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Abstract

Generally object recognition researchfalls into three main cateyories: (a) geometric, symbolic
or structurebasedrecognition, which is usually associatedvith CAD-basedvision and 3-D object
recognition; (b) property vector or featurebasedrecognition,involving techniqueshat vary from

specificfeaturevectors,multiple filtering to global descriptordfor shape texture and colour; and (c)

iconic or imagebasedrecognition,which either complieswith the traditional sensorarchitectureof

an uniform array of samplingunits, or usesalternatie representationsAn exampleis the log-polar
image,whichis inspiredby the humanvisual systemandbesidesequiringlesspixels,hassomeuseful
mathematicaproperties Thecontext of thisthesisis acombinatiorof theabove categoriesin thesense
thatit investigatesheareaof iconicbasedecognitionusingimagefeaturesandgeometriaelationships.
It expandsanexisting vision systenthatoperatedy fixating atinterestingregionsin ascenegxtracting
anumberof raw primal sketchfeaturesrom alog-polarimageandmatchingnew regionsto previously

seerones.

Primalsketchfeaturedik e edges bars, blobsandendsarebelievedto take partof earlyvisualprocesses
in humansgroviding cuesfor anattentionmechanisnandmorecompactrepresentationfor theimage
data.In anearlierwork, logic operatorsveredefinedto extractthesefeaturesput the resultswerenot
satishctory This thesisinitially investigateshe questionof whether or not primal sketchfeatures
could be learned fr om log-polar images,and givesan affirmati ve answer. The featureextraction
processwasimplementedusing a neuralnetwork which learnsexamplesof featuresin a window of
receptve fieldsof thelog-polarimage.An architecturedesignedo encodehefeatures class position,
orientationand contrasthasbeenproposedandtested. Succesglependedn the incorporationof a
functionthat normaliseghe features orientationanda PCA pre-processingnoduleto producebetter
separatiorin the featurespace. A strategy that combinessyntheticandreal featuresis usedfor the
learningprocess.

This thesisalsoprovidesan answerto the important, but sofar not well explored, questionof how
to learn relationshipsfr om setsof iconic object modelsobtained fr om a setof images An iconic
modelis definedasa setof regions,or objectinstancesthataresimilar to eachother, organisednto a
geometricmodelspecifiedby therelative scalesprientations positionsand similarity scoresfor each
pair of imageregions. Similaritiesaremeasuredvith a cross-correlatiometricandrelative scalesand
orientationsareobtainedfrom the bestmatchedranslationalvariantsgeneratedn thelog-polarspace.
A solutionto the structurelearningproblemis presentedn termsof a graphbasedepresentatioand
algorithm. Verticesrepresentnstancef animageneighbourhoodoundin the scenes.An edgein
the graphrepresents relationshipbetweentwo neighbourhoodsintra andinter modelrelationships
areinferredby meansof the cliquesfoundin the graph,which leadsto rigid geometrianodelsinferred
from theimageevidence.
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Chapter 1

| ntroduction

A scientific model functions both as a concise descriptive device and as a means
of predicting what will happen next in a given circumstance ... Visual models play
an analogous role. Any reasonably sophisticated visual system is concerned with
representing approximations to certain aspects of states of nature. The needs for these
representations are all inherently related to being able to form appropriate concise
descriptions and predictions about the properties of the domain.

R. Watt[wat91]

Contents
1.1 Learning, Visionand Techniques. . . . . . . . . ... ... ... .... 2
1.2 Whatisthis ThesisAbout . . . .. .. .. .. ... .. .. ........ 3
1.3 OverviewoftheThesis . . . . .. . . . . . . . it 5

This chapter starts with a brief general discussion about learning and vision, followed by a
description of the general problems and classes of techniques normally involved when learning
and recognising visual objects. Then it moves to an explanation of the context of the research
and presents the scientific questions addressed by the thesis. Finally, an overview of the entire

thesis structure is given.
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1.1 Learning, Vision and Techniques

Learningcan be definedasthe processof gaining knowvledge from the interactionwith the
environment. It is usually relatedto the capability of a systemto acquireknowledge from
examplesandto generalisehis knowvledgein sucha way thatit canbe appliedto nev and
differentcircumstancesLearningis alsoassociatedavith the ability to malke inferencedrom

incompleteinformationandto generataen knowledgefrom anexisting one.

MachineLearningis anareathatis receving growing interestoy Computeisionresearchers
in the recentyears. It can offer effective methodsto a wide variety of ComputerVision
problemsrangingfrom the extractionof low level featuresto the acquisitionandrecognition
of high level visual (2-D or 3-D) modelsand behaiours. Thereexists a fair numberof
well foundedlearningtechnologiesavailable, including Neural Networks, Bayesianand
ProbabilisticModelling, Principal ComponentAnalysis, SupportVector Machinesamong

others.

Within the context of visual learning, our ultimate goal is to designa vision systemthat
is capableof automaticallylearning objectsor parts of objects(object features)and their
relationshipsrom genericscenes.But this is not an easytaskin a completelyautonomous
contet, in whichthereis no oneto definethe appropriatdraining setswith its objectsalready
sgmented normalisedand separatednto classes.In orderto deliver objectsin this way, a

systemhasto somehw deducethe objects shapeposition,scaleandorientationin the scene.

Generally object recognition research falls into threemain cateyories: (1) geometric,
symbolic,or structurebasedecognition;(2) property vectoror featurebasedecognition;and
(3) iconic (image)basedecognition.Most of theresearctoundin thefirst catgory is related
to 3-D objectrecognitionsystemsandtypically useseithervolumetricrelationshipgBie86|

or surfacerelationshipgFis89. Relationalmatching[Vos93 is acommontechniqueusedin

this areato do the matchingbetweentwo relationalmodeldescriptions.Thereis alsoa large
numberof well establishe@®-D basedechniquege.g. CAD basedvision), which aremainly

relatedto industrialapplications.

The secondcateyory presentsa wider rangeof techniquesvarying from the useof specific
featurevectorsandmultiple filtering to global descriptordor shapetexture andcolour This

kind of approachs popularamongapplicationsnvolving imagedatabaséndexing [BFG96
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PPS96GJ97. Swain andBallard [SB9]] proposedmatchinga colour histogramcalculated
from aregion of the imagewith a colour histogramfrom a sampleimageof the object. Rao
andBallard [RB95 usedhigh dimensionalfeaturevectorsobtainedfrom the applicationof
multiple Gaussiamleriative filtersatanumberof orientationsandscales SchieleandCrowley
[SC96h SC964 presentedin approactwhich canbe classifiedasa combinationof multiple
filtering (e.g. [RB95]) with histograming(e.g. [SB91]), in which histogramsof local shape

propertiesverecalculatedasa vectorof linearlocal neighbourhooaperators.

Finally, thethird category is characterisetby the directuseof images.In this case the most
populartechniqueto recogniseobjectsis templatematching[BAR94]. But, whenusingthe
traditionalsensoarchitecturguniformarrayof samplingunits),thenumberof pixelsinvolved
canbetoo highto allow for amoreelaboratecomputation An alternatve is to usealog-polar
representatiomhich s inspiredby the humanretina[ Sch77 Wil83, Zek93 andrequiredess
pixels to representan imageonceit is spacevariant (high resolutionin the centreand low

resolutionin the periphery).

Within this contet, aniconic vision systembasedon primal sketch featuresextractedfrom

alog-polarrepresentatiovasdeveloped[GF9g. Afterwards,afull subcomponengvidence
mechanisniMac97, FM98] wasaddedo thesystenin orderto improve thematchingprocess.
Thisis ahybridtechniquan whichiconic modelsarerepresentethroughtheuseof geometric
relations which arein turnusedduringrecognitionto strengthenhe evidencethata particular
objectmodelhasbeenfoundbasedon othernearbymatchesBut thetraining setsto build the

modelsandthe modelrelationshipghemseleshadto be definedmanually

The work presentedin this thesis fits in the catejory of iconic basedrecognitionusing
geometricrelationshipsandexpandsthe work describedn [Jen94 GF96 Mac97, FM9§g]. It
alsolooselyrelatego researctin perceptuagiroupingandimagesegmentationwhichinvolves

finding relationshipdetweempre-determinedinds of low-level featured FF954.

1.2 What is this ThesisAbout

This thesispresentsien approachefor solving two importantproblemsin the areaof iconic
vision systems.Thefirst problemis how to derive primal sketchdescriptionsrom log-polar

imagesmorereliably andwith a betterlevel of description. This problemwas motivatedin
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this thesisby the practicalissueof producinganimagerepresentatiothatis more suitable
for building image-basedanodelsand providing interestpointsfor an attentionmechanism.
To tacklethis problem,we developeda neuralnetwork architecturehatfunctionsby learning
and extracting primal sketch featuresfrom log-polarimages. This approachdemonstrated
a considerablémprovementwhen comparedo a previous one basedon hand-craftedocal

operators.

Thesecondoroblemis twofold: (i) how to usetheaborve imagerepresentatiofor constructing
adatabasef geometricdconic modelsfrom a setof views; and,mostimportantly (i) how to

infer rigid body objectrelationsby looking at this database.

To dealwith subproblem(i), we designedand implementeda prototypealgorithmthat, by
taking advantageof somepropertiesof the log-polar map, not only clustersimageregions
thataresimilar to eachotheraccordingto a cross-correlatiometric, but alsoregistersplanar
relative scalesprientationsandsimilarity scoreshetweemairsof objectsbelongingto a same

class.

Subproblenii) is tackledby constructinga graphin which verticesrepreseninstance®f an
imageneighbourhoo@ndarcsrepresenapossibldink betweerntwo adjacenteighbourhoods.
Intraandinter modelrelationshipsareinferredby meansof thecliques(or mutuallyconnected

vertices)foundin this graph.

In summarythis thesisalsoaddressethe importantquestionof whetheror notit is possible
to learnrigid geometricmodelsfrom 2-D image evidence(iconic object models)acquired
from a setof views. We found an affirmative answerto this question. We concentrateon
the structurelearning problemand our main objective is to demonstratédnow it is possible
to automaticallyderive geometricmodelrelationshipsrom a setof previously learntobject
featuremodels. We assumehat a modelconsistsof 2-D objectrepresentationkarntfrom
uns@mentedand clutteredscenesy meansof aniconic vision systemwhich is inspiredby

someof themechanism$oundin the mammaliarvisual system:

FoveatedVision. Input datais presentedn the form of a setof overlappingreceptve fields
(resemblingthe humanretina) which producesan imagesmallerin size but retaining
high resolutionin the middle. The progressiely lower resolutionperipheryis modelled

asalog-polarimage,which mapschangesn scaleandorientationinto translationsn
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thelog-polarspacqd ST93.

Visual Attention. Fixating the retina at interestingregions of a sceneprevents having to
processthe entire sceneat once. Provided that an appropriateattentionmechanism
is defined,the fixation points can be seenas placesin a scenewhereobjectfeatures
(or componentsaremaostlikely to be found. Thus,it is reasonablé¢o think thatvisual
attentioncan help the processof figuring out subcomponentelationships. Although
thereis someevidencethat humanscanalsoselectvely attendto objectsin the visual
field independentlypf theeye’s gazedirection[Eri90], thismechanisnis notconsidered

in thisthesis.

Primal Sketch. It is hypothesisedhat primal sketch features like edges bars, blobsand
ends[Mar82, areusedby humansasmorecompactandintelligible representationor
imagedataandalsoascuesfor anattentionmechanismIinputto our structurelearning
programis a setof raw primal sketch featuresextractedat attendedmagelocations
by a neuralnetwork in the log-polar spaceat a numberof orientationsand contrasts
[GFH98 GF01, GF03. Thesefeaturesareroughly consistenbbjectfeaturegegardless
of position,orientationandsize. Thereceptve field computationgogethemwith a PCA
pre-processingtagegive anestimatdor thelocal surfacereflectanceatternsof objects
in thescenewhichmakesit approximatelynvariantto local changeén theillumination

andscenecomposition.

1.3 Overview of the Thesis

Theresearchdevelopedin this thesiscanbe dividedinto four main parts,which arepresented
below in orderof development.Most of the thesiscontributionsarea directresultof parts2

and4:
1. Specificatiorof aretina-like representatiorincluding structuralandfunctionalaspects,
like geometryreceptve fields,light normalisationpropertiesetc.

2. Designof a methodfor extractingraw primal sketchfeaturesfrom this representation

usingalearning-basedpproach.
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3. Clusteringof primitive object modelsusing the new feature extraction and image
representationdeveloped in the previous stages.lt is assumedhat interestpoints
are provided by an existing attentionmechanism(not investigatedin this thesis). A
cross-correlatiometric on the features space(primal sketch and colour information)
andthelog-polarpropertiedor scalingandrotationareusedto do the matchingandto

obtaingeometriarelationsbetweerdataandmodels.

