10].

Structur e of the dataset

The datasetomprisedof 90 imagesof damageo apples
causedy codlingmoth,appleleaturling midge,andleafrol-
ler. Theimageswerethenprocessedsingthetechniquede-
scribedin [9] and[10]. The algorithmdescribedn the pa-
perswasthendevelopedn MATLAB usingacombinationof
thelmageProcessingoolbox[8] andThe UVI.300 Wavelet
Toolbox[7]. For eachcomponenin the RGB colourspacea
16x16featurevectoris producedesultingin a 16x16x3=768
dimensionafeaturevectorthatdescribeshe semantic®f the
image. We thenusedthis 768 dimensionafeaturevectoras
theinputto theneuralnetwork.

Ar chitecture of the Neural Network

The entireclassificatiorsystemwascomprisedof 5 Neu-
ral Networks(NN) to reflectthefive differenttypesof damage
thatcould beexpected:

NN-alm-l  To classifyappleleafcurling midgeleaf damage.
NN-alm-f  To classifyappleleafcurling midgefruit damage.
NN-cm To classifycoldingmothdamage.
NN-Ir-I To classifyleafrollerleaf damage.
NN-Ir -f To classifyleafrollerfruit damage.

EachNN wasa Multi Layer PerceptronMLP) [6] with
768inputs,ahiddenlayerof 25 nodesandl outputnode.67
imageswereusedasthetrainingdata-sebrokendown into:

10 Imagesof appleleafcurling midgeleaf damage.
4 Imagesof appleleafturling midgefruit damage.
22 Imagesof codlingmothdamage.
11 Imagesof leafrollerleaf damage.
20 imagesof leafrollerfruit damage.

23 imageswereusedto testthe classificatiorsystem.The
ScaledConjugateGradientAlgorithm [4] was usedto train
thenetwork; avariationonthestandardackpropagatiotearn-
ing rule [5] reducethetime requiredto trainthe network due
thethesizeof theinput vector
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FigureG: Subsebf imagesusedto testthe classificatiorsystem

EachNN in the classificationsystemwastrainedwith all
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67 imagesandthe outputvaluefor the outputnodechanged
dependingon what eachnetwork wasrequiredto learn. For

examplethe NN-alm-l wastrainedto give a 1 for any image
thathadappleleatturling midgeleaf damageando for all the

restof theimages.

3.1Results

After presentinghe 67 imagesto eachNN in the classi-
fication system200times,the classificatiorsystemwasthen
testedsetof 23testimages.Therewasa95%recognitionrate
onimagesthatthe classificationsystemhadnot seenbefore.
Figure6 shavsanimageof eachtypeof damagdrom thetest
set. It correctlyclassifiedall five imagesinto their respectie
damagecateyories.Figure7 shows a screen-shobf the Mat-
lab systemin operation.To classifyanimagetakeslessthan
1 second.

HortResearch Pest Identification Metwork Prototype Version 0,1

Enter name of test data fileitester, txt

Reading in image almlfdl,bmp
NN-alm-1 = 1,0003 NH-alw-1 = -0,0007 NM-cm = 0,0021 NN-1r-1 = 0,0001 NN-1r—f = -0,0003
Fruit iz damaged by appleleaf curling midge,

Feading in image almczl.bmp
Nh-alm-1 = 0.0012 Ni-alm-1 = 1,0001 N¥-cm = —0,0008 NN-1r-1 = 0.0011 HN-1r—f = 00021
Fruit iz damaged by appleleaf curling midge.

Reading in image cmftbord.bmp
Nh-alm-1 = -0.0029 NN-alm-1 = -0,0062 NM-cm = 1,0041 NM-1r-1 =
Fruit is damaged by codling moth.

-0.0041 MN-1r—F = -0,0011

Reading in image lrlfrld.bmp
Wh-alm-1 = -0,0004 Hi-alw-1 = -0,0007 MM-cm = -0,0020 NN-1r-1 = 0,9331 NM-1r—f = -0.0010
Fruit is damaged by leafroller,

Reading in image lrfrash,bmp
Mh-alm-1 = -0,0028 HN-alm-1 = -0,0045 N¥-cm = 0,0007 NN-1r-1 =
Fruit iz damaged by leafroller,

0,005 MM-1r—f = 1,0017

B |

Figure7: Resultingoutputin MATLAB

4 Conclusionand Futur e Work

This paperhasdetailedthe imageprocessingandneural
network classificatiormethodsappliedto thetaskof identify-
ing the pestthatcausedhe damagdo applefruits andleaves
in orchards.

Evenatthis stagen theresearclit canbeseerthatthefea-
sibility of usingthesetechniquess quiteencouragingGiven
thehighclassificatiorrateon astandarcheuralnetwork with-
out ary specialalterationto the learningalgorithm, or any
othercomplementarynformationaboutthe natureof theim-
ages,it canbe seenthat this direction shouldprovide even
morefruitful results.

Thenext stepis to expandtheimagedatabaseandexpand
thesystemnto includeotherinformationaboutthedamagehat
canbeinput by the orchardistwith the aim of increasinghe
accurag classificationsystem.Therehasalreadybeensome
preliminary researchinto integrating both audio and visual
informationto the problemof personidentification,[2] and
this couldalsobeappliedto theproblemof pestidentification
aswell.



We proposeusingrulesin theform of text insteadof audio
inputvia Matlab’s FuzzyLogic Toolboxasshovnin Figure9
Theserulescouldform the basisof therulesnodein a Fuzzy
Neural Network (FUNN) [3] which would then adaptthese
rulesdependingn the natureof the imagesbeingpresented
to the FUNN. This would give us a clearerideaaboutwhat
informationis importantin orderto classifyeachpest.
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Figu re8: Rulesfor integrationinto the PestidentificationSystem

Oncethis hasbeencompletedthe overall systemcanbe
designed.Our currentideafor the pestidentificationsystem
is that it be an expert systemthat takes both imageinputs
andinput from a keyboard. The imagewould then be pre-
processedisingthe wavelet-analysisechniqueandthe com-
binationof thewavelet-dateandtext passedntoa collection
of FUNN networkswhereoneor moreFuNNsmodelthedam-
agecausedy aparticularpest. Thearchitecturef thesystem
wouldlook somethindik e theonepresentedn Figure9.
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Figure9: Overallarchitectureof the HortResearclPestidentificationSys-
tem
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