4. Inferenceof structuredmodelsfrom a setof clusteredprimitive objectmodelsusinga

graph-basedepresentatioandalgorithms.

A review of thefield is presentedn Chapter2, wherea numberof importantworksoniconic
vision, propertyand symbolicbasedapproachesarereviewed. We alsopresentsomerelated
researctonlearning.Giventhelarge numberof ramificationghatthevisuallearningareahas,
we focusedonly on learninglow-level featuresand geometricdescriptiondrom objectsand

sceneswhich arecloselyrelatedto this thesis.

Also in Chapter2, we examinetwo importanttheoriesaboutthe humanvisual systemwhich
have inspired someaspectsof this research:vision from primal sketchto 3-D modelsby
Marr [Mar82 andthe four framesmodelby Feldman[Fel85. To concludeChapter2, we
give a tour on a practicaliconic vision systemthat has beendevelopedin this University

[Jen94 GF96 Mac97, FM98]. This systemwasusedasaninitial framework for this thesis.

Although the image representatiorused by the existing systemwas already log-polar
someproblemswverefoundandenhancementseededo bemade. Insteadof trying to adapt
the existing code,we decided to design and implementa completely nev retina-like
representationThe structuralandfunctional designstogethemwith an exampleof utilisation

arepresentedn Chapter3.

Now that we had an image representatioradequateo our purposeswe moved on to the
problemof extracting primal sketchfeaturesfrom it. In the existing iconic systemthis was
done by meansof a set of manually definedlogical operators. However the resultswere
unreliableandwith poorresolutionwhenmeasuringhefeatures strengtrbasednits contrast.
Insteadof trying to build a modelfor the operatorswhich provedto be adifficult taskasseen

above, learningthe featuresvasa sensibleoption.
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After someunsuccessfuhittemptswith a monolithic neuralnetwork architecturewe realised
that breakingdown the classificationtask into separatanoduleswould solve the problem.
Featuresverefirst normalisedvith respecto orientation thenprojectedontoa PCA basisand
only afterthatthey werefed into a setof neuralnetwork modulegrainedto recognisespecific
typesof features. Experimentswere carriedout on real and syntheticdatato evaluatethe
featureextractors performance All the detailsaboutthe processof extractingprimal sketch

featurescanbefoundin Chapterd.

The existing iconic systemoperatedyy extracting primal sketch planesat interestingregions
in ascenewhich arethenmatchedagainsta setof previously acquirediconic models.These
modelsare organisedin a subcomponentierarchy which is usedto improve matchingand
attention,however, the objectsusedto form thesemodelswere manually selectedfrom a
numberof scenesPrimalsketchfeaturesandcolourinformationguidethe attentionalprocess
duringtheinitial systems$ operationput lateron, thisis complementedy therelative position

andidentity of recogniseabjects components.

In thisthesiswe designednalgorithmto automaticallyacquireiconic modelswhile attending
to asequencef scenesThebasicideawasto continuouslymatchnew regionsto previously
seeroneswhile recordingtherelative scalesprientationsandsimilarity scoredor eachpair of
similar regions. Giventhata sufficient numberof modelshasbeenacquired we shov how to
infer rigid bodyrelationsby meansof a graphbasedepresentatioandalgorithms.This part

of theresearchs detailedin Chapterb.

We finish this thesisin Chapter6 by summarisingall the researctdoneandcontributions, as
well asgiving a list of possiblefuture researcho be carriedout on eachof the mainissues

addressetiere:primal sketchfeatureextraction,iconic modellearningandstructurdearning.



Chapter 2

Literature Review

Vision is a process that produces from images of the external world a description that
is useful to the viewer and not cluttered with irrelevant information.
D. Marr[Mar82]

Contents
2.1 ldconicVision . . . . . . 9
2.2 Property BasedApproaches. . . . ... ... ... . ... . ... ... 13
2.3 Symbolicor GeometricApproaches . . . . . . . ... ... . 17
24 Learning . . . . .. e 22
25 VisionFrameworks . . . . . . . ... 25
2.6 A Practical Iconic VisionSystem . . . . . ... .. ... oL 28
2.7 SUMMANY . . . oo e e 33

The context of this thesis is a combination of image, property and geometric based recognition
as it investigates the automatic creation of iconic representations using image features and
geometric relationships. This chapter is intended to review the most relevant works in these
three categories and sheds light on the learning issues related to this thesis. Two important
theories about vision developed by Marr [Mar82] and Feldman [Fel85], which complement each
other and provide some background information not only for this thesis but also for many other
works in the area, are discussed later on in this chapter. Finally, the existing iconic vision system

that this thesis extends is described.
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2.1 lIconic Vision

The term iconic vision is normally associatedvith the direct use of pictorial information
in a system[Jen94 SE95 Mar96 GF96 Mac97, FM98] and this is the meaningadopted
throughouthis thesis.Someotherintermediater propertybasedlescriptiondave beenused
in the literatureunderthe samegenericterm, but we preferredto describethosereferences
undera separatesection. Someauthorsconsidericonic vision as the use of small visual
descriptorsderived from the original images[RB95 MKK97, MK97]. Othersalsorelated
it to appeaancebasedrecaynition [MN95, Rao97 MLP*96, EM97, HCK97, MS99, VC99,

HVCO0Q], which consistdan recognising3-D objectsfrom multiple 2-D views.

In iconic vision one can either comply with the traditional sensorarchitectureof a uniform
arrayof samplingunits, or usealternatve representationgdik e for examplelog-polarimages,
which areinspiredby the humanvisual systemand,besidesequiringlesspixels, have some

usefulmathematicaproperties.

2.1.1 Template Matching

Templatematchingis oneof thesimplesttechniquegor measuringhesimilarity betweertwo
vectors,whichin particularcanbe imagerepresentationdt essentiallyinvolves matchingan
objects imagedescriptionto a given databasef modeldescriptions.Two of the mostwidely
usedmethodgfor templatematchingareimagesubtractionand correlationmatching. Image
subtractioris basedonly on the absolutedifferencebetweerimageandmodel(template) but
requiregotal controloverimageintensity which makesthis methodonly usefulin completely
controlledimaging conditions. On the otherhand, correlationmatchingusesthe statistical
correlationbetweenimageandtemplatepixels andis consideredo be morerohustto noise,
and illumination effects. Correlationmatchingis very sensitve to partial occlusion,scale
and orientationof the featureandto its absolutegrey level, anddoesnot allow for accurate

localisationof the matchedeatures.

A differentapproacho correlationmatchingis to expandthe sceneusinga setof orthogonal
or non-orthogonabasisfunctions (e.g. Fouriel, cosine,waveletstransforms)that closely
resemblethe templateimage, which malkes the resulting matchingprocessmore robust to

occlusionswhencomparedwith standardemplatematching[BAR94]. In anotherapproach,
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Edwardsand Murase[EM97] took adwantageof the global occludinginteractionsbetween

visual objectsto adaptvely improve the correlationmetric.

2.1.2 Log-Polar Representation

Traditionally the photometricinformation of imagesis acquiredfrom sensorsthat have
a uniformly distributed rectangulararray of sampling units. As a consequenceof the
sensorarchitecture,most machinevision applicationstend to use matricesor Cartesian

representation® manipulatémages.

However this is not the way imagesare acquiredin the mammalianvisual system. A

biologically inspiredapproacho iconic vision is to transformthe original 2-D imageinto a
retina-like representatioandthento usethis representatioasthe maindatafor the matching
process.Typically, the input image is re-sampledhroughthe useof a maskconsisting
of concentricrings of overlappingcircular receptve fields whosecentresare geometrically
spacedrom the centreof the mask. If animageis accessetby usingtherings (logarithmof

thedistanceof theringsto theretinacentre)andsectorof this type of maskthenthisis called
alog-polarimagerepresentationThis essentiallysimulatesthe mappingbetweenthe retina
andneuronsn thevisualcortex [Sch77 Wil83]. Eachreceptve field valueis computedoy the
applicationof a functionover a region of theinputimage. This non-uniformsamplingcanbe

realiseceitherby softwareor by a spacevariantsensaor

A log-polarrepresentatiois very attractve becausdt transformsbothrotationandscalingin
the Cartesiardomaininto translationin thelog-polardomain. More detailsabouta particular

log-polarrepresentatiodevelopedin this thesiscanbefoundin Chapter3.

Many recentand pastinterestingworks involving the use of log-polarimagesfor feature
detection,tracking and recognitioncan be found in the literature. We selectedand briefly
commenibn here theonesmostrelatedto ourresearchA broademiscussioron spacevariant

sensingandits applicationscanbe foundin [ST93.

In a work morerelatedto sensordesignand application,Jurie [Jur99 proposeda log-polar
mappingwith a parametethatallows choosingthe rangeof thelogarithmfunctionto beused,
sothata samelog-polarimagecould be tunnedto have differentpixel sizesanddistribution,

ensuringa high modularity to the mapping. Log-polar pixels were modelledas a fractional
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part of the Cartesianinput pixels (sub-pixel precision)insteadof using simpleinteger pixel
aggr@ation.He alsopresented facerecognitionapplicationwhich usedcolourhistograming
[SB9] for trackingfacesandeigenficed PPS96 for recognition pothdefinedatthelog-polar

level.

Lim et al [LWV97] useda multi-resolutionanalysisto recogniseedge-basedine, arc and
ellipsefeatures. To detectinterestpoints, they searchedor minima and maximapointson
edgesdetectedin the log-polarimage. Cameratilt and pan (foveation parametersyvere
calculateddirectly from the currentcamergpositionandfrom the next interestpoint location.
Micro saccadewserethenimplementedn two steps:a LeastMedianof SquaregLMS) fit to
estimatahecurrentparametersf themodelandanoptimisationprocesso minimisetheerror
of thedatato modelfit. A setof threedifferentparametrise@quationsvereusedasmodelsto

theline, arcandellipsefeatures.

The iconic system described in Section2.6 is a typical systemthat usesthe log-polar
approach. Anotherexampleis given by Siebertand Eising [SE9] who defined a vision
architecture formed by a log-polarrepresentationwith a Differenceof Gaussiansasthe
receptve field function,anda templatematchingalgorithmoperatingdirectly onthelog-polar

space.

There has been a recent interest in porting traditional well establishedmageanalysis
techniquesnto spacevariantimageformats. For instance Bonmassaand Schwartz[BS99
definedanew linearintegral transformwhichthey calledtheexponentialchirp transform that

givessupportto Fourieranalysisin thelog-polardomain.

Motivated by performanceconcernsabout the software implementatiorof thelog-polar
transformon conventionalmachinessome researcthas been made on the development
of hardware implementations. Van der Spiggel et al [dSKC'89] developedthe first CCD
implementatiorof alog-polarsensarA CMOS implementatiorhasalsobeenmadeby Pardo
[Par94.

2.1.3 Complex-Log Representation

This is a more generalformulationfor log-polarimagesin which the mappingfrom retinal

coordinatego corticaloness expressedn termsof acomple-log transformatiofRS9Q: w=
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log(z+ a), with reala > 0, w andz arethe complex numbercoordinategor the complex-log

(cortical)andpolar (retinal) representations

If a=0 in the previous equation, then this is equialentto the ‘pure’ log-polar
transformatiordescribegreviously. RojerandSchwartz[RS9( believe thatusinga > 0 gives
abetterfit to biological dataat the sametime asit removesthe singularityof thelog mapping
attheorigin (log(0)). Onthe otherhand,they hadto dealwith a discontinuityon the vertical
meridianline of theretina.Moreover, asideeffectof usinga > 0is thatin the peripherycircles
are mappednto vertically curved lines andradial lines aremappednto horizontally curved
lines in the compl-log domain,contrastingto perfectstraightlinesin the ‘pure’ log-polar
formulation. Thereforethey have to make the approximationthat theselines of pixels are

straightin orderto beableto usea uniform grid to representomple-log images.

Within the context of the local imagestructuretheory Fischletal [FSC97 have derivedthe
mostcommondifferential operatorsand surface characteristicsn the comple-log domain,
like the Laplacian,the gradientandthe divegence,aswell asthe fundamentaforms of the
imagetreatedasa surface. However thesederivationsdid not accountfor the varying support
(receptve field size)of eachlog pixel. In ary casethisis animportantresult,sinceit canallow

somesortof edge(or discontinuity)detectiondirectly in the comple-log domain. Although
in our work we are also interestedin extracting featureslike edges,we decidedto take a
differentapproachbasedn learning,sothatthedesignof anoperatotbecomesnoregeneric,

dependingonly ontheselectionof arepresentate setof featureexemplarsfor training.

2.1.4 Log-Log Representation

Iconic vision approachesbased on log-polar representationarenotinvariantto uneven
foreshorteningdistortion. Therefore,if the problemis to recognise3-D objectsat arbitrary

posedrom 2-D imagesthe useof a purelog-polarrepresentatiors not corvenient.

An alternatve approachproposedoy Ben-Arie and Wang[BAW97], sampleghe frequenyg

domainin aconfiguratiorwhichis logarithmicin two orthogonabxes(log-log). Thesampling
processcanusethe Fourier transform,Gabortransformandalsotwo dimensionalGaussian
derivatives. Thelog-log representatiois shavn to beinvariantto translation slantandscale.

Invariancewith respecto tilt androtationaroundtheopticalaxisis obtainedvia acombination
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of severallog-log configurationsalculatedrom different2-D views of the object. Themodel
baseconsistsof a hashtable containinga setof log-log configurationscalculatedfrom each
model. Thematchingmechanisnindexesthe modelbaseusinglog-log representationsf the

testobjectandthenusingavoting schemedo decidefor the bestmatch.

They have obtained excellentresultswhenapplying their approachto testimagesunder
variationsin translation,slant, scale tilt, swing,noise,resolutionandalsoimagescomposed
by neighbouringobjects.However the modelbaseconsistedf a smallnumberof objects(26
objects)andonly variationscalculatedon theseobjectswere usedastestimages.Therefore,
someinterestingaspectswere not tested,like the effect of using a large model base,the
useof testobjectsotherthanthe onesin the modelbase,illumination variationsand partial

occlusions.

2.2 Property BasedApproaches

Anotherway of addressinghe problem of recognisingobjectsfrom 2-D imagesis to use
propertybasedneasurementer shapecolour, textureetc. This kind of approachis popular
amongst applicationsinvolving image databasendexing, which is also known as visual

informationretrieval [ BFG96 GJ97, or content-basednageretrieval [MSP96 PPS94.

Messer Kittler and Kraaijveld [MKK97] have presentedh systemfor searchinghroughan
imagedatabaseThe systems inputis animagerepresentinghe kind of visual object(s)that
the useris interestedn. Theuseralsoneedgo specifyheuristicallytwo regionsin theimage
of interest,representinghe objectitself andthe background.Colour andtexture featuresare
calculatedfor eachpixel in the objectandbackgroundegions. All the databasémageshave
thesamefeaturegreviously calculated A neuralnetwork is trainedto classifybetweerobject
and backgroundpixels using featuresextractedfrom randomly selectedpixels of the input
image. The searchprocesspresentsall the databasdeaturesto the trainedneuralnetwork.
Theregionsin theimageswhich werejudgedsimilar to the referencamagearethe outputof
the searchprocess.lt is possibleto identify two main disadwantagesn the abore approach.
Thefirst oneis thatall of theimageshave to be examinedfor a givenquery Moreover, mary
pixels have to be classifiedfor eachof thesedatabasémageswhich impliesa computational

overhead.
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2.2.1 Multiple Filtering

Insteadof usinganimage-like representatiommary authorshave optedto usemorecompact
representationthathave beengeneratedhroughtheapplicationof multiplefiltersoverthe2-D

originalimages. Obviously, the previous approactof usingalog-polarrepresentationcan
also beclassifiedasa multiple filtering approactwhenreceptve field functionsareinterpreted

asfilters. However, dueto the particularsensomrchitectureit hasbeendescribedseparately

RaoandBallard[RB95 proposedanarchitecturan whichtheiconic representationarehigh
dimensionalfeature vectorsobtainedfrom the applicationof multiple Gaussianderivative
filters at a numberof orientationsand scales. The term iconic was usedby themwith the
meaningof small visual templategshat constitutevisualmemory The filters wereappliedto
Cartesiarcoordinatdmageswhich wereproducedy uniform resolutionsampling.They also
briefly discussedhe useof the systemwith space-ariantsensors$ut this partwasincludedas

futureresearch.

Thesystems$ architecturéhastwo separaténternalrepresentationgr memories,one indexed
by image coordinatesand another indexed by objectcoordinateswhich are usedby
the two basicvisual routinesthe systemimplementspbjectlocationandobjectidentification

respectiely.

In theobjectlocationroutine,asinglemodelvector(from thesetdescribinga particularobject)
is matchedagainstimagefeaturesat all possiblelocationsof the visual field. The outputof
this routineis the location of the object. In the objectidentificationroutine, vectorsfrom a
singlelocalisedpointin spacearematchedagainsta databasef modelsfor differentobjects.
More thanonemodelcansharehe samendex, andthentheobjects identity is determinedy
avoting processwith the modelobtainingthe majority of votesbeingthewinner In both of

theabove routines correlationis usedasthe similarity metricfor the matchingprocess.

For smallrotationsin theimageplaneof a givenobject,invarianceis achieved by normalising
the Gaussiarderiative filters. More drasticrotationsare handledby storingfeaturevectors

from differentviews.

Oneof theadwantageof the RaoandBallard’s systemis thattheirimagerepresentationare

compactandproduceddy the computatiorof simplefilters which canreducethe computation
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time whencomparedwith the processingf geometricmodels. However, the useof filtering
causeshesystento beunableto distinguishbetweerobjectswith similarfrequeng responses.

Furtherwork in the processesolving dynamicimagerycanbefoundin [Rao97

The approachadoptedby Rao and Ballard, presentechbore, can be seenas part of a more
generidramework for imagerepresentationalledmulti-resolutionmageandfeatureanalysis.
Within this contet, Koenderinkandvan Doorn[KvD92] deriveda framework (calledgeneric
neighbourhooapeiators) for representingnarbitrarysetof local featureextractionoperators

(or localfilters) at multiple scalesandorientations.

Unlike traditionalimagefeatureextractionoperatorglik e the Canry or Sobeledgedetectors)
in which thereis usually no clear transformationrelating different operators,Koenderink
andvan Doorn’s approachallowed linear combinations concatenationsiesolutionchanges
or rotationsof operatorsto be treatedin a systematicmanner The fundamentabasisfor
their framewnvork was a scale-spacéLin96] that satisfiesthe diffusion equation[BWBD86].
They concludedthat Gaussiarderivatives are naturaloperatorgdo derive from a scale-space
representatiomgiven the assumptionof scaleinvariance. The theory behindthesegeneric
operatorsaassumed continuousmagedomainandthatthe support(or size)of the operators

shouldcomprisearelatively large area(or volume).

Anotherimportantmulti-resolutionapproachare the multi-scalepyramidal representations.
Burt and Adelson[BA83] presentedhe conceptof Gaussianand Laplacianpyramids. A
Gaussiarpyramidis essentiallya hierarchyof low-passfiltered versionsof aninputimage,
eachsampledat successiely sparsedensities.Highly decorrelatedmagesmay be obtained
by subtractinghe original imagefrom the resultsof applyingthe low-passfilters to it, which
yields to an encodingschemewhere only the decorrelatecand filtered imagesneedto be
stored(thusrequiring fewer pixelsto representhe input imagesincethe decorrelatedmage
hassmallervariance). The low-passfiltering is donewith a Gaussiarfilter kernelcorvolved
with theinputimage. A Laplacianpyramidis a similar structurewith the differencethatthe
pyramidlevelsherearedifferentbandsof theimagefrequenciesThisis equivalentto take the
differenceof consecutie levelsin the Gaussiarpyramid. They have shavn thatthis structure
is not only usefulfor image compressiorand progressie transmissiorbut also for feature

extraction.
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2.2.2 Colour Histograming

Swain and Ballard [SB9]] presentedan objectrecognitiontechniquebasedon the matching
of a colour histogramcalculatedfrom a region of the imagewith a colour histogramfrom a
sampleimageof the object. The useof colour histogramshasbeenshawvn to be robust to
changesdn the objects scale,orientation,viewing position and partial occlusion. However,
the original techniquehasa high sensitvity to the lighting conditions(colour and intensity
of the light source)andthe colour of the objectitself. This limitation might be overcomeby
pre-processinghe imageswith a colour constang algorithm, but usually the 3-D geometry
of the scenehasto be known (seei.e. [FG94). In practise colourconstang is only possible
underrestrictionsand limitations on the type of illumination and the surfacesthat will be

encountered.

An intermediateapproachis the use of measuresvhich are less sensitve to illumination
changesFunt and Finlayson [FF951 have proposedistogramingcolourratios. Thebasic
assumptiorin this caseis thattheratiosof colourrgb triplesfrom neighbouringocationsare

relatively insensitve to changesn theincidentillumination.

2.2.3 Multidimensional Receptve Field Histograms

Schieleand Crowley [SC96h SC964 presentedan approachwhich can be classifiedas a
combinationof multiple filtering (e.g. [RB99) with histograming(e.g. [SB9]]). They
usedhistogramsof local shapepropertieswhich were calculatedas a vector of linear local
neighbourhoodperatorsor receptve fields. In a first work [SC96H they testedGaussian
derivatives,the Gabor filter and Gradient and Laplacian operatorsasthe receptve field
function. To performhistogramcomparisonthey testedthe sumof squaredistancesthe X2

method,ntersection(asin [SB91]) andthe Bayesrule.

Insteadof usinghistogramcomparisonadifferentapproactis to usethe Bayesrule assuming
thattheprobabilitydensitydistribution of anobjectis theobjects histogramitself apartfrom a
normalisatiorfactor[SC964. Thisapproachallowsto determinghe probabilitythatanobject
is in a scenebasedon arbitrarily selectedoointsin the image,anddiffers from the previous
approachn thesensedhatit workswithout directcorrespondencieetweerthe objectdatabase

andthetestimage.
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As a continuation of the previous work, now in the contt of appearance-based
recognition, instead of histograming, Verdiere and Crowley [VC99] projected all
overlapping neighbourhood$rom an imageonto a linear subspacdgusing PCA) to give a
samplingof a surfacein thelinear subspaceDifferentviewing positionsof animagedefine

a family of surfaceswhich representghe possibleappearances.The recognitionprocess
consistedin projectingsmall neighbourhood$rom a testimage onto the local appearance
manifoldandassociatinghemto nearbysuriaces.Hall etal [HVYCO0OQ] extendedthis approach

to dealwith colourimages.

2.3 Symbolicor Geometric Approaches

This sectionpresentshesymbolicor geometricapproachethatarerelatedto theiconic model

creationmechanismnvestigatedn this thesis.

In typical model-basedvision systems, a collectionof featuresis extractedfrom the
image, a correspondencbetweenthesefeaturesand an appropriateset of model features
is hypothesisedandfinally the position and orientation(pose)of the modelis determined
from this hypothesis.This can be done eitherby the useof interpretationtreetechniques
(e.g. [Gri9Q)]) or by transformatiordeterminatiormethods(e.g. [UII96]). Somedranvbacks
associatedvith this approachare that all the modelshave to be testedin orderto identify
modelinstancesn theimageandtherearemary possiblematchesetweerimageandmaodel

featureseachmatchbeingexpensve to verify [RZFM91].

2.3.1 IMA GINE System

IMAGINE | and Il [Fis86 Fis89 are 3-D object recognition systems that employ
model invocation and geometrical matching using range images. The importance of
reviewing this typical symbolic/geometricapproachis the fact that the model creation
and invocation mechanismganbe modifiedor adaptedo work in aniconic vision context.

An approachinspiredby thesemechanismss presentedn Chapterb.
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Overview

The first processingf thesesystemsis to segmentthe rangeimagesinto surface patches.
Obscuredortionsof surfacesarereconstructedby a surfacecompletionprocesswhich joins
extrapolatedsurface boundaries. This processtries to producea completeset of surface
hypothesethatarethenjoinedto form surfaceclusters.Surfaceclustersepresent8-D solids
whoseidentitiesarenot yet known, andareusedfor aggr@atingimagefeaturesnto contexts
for modelinvocationand matching. The next stepis to computesomeimportantviewpoint

invariant3-D featurepropertiedike, for example,surfaceareaandrelative orientation.

Modelsarebuilt asa setof compactandconnectedolidsthathave definableshapesModels
may alsobe defined,dependinguponthe natureof the objects,assubcomponentmined by
interconnectionsvith given degreesof freedom.In IMA GINE Il, modelsaredefinedusinga
specialanguagecalledSMS andrepresenawide rangeof geometrigpropertiedik e surfaces,
boundariestc. A modelis structuredin termsof assembliesvhich can have relationships
with otherassembliesn away similar to thatusedin the geometricdescriptiongor machine

learningshavn by Winston[Win77], whichis discussedateronin this section.

The following stepis model invocation, which selectsa few candidatemodelsfor further
considerationThemodelinvocationprocesss justifiedbecaus®f theimpossibility of finding
the correctmodel by sequentiakomparisorof an objecthypothesisvith all knovn models.
Moreover, an exact matchingmay not occurbecausef sensomoise,objectvariationor the
useof a genericdescription. The two final processesarriedoutin the IMAGINE approach
arehypothesigonstructiorandidentity verification. The formertriesto find evidencefor all
modelfeaturesandthelatter helpsto ensurehatinstantiatechypothesesrevalid objectsand

have the correctidentity.

Model Invocation

Modelinvocationworks asa flow of evidencein a network. This network is akind of surface
clustertreewhichis derived from theinputimageandfrom the modeldescription.Eachnode
of this network represents possiblepairing of model-to-dataandis valuedby a plausibility
metric. This plausibility representshe degreeto which an objectmodel explainsanimage

structure.
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Plausibility comesfrom accumulatingevidencein the context of either surface patchesor
surface clusters. Thereare two kinds of evidence: property evidence,which comesfrom
measuredeaturesandrelationshipevidence.The links betweenthe nodesin theinvocation
network representhe different relationshipsbetweenthem. Below, we list the kinds of
relationshipevidencethatwereproposedy Fisher[Fis86 Fis89 (M is the modelof current

interest):

1. Supercomponent: A is a structureof which M is asubcomponent.
Subcomponent: A is asubcomponerf structureM.

Superclass: A is amoregenericclassof objectthanM.

Subclass: A is amorespecificclassof objectthanM.

Description: Every propertyof A is a propertyof M.

Inhibition: Identity A competeswith identity M.

N g M w Db

Association: Thepresencef objectA malkesthe presencef M morelikely.

Thesurfacemeasuremenigroduceevidencewhichis propagatedhroughthe network. There
is a continuousupdateof the plausibility valuesuntil the network goesto a stablestate.Given
the plausibility ranking, the data-to-modehodesthat have a plausibility higherthana given

thresholdaretheninvoked.

Furtherimprovementto the superclassvidencewasmadeby Paechte[Pae87]. He changed
the way that this kind of evidenceis integratedin the network. In summary thesechanges
allowed the indirect inheritanceof properties,like surface descriptionsor subcomponents,
throughthe superclasdink. The resultof this was a systemthat could discriminatebetter

betweercorrectandincorrectmodel-to-datgairings.

2.3.2 Projective Invariants

Theimportanceof indexing in objectrecognitionproblemsnvolving large numbersof models
is a subjectfrequentlydiscussedowvadays(seee.g. [Nel9g and[Gri90]). This wasmainly

discussedh thecontet of geometriarepresentations.

A differentway of implementinga model-basedision systemis throughthe useof projectve

invariants|RZFM91, RZMF92 Rot95, which neitherrely on the poseconsisteng of image
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featureto modelfeatureassignmentin orderto form hypothesispor on cameracalibration.
Projectveinvariantsareusedn thiscontet aspropertief planarshapesvhichareunafected
by perspectieimaging. Theinvariantvaluesarecomputedrom algebraicurvesfittedto edge
dataof a 2-D image. An exampleof a planarprojective invariantis the cross-ratiaC for four
coplanarpoints (X1, X2, X3, X4) alonglineswith linear parameterisationf,, 6,, 63, 8,), see
Equation(2.1). It is possibleto establishinvariantrelationsinvolving five coplanarpoints(or

lines),a conicandthreepoints(or lines),a pair of conicsandsoon.

6165\ (6,6
C(x1,%2,X3,%a) = (91_94>/(92_94> (2.1)

Rothwell et al [RZMF92] experimentedwith a modelbasedvision systemfor planeobjects
thatusesprojective invariants. The main processesof the system are featureextraction,
modelacquisition hypothesigeneratiorandhypothesisserification. In the featureextraction
processtheconicsandlinesneededo form theinvariantsareextractedfrom imageedgedata.
In themodelacquisitionstage fwo imagesof anunoccludedbjectat differentviews areused
for the computatiorof themodelinvariants.All of theinvariantsthataresimilarin bothviews
are storedin the library jointly with edgedatafrom one of the acquisitionimages. In the
hypothesiggeneratiorprocessjnvariantsfor groupsof featuresin a sceneare extractedand
thenusedasindexesto the modellibrary usinga hashtable. All the potentialmatchesound
for a given objectproducerecognitionhypothesegor that object. Finally, in the hypothesis
verification processmodel featuresand edgedatafrom an acquisitionimage are projected
into thetestscene.If thesedataaresimilar thenthe potentialmatchis confirmed.Figure2.1

illustratessimpleobjectsrecognisedy this systemdespitethe strongperspectie distortion.

Figure2.1: Graphicalresultof the recognitionof two objects,despiteperspectie distortion,
in the systemproposedy Rothwelletal [RZMF972.

The useof projective invariantstogetherwith this kind of hypothesisverification make the

systenparticularlyrobustto therecognitionof occludedobjects.A review of amorecomplete
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objectrecognitionsystemcalled LEWIS, which wasderived from the above system,canbe

foundin [Rot95.

The main adwantagesof the projective invariant approachis that modelscan be acquired
directly from imagesandinvariantvaluescanbe usedto index amodelinsteadof exhaustvely

consultingall themodelsin themodelbaseor having to calculateposeandcameracalibration
parametersHowever, modelshave to be selectednanually Moreover, it canonly be applied
to imagescontainingplanarobjects or objectswith planesurfaces.Thereforeijt is still unclear
how this approachcould be appliedto 2-D image projectionsof real 3-D arbitrary shape
objects.Moreover, the existing systemsawveretestedover modelbasesonsistingof only tens

of modelsandthisis still too smallto experienceherealdifficultieswith largemodellibraries.

2.3.3 Comparing Geometric Invariants and Appearance-Basedystems

An experimentalkcomparisorbetweergeometricandappearancbasedapproacheappliedto
a probleminvolving very simple objects(a planarobjectanda rotationally symmetricalone)
canbefoundin [MLP*96]. An appearance-basegpproachis merelyaniconic approachin

which severalviews of a sameobjectaretakeninto accountwhenbuilding a visualmodel.

The systemsused for comparisonwere SLAM [NNM94] (appearance-basednd Lewis
[Rot9g / Morse [ZFM195] (basedon geometricinvariants). Four objectswereusedin the
experimentsthreeSORs(Surfacesof Revolution) andoneplanarshape(afloppy disk). Two
kindsof experimentsaverecarriedonthe data. Thefirst wasto evaluatethe systemsability to
recognisebjectswhenthey aregiventhesameamodellibraries. Theresultsof thistestwasthat
thegeometridnvariantsystemMorse)presentedo falsepositveswhereaghe SLAM system
presented falsepositvesamongsti5testimages.Thesecondxperimentaimedto investigate
how anincreasein the numberof objectsin the modellibraries would affect performance.
Again, thegeometricsystemgprovedto befail-sase becausehey producedho falsepositives,
which wasnt the samewith the appearance-basexhe. The performanceof the appearance
basedsystemwasaffectedby the additionof someparticularlibrary models,whereasn the

geometricsystemghe performancevasnotaffectedby addingadditionalobjectsto thelibrary.

Despiteof theseinterestingresults,the mostimportant contritution of the paperwas the

generabbsenationsabouttheproblem.It couldbesaidthattheresultsrepresenacomparison
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of the two recognitionapproachesinderidentical conditions,i.e. usingthe samesetof test
imagesandmodellibraries. However, theuseof a very smallmodellibrary canbe a causdor
theapparenbetterperformancef the geometricsystem.Moreover, it is possiblethatthe use
of thethreeSORmodels which arevery corvenientto thegeometricsystemsagainsjustone

planarobject,could have influencedthe quantitatve results.

Mundy et al [MLP*96] aguedthat appearance-basedodelstake adwantagefrom the fact
of not having to build a formal descriptionof the constraintsassociatedvith an object. On
the otherhand,with geometric-basechodels,this descriptionis importantto the processof
poseinvariantrecognition. The problemof building geometricdescriptionof objectsis that
they cannot be currentlyappliedto arbitrary-shap@bjects,in factthey canonly be usedto a
limited setof geometricclassesuchasSORs planarsurfacesandcanalsurfaces It is claimed
that one of the adwantagesof the geometricapproachis that geometricclassmodelsalso
provide constraintsvhich supportfigure-groundsegmentation andthatin appearance-based
systemdiigure-groundseparatioris a hardertask. The presenceof mutualillumination and
shadwvs canleadto complex andunpredictablepatternsof intensityin real sceneswhich is
clearlyadravbackof the appearance-baseghproachlt is expectedthatgeometricboundary

descriptiongendto be moreinvariantthannormalisedntensitypatterns.

2.4 Learning

MachineLearningis an areathatis receving greatinterestby ComputerVision researchers
in recentyears. Learningcan offer effective methodsto a wide variety of ComputerVision
problemsrangingfrom the extractionof low level featuresto the acquisitionandrecognition

of highlevel visual (2D or 3D) modelsandbehaiours.

Thereexists a fair numberof well foundedlearningtechnologiesavailable,including Neural
Networks, Bayesianand ProbabilisticModelling, Principal ComponentAnalysis, Support

VectorMachinesamongsbthers.

The first part of this thesisaddresseshe problem of extracting low level (primal sketch)
featuresfrom a log-polarimagerepresentatiomsing a neuralnetwork approach.Later, we
developamethodio automateheacquisitionof geometricsingle-viav primitive objectmodels

andshav how larger structuredmodelscan be learnt/inferredfrom theseprimitive models.
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Thus, we decidedto limit the scopeof this sectionto the issuesof learningfeatureswith

neuralnetworks andlearninggeometriodescriptionswhich arecloselyrelatedto this thesis.

2.4.1 Learning Low-Level Features

Earlierwork on NeuralNetwork learningof edgefeatureshasobtainedonly alimited success,
asfor example[PBC97 in which a concatenatiomf two Perceptronsvasused:onefor noise
filtering andanotheronefor edgedetection.Theedgedetectiometwork wastrainedto recover
a given edgecomponenwithin a 3x3 window at 8 differentorientations(the positionof an
outputneuronrepresentethe orientation,andthe neurons outputvalue correspondedb the
edgeintensityvalue). Theresultsshavedthatthe neuralnetwork approachada performance

slightly inferior to thatof the Sobeledgedetector

Chenetal [CTR9Y presente@nedgelabellingprocessn which aneuralnetwork wastrained
with syntheticdatafrom amodelof anidealstepedge.Theaim of the systemwasto labelthe
centralpixel of a5x5imagepatchasedgeor non-edgellluminationandrotationnormalisation
wereperformedover theimagepatchbeforefeedingit into the neuralnetwork, which reduced
the complity of the problemto belearnt. They comparedhe visual outputof their system
with theoutputproducedy the Canry edgedetectomwhenappliedto thesamenoisydata,and

foundthatthe neuralnetwork hadbetternoisetoleranceability thanthe Canry edgedetector

2.4.2 Learning Geometric Descriptions

Winston[Win77] did someof thefirst researctshaving how to learnstructuraldescriptions
from examples. He representegimple scenesas networks of linked concepts.The starting
point is a scenecomposedf simple building blocks like bricks, wedgesetc, plus a set of

relationsbetweereachof theseblocks. An exampleis givenin Figure2.2

Learningis driven by cateyoriseddifferencesbetweendescriptions.The ideais to gradually
refinethemodelby presentingasequencef sampleobjects.Thefirst stepis to build symbolic
descriptionsof the objects. Next, eachsampledescriptionis matchedagainstthe modelin
orderto discover differencesandsimilarities;this is doneby decidinghow nodesin a network
correspondto nodesn another Oncethe pairingof nodess concludeda skeletalframework,

which reflectsthe commonstructurefoundin both networks, is built. Thefollowing stepis to
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Example Counter Example

i

IS-ONE-PART IS-ONE-PART

IS-SUPPORTED-B

New Model

‘ MUST-BE-SUPPORTED-BY

IS-A

CERCED

Figure2.2: Threekindsof relationinvolving partsof objectsareshavn in thefigure. Analysing
theupperleft sideof thefigure: block A IS-SUPPORTED-BY block B; block A 1S-A WEDGE
andblock B IS-A BRICK ; block A 1S-ONE-PART of aninstanceof a houseH andblock B
IS-ONE-PART of aninstanceof a houseH. This figure alsoshavs how a nev modelcanbe
derivedfrom anexample(a houselanda counterexample(a housewherethe supportrelation
is gone),the resultis the learningof the relation MUST-BE-SUPPORTED-BY (adaptedrom
[Win77]).
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describaheindividual differencesthis is doneby a setof annotationsttachedo the skeleton

indicatingwhetherarelationshipis in a network but notin the other

Differencedetweerscenezanbeexpressedn termsof afew typesof annotationgdifference
notes). An exampleof a differencenoteis an EXIT note: it is placedwhen&er one network

extendsa relationandthe otherdoesnot (seeFigure 2.3). Thereis a small setof rulesthat
areusedto transformthe skeletonandits differencenotesinto a new model. Finally, learning

happensvhenthe skeletonandits differencenotesaretransformednto anev model.

Q EXIT

HAS-PROPERTY-OF

Figure2.3: The EXIT differencenoteis placedin a skeletonwhen&er onenetwork extendsa
pointer(relationship)while the otherdoesnot (adaptedrom [Win77)).

Oneproblemwith this approactis thatthe learningprocessbecomesighly dependentipon
the quality andpresentatiomrderof the examplesandcounterexamples.The presentatiorof
ansingleincorrectexampleof anobjectamongssereral correctonescancreatea completely

incorrectmodel.

2.5 Vision Frameworks

Thissectionpresentsometheoreticabackgroundnformationassociateavith thethesis. Two
relevant framevorks proposedoy Marr [Mar82 and Feldman[Fel85 arediscussed.In the
following section theiconic vision systemdevelopedby Grove andFisher[GF94, which has

beenusedastheinitial framework for the proposedesearchis alsodiscussed.

2.5.1 From Primal Sketchto 3-D Models

Marr [Mar82 proposedhreedifferentlevelsfor theunderstandingf informationprocessing
systemdqhaving vision systemsasthe target example): computationatheory; representation

and algorithm; and hardware implementation. One of Marr's mostimportantcontrikutions



CHAPTERZ2. LITERATUREREVIEW 26

wasmadein the level of representatiomnd algorithmwhen he proposeda representational
framawork for vision (Figure 2.4). He concentratedn the vision task of deriving shape

informationfrom images.

Viewer centred Object centred
e B !
| ol

Input Primal 21/2-D 3-D Model
Image Sketch Sketch Representation
Zero crossings Local surface 3-D models
) |_-| blobs,edges, | _-.|orientation and hierarchically
Perceived bars, ends, discontinuities organised in
intensities virtual lines, in depth and in| | terms of surface
groups, curves surface and volumetric
boundaries. orientation shape primitives

Figure2.4: Marr’s representationdtamework.

It is known that the intensitiesperceved by ary visual systemare a function of four main
factors: the geometry(meaningshapeandrelative placement)the reflectanceof the visible
surfaces;theillumination; andthe viewpoint. Accordingto Marr’s theory[Mar82, the early
visual systemderives representationsn which thesefactorsare separated. The first two
representationin Marr’s framework, the primal sketch and the 2%-D sketch, areintended

to recordthatseparation.

Thedetectiorof intensitychangestherepresentatioandanalysisof localgeometricstructures
andthe detectionof illumination effectstake placein the procesof generatiorof the primal
sketch. Oneimportantprinciple of the primal sketchis thatindependenspatialorganisations
of theviewedintensitiesn asceneeflectsthe structureof thevisible surfaces.Marr proposed
to capturetheseorganisationdy using a setof “place tokens”, or low level featureswhich
correspondo orientededges bars, endsand blobs which were representedy a 5-tuple:
(type position orientation scale contras). Therearetwo additionalrepresentatiotevels,
the 2%-D sketchandthe 3-D model,basedon the primal sketch,but thesearenot particularly

relevantto our researctandthereforearenot discussedurther

An Expansionof the Marr’ s Theory

More recently Watt [Wat8§ built a theory about vision based on Marr's theory

Watt reformulatedthe early visual procesdnterpretationin termsof signalprocessindilters.
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However, the mainideasregardingthe sketchhypothesisverestill maintained.

2.5.2 Four Frames

Feldman[Fel8 proposedatheoryto helpboththe understandingf the mammaliarvisual
systemandto sene asaframeawvork for visionandspace He tried to shawv how eachpartof his
systemcould be explainedin termsof neuralconnectionsandhypothesisedhat four frames
of referencewould suffice in explaining the vision process:retinotopicframe; stablefeature

frame;world knowledgeformulary; andervironmentalframe(Figure2.5).

Retinotopic Frame Stable Feature Frame

- (G

Context Indexing

Environment Frame World Knowledge

Formulary
>[ SitLualt(ion] _()bjelf_tsdar}dssnuathns
? inks in a kind of Semantic Other
Network modalities
A -

Figure2.5: Feldmans four framesmodel(adaptedrom [Fel89).

The retinotopicframe modelsthe view of the world that changeswith eacheye movement
and it is essentiallya viewer-centredrepresentation. The stablefeatureframe dealswith
theideaof keepinga stablementalvisual world (viewer centredrepresentationfndependent
of saccadicretinotopicactvity. It is composedf planesencodinglightness,hue, texture,
shapemotion, sizeanddepth. Thefeatureframeincorporategwo retinotopicframereadings
and disparity information when available (simulatingthe two eyes). The world knowledge
formularyis the obserer generaknowledge(modelledby a kind of semantimetwork) of the
world, including objectsandsituations.The visualappearancef objectsis encodechereasa
collectionof relationshipsbetweenprimitive parts. This frameis understoodasbeingobject
centred.Finally, the ervironmentalframeis therepresentationf the spacearoundthe animal

or systematagiventime, andis viewer centred.
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Comparisonwith the Marr’ s Approach

Feldmans$ approact Fel89 is in someaspectsimilar to thatof Marr [Mar82. Marr’s primal
sketch(augmentedvith motion, colour, anddisparitydata)canbe comparedo the Feldmans
retinotopicframe. Also, the two approachesgreeon the useof hierarchicalobjectoriented
descriptions. However, Marr's approachdoesnot have a structureequivalent to the stable
featureframe(Marr’s final representatiois objectcentredlanddoesnot considercontext and

visual cuesotherthanshape.

2.6 A Practical Iconic Vision System

Grove andFisher[GF9§ presentedan iconic vision systembasedon primal sketchfeatures
extractedfrom alog-polarrepresentationThe systemwasbasedninitial work developedby

JennengJen93.

2.6.1 The Initial System

The systems architectureis composedof several representationsand processeswhich
correspondo boxesandroundedboxes, respectiely, in Figure2.6. Inputto the systemis a
large, staticcolour Cartesiarimage. Part of thisimageis selectedy anattentionprocessand
thenis foveated(transformednto alog-polarrepresentation)An uniform averagefunctionis

usedfor computingthereceptve field values(eachpixel in thelog-polarimage).

After foveatingthe inputimage,featureextractionoperatorsare appliedto producedifferent
primal sketchfeatureimageplanes(edges bars, blobsandend3. In orderto locatefeatures
at different spatial frequenciesthreedifferent scales(1, 1/2 and 1/4 of the original image
size)areusedon theinputimage.Both the foveatedoriginal rgh imageandthe primal sketch
imagesarestoredin a structurenamedthe imagestack. In orderto obtaininformationabout
nearbyitemsalreadymatchedtheimagestackalsocontainsdataobtainedrom foveatedabel
planesof thestablefeatureframe(describedaterin this section).Theoperatorsveremanually
definedaslogical expressionsnvolving the pixels of a 3x3 window which is appliedthrough
thelog-polarimage.Figure2.7 illustratesthe 3x3 maskusedby the operatorsn arectangular

retinaltessellatior(i.e., thereceptve fields areradially aligned). Therewasalsoa similar set
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Figure2.6: Grove andFisherarchitecturgadaptedrom [GF94).

of operatordo usein atriangularretinaltessellatior{i.e., thereceptve fieldsareshiftedby half

a sectorevery 2 rings). Someoperatorsdefining negative corner, positiveblob and positive

vertical bar featuresareexemplifiedin Equationg2.2), (2.3) and(2.4), respecirely.

—Corner
+Blob

+Bar@90

]
2
= min(x— p0,Xx— pl,x— p2,X— p3,Xx— p4,X— p5,X— p6,x— p7) (2.3)

= min(pl—Xx, p3—X, p4—X) (2.2)

= min(pl— p0,x— p3, p6— p5, p1 — p2,x— p4, p6— p7)

—max|x— pl|,|x— p6|) (2.4)

A setof modelsthat may be matchedagainstthe currentimage stackis maintainedin a

modelbase.Models have the samestructureasthe entriesof theimagestack. An extended

multi-variatecross-correlatiomatchingalgorithmis usedfor correlatingmodelsto data. The

modelsarecreatedhroughthe manualselectionof pictureswhich aresupposedo bethebest

representatis of the classthe modeldenotes Weightsareassociateavith eachmodelplane

in orderto indicatethe importanceof the featurein the discriminationof a particularobject.

Theweightswerelearntusinga MLP-backpropagationeuralnetwork.

Theimagestackandthe modelbaseareessentiallyretinocentriaepresentationsecausehey
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Figure 2.7: The 3x3 maskusedby the Grove and Fishersystem[GF9§ to detectfeatures.
Eachpixel in themaskcorrespondso a particularreceptve field outputin thepolarcoordinate
system A triangularretinaltessellatiorwasused.

are registeredon the gazeposition. But the stablefeatureframe and the interestmap are

world-centredrepresentations.

The stablefeatureframe (SFF)is a stackof label planes which works asthe systems visual
short-termmemoryandhasthe size of the input image. Eachmodellabel’s planestoresthe

locationsof matchedbbjectsandtheir matchscoresof thatmodeltype.

Theinterestmapis the datarepresentatioffior the attentionmechanism.The highestvalued
pixel in theinterestmapindicatesthe next point to be foveatedin theinputimage(saccade).
Theinterestmapis updatedaccordingto intrinsic interest,extrinsic interestandsuppression.
Theextrinsicinterestis obtainedrom subcomponeravidenceaccumulatiorwhichis achieved
by the processof correlatingthe image stackwith the label stack. The intrinsic interestis
obtainedfrom theaccumulatiorof the detectedorimal sketchfeatures Suppressiolis usedto
avoid constantlyre-foveatingthe sameregion. Suppressiolis implementedy addingalarge
negative constanto the region of theinterestmapcorrespondingo thelocationof arecently
matchedmodel. The systemalsoimplementsmicro-saccadesyhich consistsin foveatingat
someextrapointsnearbythefoveationpoint, becausehelocalisationof interestingfeaturesn

thelow spatialfrequeng channelsandin the peripheryof theimageis usuallyimprecise.
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2.6.2 SomecCiriticism

The retina was entirely modelled as log-polar image, which simplified the matching
andattentionalgorithms but becauseeceptve fieldswithin the centreof thefield of view had
varying sizes,it becamedifficult finding and matchingsmall, high resolutionobjects. Also,
therewas no treatmentfor estimatingthe reflectancanformationin the imagesin orderto

obtainsomedegreeof invariancewith respecto scendllumination conditions.

One problemwith the useof an averagefunction in the receptve field computationis that
it introducedossin the transformatiorprocess.More interestingfunctionscould have been
used.ForinstanceGaussianandDifferenceof GaussiangDOG)functionsproduceanoutput
thatis sensitve to intensitychangesn theinputimage[Mar82. Moreover, the useof more
powerful functions,suchasthe Gaborfunctions,of whichthe DOG is a particularcase could
improve the outputsof the receptve field calculation. Whenusingan appropriatefamily of
Gaborfunctions,with differentscalesand overlapping the resultingrepresentatioiis sorich
thatit would be possibleto reconstructotally theinputimage.Thisis particularlyinvestigated

by Lindbeg [Lin94] in his scale-spactheory

It is possibleo identify two maindisadwantagesvith theway featureextractionhasbeenmade
in this system. The first disadwantageis thatthe operatorsare heuristicallydefinedandthen
thereis no guarante¢hatthey will work correctlywith all the possiblecasesandthatthey will
allow gracefuldegradation.The seconds thatwhene&er oneneedsa differentwindow sizeor
window shapet will be necessaryo designnew logical expressiondor the operatorswvhich
can producemistales asthe operatorsare definedby hand. In Chapter4, a learning-based

approachwhich dealswith theabove problemss presented.

Two deficienciesanbe seenin the way the modelbasewasdefinedin this system.Thefirst
oneis the manualselectionof sampleimagesto form the modelbasedoesnt assurehatthe
imagesarereally goodrepresentatesof theclassthemodelwill denote.Theseconds thatall
themodelshave to beaccesseth afirst executionof the systembeforea matchingcanoccug
andthis contradictghe principle of modelinvocation: not all the modelsneedto be accessed
prior to a matchingbecausef the potentiallyhugeamountof modelsthat canbe presentn

themodelbase.

Theintrinsic interest,which is obtainedfrom primal sketchplanescouldbeimproved by the
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insertionof othercontet free cuesJike symmetry(e.g. [YRW92)). Hierarchicalassociations
betweenthe modelscould enhancethe extrinsic interest, which is currently obtainedonly
from generalassociations.More details about automatically building geometric models
from the image evidence and infering relationshipsbetweenthese models can be found

in Chapter5.

2.6.3 Relation with the Theoretical Systems

Marr's primal sketchnotionwasusedn thissystenin orderto bothprovide cuesto anattention
mechanisnandto defineintermediataepresentationf objects.The 2%-D sketchandthe 3-D
model representatioproposedby Marr were not usedin this system,mainly becausehe
systemdealsonly with iconic representationandMarr’s representationareclearlygeometric
ones.In fact,thesearecomplementaryepresentationthatareusedin differentcontets: the

iconic systemworkswith 2-D appearancandMarr’s proposalealsdirectly with 3-D scenes.

The idea employed in this iconic system,consistingof a retina-like maskwhich foveates
regionsof the inputimageaccordingto an attentionmechanismis very similar to Feldmans
retinotopicframe. Feldmans stablefeatureframewasdirectly usedin this iconic systembut
having the originallightness hue,texture, shapemotion, sizeanddepthsubstitutedy primal

sketchandmodelfeatureplanes.

Thereis a close relationshipbetweenthe Feldmans world knowledge formulary and the
representationassociatedvith modelinvocationin [Fis8G Fis89 and, more recently the
full subcomponentvidenceimprovementmadeby MacKirdy andFisher[Mac97, FM9§] to

Grove andFishers system{GF94, whichis discussedateronin this section.

2.6.4 Adding Parallelism

Marques[Mar9q built a parallelimplementatiorof the systemusingthe mastesslave model
of parallelism.Basedon thefactthateachmicro-saccadgerformstasksthatareindependent

of eachother he chosea micro-saccadastheunit of parallelism.

A mastemprocessentraliseshe operatiornof the systenby sendingoveationpoints,denoting
the micro-saccadedp correspondinglave processesvhich effectively foveatesthe images

andperformthe correlationbetweenmodelanddata. Finally the mastermprocessdecideshe
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bestmatchamongsthe correlationresultsreceved from the slave processes.

Oneproblemwith Marquesimplementatioris thatthelabelplanesof the stablefeatureframe
werenot updatedn the slave sideof the program,andthusthe parallelimplementatiorof the

systemcould not properlyusetheinformationstoredin the stablefeatureframe.

2.6.5 Improving Parallelism and Adding Full SubcomponentEvidence

Morerecently MacKirdy [Mac97 madeimprovementdo theparallelimplementatiorthrough
the changeof the masterslaze modelof parallelisminto a task-Brmingone. Within the new

systems architecturene implementedan efficient versionof the StableFeatureFrame(SFF)
andtheassociatednodels labelsbasedn the useof a hashtableindexed by the modelname

or featuretype,e.g.nose face,eyes,mouth.

In the original system eachlabel planein the SFFrepresentsnatchedfeatureswith areasof
intensity at the position of their match. In MacKirdy’s implementationgachlabel planeis
now a list of previously recognisedtemsandthenreal world size SFFimagesareno longer
neededIn the caseof associatednodels labels,eachentryin the hashtablerepresentatype

of relatve featureasalist of relative vectorswheretheseotherfeaturesverefoundin ascene.

Usingthenew SFF, thesubcomponeravidencemechanismvasre-implementedh asymbolic
way. He alsosolvedtheinconsisteng problemof the previousparallelimplementationwhich
did not properlyupdatethe SFFamongsimasterandslave processorsin this new versionof
the systemthe modelscanalsobelearntfrom objectsselectedrom multiple imageexamples
ratherthanusingonly asingleexample which happenedh the previousversionof thesystem.
However, exemplarsof objectsfor definingthe modelswerestill manuallyselectedsegmented

andparametrised.

2.7 Summary

In this chaptera numberof relatedworks hasbeenreviewed underthe three main context
areagthatthis thesisfits in: iconic, propertyandgeometricbasedrecognition. An overvien
of featureand structurelearningis alsoincluded. This chapteralso reviews two interesting

theoreticalframavorks for vision andthe implementatiorof a practicaliconic vision system
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which embodiessomekey aspectf thoseframavorks: the retinotopic frame and primal
sketch; the notion of a stablevisual world; and hierarchicalobject orienteddescriptions.
The iconic vision systemimproved with parallelismand full subcomponengvidence has
overcomesomeof the performancdimitations of the initial system,but therewere still a
lot of improvementto be made. This systemreceved a particularinterestbecausdhe kind
of improvementwhich was requiredsuited perfectly the scientific questionsinvestigatedn
this researchj.e., the systemlacked a good primal sketch featureextraction processand a

mechanisnfor automatedreationof visualmodels.

Marr [Mar82 investigatedways of deriving primal sketch image-basedeaturesusing the
Laplacianof Gaussiaroperatotto find intensitychangesn images.Many othermathematical
operatordiave beenusedin theliteratureto detectedgesfind the skeletonof shapesndsoon,
asfor examplethe Canry operator mathematicaimorphologyetc [GW9Z. Most of the state
of theartwork on objectrecognitionhasbeenconcentratedn finding propertybasedeatures,
seefor example RaoandBallard [RB95 with their multiple Gaussiarderivative filters and
SchieleandCrowley [SC96k SC964 with their multidimensionateceptve field histograms.
Althoughlearninghasbeenusedby someresearcherto classifyedgesge.g. [CTR9Y, it was

notusedbeforeto learnprimal sketchfeaturedrom alog-polarrepresentation.

The fundamentalvork by Koenderinkandvan Doorn’s on genericneighbourhoodpemators
is relatedto oursin the sensethat we too are interestedin featureextraction operatorsbut
useadifferentapproach.The responsef featureextractionoperatorsdasedon derivative of
Gaussianproved usefulto the designof ‘real’ operatorghatrespondto the local structural
information of an image. Differential geometryis a mathematicatool that usually allows
a formal constructionof such operatorsin an isotropic neighbourhood. Since the image
representatiorwe usedwas non-isotropicand at the time we startedthis work there was
practically no differential geometryresultsavailable for log-polarimages(the preliminary
stepstoward this have beentaken by Fischl et al [FSC97 in the comple-log domain),we

decidedo take analternatve route,basedon learning.

The log-polarrepresentatiomsedin this thesiscanalsobe seenasa specialcaseof a scale-
spacédn whichscalechangesrespacevariant. Pyramidtechniqueslik e thatproposedy Burt
andAdelson[BA83], have alsosomerelationto ourwork sincethe Gaussiatiiltering thattakes

placeat multiple scaleswhenderiving the pyramid imagestructuremay be comparedo the
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overlappingGaussiarreceptve fields of ourimagerepresentationLik ewise with Gaussiar

Laplacianpyramids,our representatioalsoinvolvesblurring theimage.

A generaldifferencebetweenprevious approachesandthe one adoptedn this thesisis that
we have useda model which tries to captureinterestingpropertiesof the primate visual
systemarchitectureMost previousresearcthasuseda Cartesiarfeaturespacevhereasve are
detectingeaturesn alog-polarspacewhichis notsoconvenientfor theextractionof features
like edgesor barsin thetraditionalsensausedin MachineVision. Anotherspecificdifference
is that our aim is to classify several differentfeatures,in additionto edges,at a numberof

differentorientationsandcontrastswhich makesmodellingthefeaturesa difficult task.

Learningclassesf objectmodelsis a problemthat hasreceved greatattentionfrom both
MachineVisionandPatternRecognitiorresearchHowever, to date,noonehasyetstudiedthe
autonomousicquisitionof visualgeometric2-D modelsby takingadwantageof theinteresting
propertieof anattentionchangingvision systemwith a primal-sletchlog-polarbasedmage
representationMoreover, theinferenceof rigid bodyrelationsbetweerthesemodelsis alsoa

subjectthathasrecevedlittle or no attentionin theliterature.

Given the above, one of our two main goalsis to usea learning-base@pproacho extract
primal sketchfeaturesrom log-polarimagesn orderto derive arich representatiothatcould
be usedfor attention,matchingand structurelearning. The othermain goalis twofold: (a)
to designan algorithm for usingthe above imagerepresentationo constructa databasef
geometricobjectmodelsfrom a sequencef scenesand, mostimportantly (b) to devise a

solutionto the problemof how to infer rigid body objectrelationsby looking at this database.

In orderto achieve thesegoals, our first stepwasto designand implementa biologically
inspiredretina-like imagerepresentatiothatwould take advantageof the inherentproperties
of log-polarimagesdiscussedbove. The following chapterdetailsthe structuraldesignand

functionalaspect®f thisimagerepresentation.



Chapter 3

Retina-Like | mage Representation

Human Vision is both active and space-variant. Recent interest in exploiting these
characteristics for machine vision naturally focuses attention on the design parameters
of a space variant sensor.

A. RojerandE. Schwartz[RS90]
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This chapter presents an image representation which is inspired by the mammalian retina.
This representation improves the image representation used as main input to the iconic vision
system considered in this thesis. Initially, the motivations and considerations for developing
such a representation are given. Then the structural details are described and finally the overall

functionality and properties are presented and exemplified.
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3.1 Motivations

In the previous chapterlog-polarimageswerepresentedsa biologically inspiredalternatve

to thetraditionalCartesiarimagerepresentatiom iconic vision.

SomeauthorsJike SandiniandTristarelli[ST92, Grove andFisher[GF9§ andmary others,
preferreda simpler yet moretractable formulationfor the log-polarrepresentationUsually,
the choicefor a simpler model occursbecausehe primary goal is to implementprinciples
thatcanproducea clearpracticalbenefitandnot just to build a detailedmodelof a biological

system.Sometimeghis choiceis alsolinkedto implementatiorandperformanceonstraints.

Ontheotherhand,authordike RojerandSchwartz[RS9(, demonstratethterestin modelling
partsof thebiologicalvision systemnot only with the purposeof incorporatingits interesting
propertiesinto an artificial system but alsoto helpimprove the understandingf the natural
one. In the latter case modelssometimesare more comple, computationallyexpensve and

their componentslon't necessariljhave a clearpracticalusein arealartificial system.

Becausdhe main objectives of this thesisare mostly relatedto the areaof MachineVision,
thereis no explicit intentionin creatinganimagerepresentatiothataccuratelymimicstheone
humansandotheranimalsuse. Therefore theimagerepresentatiodevelopedin this chapter
althoughinspiredby the humanretina,is mainly intendedto helpimprove the representation
whichis inputto theiconic vision system{ GF9g usedasframework to the practicalissuesof

thisthesis.

At theendof Chapter2, thisiconic vision systemwasdiscusse@ndsomecriticism presented.
Amongstthe problemsencounteredsomewere directly relatedto the imagerepresentation
used. The retinawasentirely modelledasa log-polarimage,which simplified the matching
andattentionalgorithms but becauseeceptve fieldswithin the centreof thefield of view had
varying sizes,finding and matchinghigh resolutionfeatureswas not possible. Also, a poor
receptve field function was usedand no treatmentwas given for estimatingthe reflectance
informationin the scenesn orderto acquiresomedegreeof invariancewith respecto scene

illumination conditions.

Themainpurposeof this chapteiis to dealwith theabore problemsandpresenamathematical

specificatiorfor theimagerepresentatiodeveloped.In thenext section the structuralaspects
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arepresentedgoncentratingn thefunctionsfor transformingandaccessingixelsin this new
representationThen,in Section3.3, the aspectgelatingto the receptve field function and
reflectancanformationare discussed.This chapterconcludeswith an exampleshaving the

imagetransformationgsppliedto realimages.

3.2 Structural Design

Internally the humaneye (aswell asthe eye of mary otheranimals)hasa photo-receptocell
mosaic,namedthe retina, which is responsiblgor receving input light signalsand passing
themto layersof ganglionneurons. Theseneuronsperform somekind of pre-processing
before sendingsignalsto the visual cortex. Eachof theseneuronscollectsthe outputsof
mary photo-receptorsver anapproximatelycircularareacalledits receptve field. Roughly
the humanretinais formed by two concentricregions. The innermostregion, namedthe
fovea, canbe approximatedasa setof receptve fields hexagonallydistributedin a maximal
uniform packingdensity Theouterregion canbe approximatedy receptve fieldsdistributed
hexagonallywith anexponentiallydecreasingamplingdensity Figure3.1 present@ diagram

of theretinastructuredescribedn this chapter

3.2.1 Fovea

Thefoveais theinnermosiandmostdensepartof theretina.In thefovea,receptve fieldshave
the sameradiusf. As they arecircular regions, to assurea completesamplingof the input
image,eachreceptve field overlapsby a certainpercentagé of its diameterwith all of its

neighbours.

A polarlike coordinatesystemis usedin the foveato facilitatethe namingandaccessinghe
neighbourhooaf areceptve field andalsoto maintainconsisteng with thecoordinatesystem
usedoutsidethe fovea,which is naturallypolar A neighbourhoods definedasa setof rings
(“hexagonalrings”) surroundinga receptve field, andthe positionof a specificneighbourin a
ring is givenby anangulardisplacementThe hexagonaldistribution of receptve fieldscanbe
viewedasasequencef concentriaingsin which eachring containsa multiple of sixreceptve

fields. Within this contet, the whole foveastructureis composedf a centralreceptve field

surroundedy anumberof receptve field rings, seethe centralportionof Figure3.1
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Figure3.1: Retinastructure.In orderto enhanceletails,the retinaparametersisedto drav
this picturearedifferentfrom thoseactuallychoserfor the experiments.

Figure3.2: Polarcoordinatesn thefovea.
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Theradiusin the polarcoordinatesystemis representeddy anintegerindicatingthering. The
angleis representetly anintegerwhichindicateshepositionof areceptve field within aring.
This positionis obtainedoy numberinghereceptve fieldsanti-clockwisefrom thetop middle
receptve field (at 90°). The neighboursof a specificreceptve field arenamedandaccessed
by usinga local polar coordinatesystemwhich is centredon that receptve field. Receptie
fieldsin the contet of thewholefoveaareaccessedly usinga globalpolarcoordinatesystem
centredon the innermostreceptve field of the fovea. For example,in Figure 3.2, the first
six local neighbourg(in local polar coordinates)1,0), (1,1), (1,2), (1,3), (1,4), (1,5) of
the receptve field centredat globallocation(1, 1) are,in the global polar coordinatesystem:

(2,1), (2,2), (2,3), (1,2), (0,0), (1,0), respectiely (seeFigure3.3).

An auxiliary non-orthogonatoordinatesystemwhichis calledherethe hexagonalcoordinate
system|s usedfor easingthe corversionbetweerthe local coordinatesystemandthe global
one, seeFigure 3.3 Note that the figure shavs one of the six possibleorientationsfor the

coordinatesystemwhich hasbeenchoserarbitrarily.

Figure3.3: Hexagonalcoordinatesystemin the fovea.

Thefollowing equatiorshavs how to corvertapoint (n,s) in polarcoordinategFigure3.2) to

hexagonalones(Figure3.3):
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( (n—s,n) if0<s<n
(n—s,2n—s) ifn<s<?2n
(—n,2n—79) if 2n<s< 3n
H(n,s)={ (s—4n,—n)  if3n<s<4n (3.1)
(s—4n,s—5n) if4n<s<b5n
(n,s—5n) if 5Sn<s<6n
L (0,0) ifr=s=0

wheren is anindex to thering andsis anindex to the sectorwithin thefovea.

TheinversetransformatiorH 1 is:

([ (,y—X) ifO<x<y
(Yy=xy—2x) ifx<0<y
(—=x,—2x—y) ifx<y<0

HH0y) =4 (—%—4y+x)  ify<x<0 (3.2)
(x—y,5x—4y) ify<0<x
(X,y+ 5x) if 0<y<x
L (0,0) ifx=y=0

The next stepis to expressthe neighboursof an arbitraryreceptve field in the foveain terms
of theglobal polar coordinatesystem.The numberof receptve fieldsin a givenring n of the

foveais:
A 1 ifn=0
F(n):{ 6n if0<n<N (3:3)

whereN is thetotal numberof ringsin thefovea.
Thelocal neighbour(n',s') of thereceptve field (n,s) canbeviewedin globalcoordinatedby
corverting both coordinatego hexagonalones,translatingthe neighbourcoordinatesy the

centralreceptve field coordinatesandthen converting the resultbackto polar coordinates.

Equation(3.4) specifieghis operation:

G(n',9,n,s) = HXH(,¥) +H(n,s)) (3.4)
where0 < ' < (N—n) and0< s < F(r).

The mappingfrom the hexagonalcoordinatesystemto the Cartesiaronecanbe viewed asa
rotationof they axisby anangleof 11/3 radiansanda rotationof thex axisby anangleof 11/6

radians:
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C(x,y) = (x cog{T/6) — ysin(T/3), xsin(T/6) + y cogT1/3)) (3.5)
Sofar, receptve fieldshave beenconsidere@spointsof infinitesimalareain agivencoordinate
system.In orderto completethe foveastructure,it is now necessaryo take into accountthe
receptve field radiusf, which is constantall over the fovea,andalsothe percentag®verlap
(6) with its neighbours.This canbetrivially doneby introducinga scalefactorinto Equation
(3.5. It is reasonabldo think that Equation(3.5) gives coordinatedor the receptve field
centres. The appropriatedisplacemenbetweenthe centresis obtainedby scalingup those
coordinatedy afactorwhichis equalto thereceptie field diameter2f. It is alsonecessaryo
scaledown theoriginal coordinatesy factorof (1 — 6) whichis proportionalto the overlap6
alongthe diametersof two adjacentreceptve fields. The adjustedmappingfunctionis shavn

in Equation(3.6).

C(x,y) =2F (1—06) (xcogm/6) — ysin(1/3), xsin(T/6) + ycog1/3)) (3.6)

The last coordinatesystemcorversionthat needsto be specifiedis the one that obtainsthe
Cartesiarcoordinate®f thereceptve field centredrom their ring andsectorindexes. This is
easilyimplementedyy a compositionof two of the functionsalreadyspecified.First, thering
andsectorinputsare corvertedto hexagonalcoordinatesEquation(3.1). Then,theresultis

corvertedto CartesiarcoordinatesEquation(3.6):

Q(n,s) =CoH(n,s) (3.7)
Finally, theradiusof thering which passeshroughthereceptve field centresof agivenring n

within thefoveais givenby:

R(N)=n2f (1-0) (3.8)
Threeinput parameterganbeidentifiedfrom the definition of the foveastructure:the radius
of thereceptve fieldsf, thetotal numberof ringsN andtheoverlapbetweeradjacentecepte

fields6. All thefoveaparameteraresummarisedn Table3.1
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Parameter Type Description
F input radiusof eachreceptve field
N input numberof concentrichexagonalrings
6 input overlapbetweerrecep fields
F n) Eq. (3.3 | numberof recep.fieldsin agivenring n
é(n’,s’, n,s) | Eq. (3.4 | recep.field neighbourn polarcoordinates
Q(n,s Eq. (3.7) | recep field centrein Cartesiarcoordinates
R(n) Eq. (3.9 radiusof ring n

Table3.1: Foveaparameters

3.2.2 Outsidethe Fovea

Outsidethe fovea, it is corvenientto have receptve fields also organisedin an overlapping
hexagonalstructurewhich causeseighboursof a receptve field to be uniformly displaced,
thoughthe primateretinadoesnot necessarilymplementthat'. As insidethefovea,receptve
fields may be viewed asa sequenc®f concentricrings, differing from the foveain the sense
that hereeachring containsthe samefixed numberof receptve fields F, seeEquation(3.9).

Theradiusof thefirst ring in the outerregion R(0) is equalto thelastring radiusin thefovea,

seeEquation(3.10.

F=F()=F(N-1),¥nel...N (3.9)

whereN is aninput parametewhich definesthe numberof rings outsidethe fovea.

R(0) = R(N —1) (3.10)

A new enumeratiorfrom 0 to N is usedoutsidethe fovea. Thering N — 1, seenwithin the
fovea,is the sameasthering 0 seerfrom the out-foveaperspectie. In asubsequergectionof

thistext, the notationbeingusedwill thenbeunifiedto describeheentireretina.

To assurea completesamplingof the field of view, receptve fields overlap by a certain
percentagef their diametemwith bothradialandangular(concentricheighboursWe assume

this overlapwill beidenticalto theoneusedin thefovea:

1 overlappingandhexagonalpackingmightbevalid for parasolganglionneuronsn theretina,but notfor midget
neuronsfor furtherdetailssee[Wan93.
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=06 (3.11)

In contrasto whathappensvithin thefovea,wherethereceptve field radii areconstantjn the
outerregion the radii increasegeometrically As a result,the radiusof aring n is a constant

B > 1 timestheradiusof thepreviousring.

R(n) =BR(n—1) (3.12)

Thusit is possibleto expresstheradiusof the ng, ring in termsof the radiusof ring 0 outside

thefovea:

— B"R(0) (3.13)

Eachpair of adjacenteceptve fieldsin a specificring definesananglebetweertheir centres
andtheretinacentre which is calledby the characteristi@ngle®. Thisis 27t (thefull circle)

divided by thenumberof receptve fieldsin ary ring outsidethe fovea:

21

6= = (3.14)

A hexagonalpackingoutsidethefoveais obtainedoy shifting theangleof thesy, receptvefield
in ring n by half of the characteristi@nglein all evenrings (this dispositionis alsoknown as

triangulartessellation):

A(s,n) =s6 + (1—n%2) (8/2) (3.15)

where% is theremaindeioperator
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As far ascoordinatesystemsare concernedthis tessellations not compatiblewith the one
insidethefoveadueto thefactthatit doesnt comply with the structureof a centralabsolute
receptve field surroundedby rings of neighboursin multiples of six - thereis no sucha
centralreceptve field outsidethe fovea. Therefore we cannotreusethe neighbouringscheme
developedfor the fovea. Thus, it is necessaryo specifya new functionfor corverting local
coordinatedo global onesoutsidethe fovea. This canbe accomplishednore easilywith the
supportof anauxiliary coordinatesystemin the form of a helix whichis shavn in Figure3.4.
Thefirst coordinateh is the numberof the segmentof spiralandthe secondn, is the sameas

theradiususedin the polarcoordinatesystem.

Initially, it is importantto specify how to convert from the global polar coordinatesystem
(n,s) to the auxiliary one (h,n) andvice-versa,this is shavn in Equations(3.16 and(3.17),
respectrely. Thereasorfor usingthe CIRC() functionis to take into accounthefactthatthe

axish ands arecircular i.e., afterreachingthe valueof F — 1, they jump backto thevalueO.

L(n,s) = (CIRC(s—INT((n+1)/2)), n) (3.16)

~Yh,n) = (n, CIRC(h + INT((n+1)/2))) (3.17)

wherethefunctionI NT () truncatests alumentdovnwardto thenearesinteger. Thefunction

CIRC() is definedasfollows:

CIRC(X) = (x+F) %F (3.18)

F is addedto x in orderto convert somenegative coordinategyeneratedy equation3.16to
positive ones,it hasno effectwhenx is positive. This corversionis neededecausehe h-axis

(Figure3.4) acceptnly positive coordinates.

Thenext stepis to specifyhow to corvert local polar coordinatego relative displacementmn

theauxiliary coordinatesystem.This is presentedn Equation(3.19.
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(8,n'—9) ifo<s<n

(n',n' —9) if ' <s <2
(3 —¢,—n) if 2n' <8 < 3nf
(3 —¢,s —4n) if 3n' <& < 4an
(
(

D(n,g) =4 (3.19)
—n',s —4n') if 4n’ < < 5nf
s —e6n,n) if 5 < < 6n

In orderto obtainthe neighbour(n',s) of a receptve field (n,s) in global coordinatespne
needsto convert (n,s) to the auxiliary coordinatesystemand (n', ') to displacementin the
auxiliary coordinatesystem.Thefinal outputis the sumof the previous two resultsconverted

backto the globalpolarcoordinatesystem seeEquation(3.20.

G(n',g,n,9) = L~Y(L(n,s)+D(n,s)) (3.20)

where0 < n' < MIN(n,N—n) and0 < § < F(r’); MIN returnsthe minimumvalueamongst

its amguments.

TheCartesiarcoordinate®f areceptve field centreindexedby ring andsector(n, s) is simply

astandardolarto Cartesiartransformatiorof its ring radiusandactualangle:

Q(n,s) = (R(n)cogsB), R(n)sin(sB)) (3.21)
Thefinal parameteto becalculateds B whichis constrainedy thefollowing question:what
is the value of B which assureghe sameradial and angular(concentric)overlap between

adjacenteceptie fields? Theanswelto this questions presentedh thefollowing paragraphs.

Angular overlap

The characteristicangle can be usedto specify the angularoverlap betweentwo receptve
fields. Figure3.5 shavs thedistanced(n) betweertwo adjacenteceptve fields of centrespl

andp2. By meansof simpletrigonometrypl and p2 canbe expresseds:

pl = (R(n)cogB),R(n)sin(6)) (3.22)

p2 = (R(n)cog0),R(n)sin(0)) = (R(n),0) (3.23)
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Figure3.4: Accessingeceptve fieldsoutsidethe fovea. The polarcoordinategn, s) denoting
rings and sectors,respectiely, are indicatedby the pairs of numbersprinted inside each
receptve field. The coordinates(h,n) are usedto easythe processof calculating the
neighbourhoodf a receptve field in polar coordinatesn denoteghe rings, as before,and
h are the numberedines resemblinga helix in the picture. The shadwved receptve fields
representaneighbourhooaf radius2 centredon thepoint (4,1).
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pl,p2: adjacent receptive fields centre:
p0=(0,0): retina centre

Figure3.5: Angular(concentric)overlap.

An expressiorfor d(n) is easilyobtainedrom thedistanceetweertwo pointsin theEuclidean

space:

dn) = pL,p2|

= /(Rin)cog(®) — R()2 + (R(n)sin(6) — 0)?
— R(N)/2(1-cog0)

= 2R(n)sin(6/2) (3.24)

Substitutingthe valueof R(n) above from Equation(3.13 leadsto:

d(n) = 2 B"R(0)sin(6/2)) (3.25)

Thenext stepis to calculatethereceptve field radiusin termsof d(n) ando. Figure3.5shavs
theparametersdefiningtheangularoverlap. Thevalueof x (theabsoluteoverlap)is definedas

the overlapfactoro timesthereceptve field diameter2r(n):

x=0(27(n)) (3.26)

Thus, the distanced(n) betweerntwo adjacenteceptve fieldsin a givenring n is the sumof
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the two radii minusthe absoluteoverlapx:

d(n) = r(n)+r(n)—x
= 2f(n)-0(2fn)
= 2f(n) (1-0) (3.27)

By combining Equations(3.25 and (3.27), it is possibleto derive an expressionfor the

receptve field radiusin ring n:

) = B" ((i)iin(e/z)

—~~ |

(3.28)

xSJ

Radial overlap

The radial overlap can be definedin a similar way. Figure 3.6 shavs the radial overlap
parameter$or producingatriangulartessellation The expressiongor pl and p3 aretrivially

calculateds:

pl = (R(n)cog6/2),R(n)sin(8/2)) (3.29)

p3 = (R(n+1)coq0),R(n+ 1)sin(0) = (R(n+ 1),0) (3.30)

Thedistanced’(n) betweerthetwo adjacenteceptve fields,with centresn ringsn andn—+1,

is againdefinedasthe distancebetweertwo pointsin the Euclidearspace:

d'(n)

L, p2||
— /(Rincos8/2) —R(n+1))2+ (R()sin(6/2) — 0)?
= R(n)y/B2 - 2Bcog8/2) +1 (3.31)

In Figure3.6, theabsoluteoverlapx is, by definition,the overlapfactoro timesthe sumof the

two receptve field radii.
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pl,p3: adjacen\t ?éc’e/p)tive fields centres
p0=(0,0): retina centre

Figure3.6: Radialoverlap.

X = o(r(n) +r(n+1)) (3.32)

Asin theangularoverlapcalculationd’ (n) is againthe sumof thetwo radii minustheabsolute
overlapX, seeEquation(3.33. The main differencehereis that the receptve fields have

distinctradii.

d'(n)=r(n)+r{n+1)—x (3.33)

Valuesfor r(n) follow the samegeometricalprogressiorof R(n), thereforefrom Equation
(3.12:
r(n+1) =Br(n) (3.34)

By substitutingequationg3.32 and(3.34) into Equation(3.33) it is possibleto derive another

expressiorfor d(n):

d(n) = Fn)+Bn) - &(F(n) +Fin+ 1))
= 1(n)(1+B)(1-0) (3.35)
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It is possibleto derive anexpressiorfor r(n) by combiningEquationq3.31) and(3.35:

R(n),/B2 — 2Bcog6/2) + 1

r(n) = 1+B)(1-0) (3.36)
Substitutingthe valueof IR7(n) from Equation(3.13 leadsto:
Fln) — B"R(0)+/B2 —2Bcog6/2) +1 (3.37)

A0

Calculating B

Finally, we combinethe equationgfor r(n) in both radial and angularoverlap formulations,

Equationq3.28 and(3.37), respectiely:

B"R(0),/sin(6/2)  B"R(0),/B? — 2Bcog6/2) + 1 (3.38)
(1-0) B (1+B)(1-0) '

Solvingtheabove equatiorfor B, leadsto a pair of solutions(a plus® solutionanda minuse

solution):

_ (sin?(8/2) + cog8/2) £5sin(8/2),/2c0g6/2) + 1
B= co2(8/2) (3.39)

It is easyto concludefrom subsectior8.2.1thatthe smallestnumberof receptve fieldsin the
lastring of thefoveais 6, andtherefored is constrainedo therangeO < 6 < 11/3. As aresult,
the © solutionof the above equationimplies 0.33 < B < 1, which is inappropriateasB < 1
causegings of receptve fieldsto grow inward (Equation(3.13) andreceptve field areasto
becomesmaller(Equation(3.34). The @ solutionimplies1 < B < 2.24, which causesings
to be positionedaway from the retinacentreandreceptve field areasto getbigger which is

thedesiredbehaiour.

From Equationg3.39), (3.14) and(3.9), it is clearthatB is a function of the numberof rings
in thefovea. Thus,thereis only oneinput parameteneededo definethe outerretinalregion,
which is the total numberof rings outsidethe fovea(N). All the remainingparametersire

obtainedfrom the fovea definition. Additional measurementsan be easily derived. For
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example, the diameterD of the entireretina, including the radiusof the receptve fields in
the last ring can be expressedn termsof the alreadycalculatedparameterssee Equation

(3.40. Table3.2summarisethe out-of-foveaparameters.

D=2(RIN—1)+r(N—1))

Parameter Type Description
N input numberof ringsoutsidethefovea
F(n) Eq. (3.9 numberof recep fieldsin agivenring n
_(O) Eq. (3.10 radiusof thefirst out-fovearing
o Eqg.(3.1) overlapequalgto foveaoverlap
Ii(n) Eq. (3.13 radiusof a givenring n
r(n Eq. (3.39 recep field radiusof agivenring n
B Eq. (3.39 exponentialbasefor recep.fieldssizes
0 Eqg.(3.19 characteristi@angle
_A(s,n) Eq. (3.15 | angleof recep field in sectors of thering n
G(n',s,n,s) | Eq.(3.20 | recep.field neighbouiin polarcoordinates
(n,s) Eqg. (3.2) | recepfield centrein Cartesiarcoordinates

Table3.2: Out-foveaparameters.

3.2.3 The Entir e Retina

A unified notationfor the entireretinais provided here. The numberof receptve fieldsin a

givenring n, from Equationq3.3) and(3.9), is now:

1 ifn=0
F(n)=4¢ 6n ifn<N
F(N—1) otherwise

As the overlap factors6 and o are the samefor the entire retina, they receve the same

(3.41)

denominatioro. FromEquationg3.8), (3.10 and(3.13, theradiusof agivenring nis:

R(n) = {

FromcombiningEquationg3.7) and(3.21), thereceptve field centrein Cartesiarcoordinates

2fn(1-0) ifn<N

B-NR(N—1) otherwise (3.42)

canbeexpresseds:
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if n<N
otherwise

_ éo I:|(n,s) _ _
Q(n,s) = { (R(n)cogsB), R(n)sin(sH))

FromEquation(3.34) andTable3.1, thereceptve field radiusof a givenring nis:
() = F if n<N
~ | r(n—1) B otherwise

Equationq3.4) and(3.20 canbeunifiedasfollows:

G(n,8,n,s) = { L—l(_(r(1,s 4
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(3.43)

(3.44)

(3.45)

It is moreintuitive to have an input parametedefiningthe total numberof rings presentin

the retina. Lets call this parameteby N, anddiscardthe older N, which definesthe number

of ringsin the outerretinaregion. The following equationshavs the relationshipN andthe

previous parameteN (the -1 valuein the equationis to take in accountthe fact thatthe first

ring outsidethefoveais equalto the lastring insidethefovea):

N=N+N-1

Finally, Table3.3 summariseshe unifiedretinalnotation.

Parameter Type Description
F input fixedradiusof eachfovealreceptve field
N input numberof concentriaingsin thefovea
N input numberof rings of theentireretina
o] input overlapbetweerreceptve fields
r(n) Eqg. (3.49 receptve field radiusof agivenring n
F(n) Eq. (3.41) | numberof receptve fieldsin agivenring n
R(n) Eq.(3.42 radiusof agivenring n
Q(n,s Eq. (3.43 | recep.field centrein Cartesiarcoordinates
G(n',s,n,s) | Eq.(3.45 | recep.field neighbourin polarcoordinates
B Eq. (3.39 | exponentialbasefor thereceptve field size
D Eqg. (3.40 retinadiameter

Table3.3: Unified retinalparameters.

(3.46)
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3.2.4 Log-Polar Representation

A log-polar representatiorcan be seenas a Cartesianimage whose horizontal axis (log)
representghe logarithm of the distanceof a receptve field centrefrom the retina centre,
the vertical axis (polar) representshe receptve field angulardisplacement.Thus, a rotation
equialentto k entiresectordn theretinal spacds equivalentto a translationof k unitsin the
polar axis (1 unit denoteghe anglebetweenary two adjacentsectors) whereasa changen

scaleof BP in theretinal spaceis equivalentto a translationof p unitsin thelog axis (1 unit
denotedog(B)). As discussedn Chapter2, alog-polarrepresentatiomanbe regardedasa
mathematicahpproximatiorto the mappingfrom receptve fieldsin the mammaliarretinato

neurongn thevisualcortex (alsoknown astheretino-corticaltransform)[Sch77 Wil83].

Figure3.7 shawvs the mappingof a5 ring retinacontaininga 3 ring fovea.

Out-fovea
Fovea |59 nolar

Y(Sectors 21131341
2,103,104,10

2,93,94,9
15283848
1,4273,14,1
1,32,63,44,6
0012253545
1,12,43,44,4
1,02,33,34,3
2,43,24,2
2,13,14,1
2,03,04,0

X(Rings)

Figure3.7: Mappingof a5 ring retinacontaininga 3 ring fovea. No overlappingwasusedin
orderto simplify thefigure. In theimageto theleft, only the out of foveaareais log-polar

3.3 Functionality

In this section the functional aspectsof the representationare discussedFirstly, the
formulation of the receptve field function is presented.Then, a methodfor estimatingthe
local reflectancenformationfrom imagesis proposed. The sectionendswith the mapping

from Cartesiano retinalimagesandvice-versa.
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3.3.1 Receptve Field Function

Therehasbeenmuch study aboutthe mammalianretinal ganglioncells [Tro93 EC93. In
general thesecells computesomekind of integrationover circularareag(or receptve fields)
of photoreceptors.n our representationthe ganglioncomputationis approximatecdy the

following equation:

O((Zﬂar) = z I(Xay)F(X_)Cy_Y) (347)
()24 922

whereO is the outputfor the receptve field of radiusr centredat the point (x,y) of theinput

image,l is thepercevedintensityandF is thereceptve field function.

One of the simplestfunctionsthat canbe usedin the computationof the receptve valuesis
the uniform averagingfunction[GF94. A more biologically plausiblealternatve, which is
investigatedn thiswork, is thenormalisedsaussiariunction, Equation(3.48), whoseintegral

is approximatelyequalto 1 whenintegratedover a circularareaof radiusr = 30:

1 2
Fixy) =€ = (3.48)

3.3.2 Providing Support for Estimating the Reflectancelnf ormation

Thehumanvisualsystemcomputesaanapproximatecolourconstanyg, andthisimpliesthatthe
visual systemis somehwv ableto extractinformationaboutthe invariant surfacereflectance
of objects(almost)independenthof changesn illumination andscenecompositionHur92].
It is not yet clearto whatextentthis mechanisnmdependn processeghattake placewithin
single photoreceptorsandto what extentit dependson processegssociatedvith the spatial

interactionwithin theretinalnetwork [SKP93.

A methodusedto help estimatethe original reflectancenformation of objectsis proposed
here.lt is basednthehypothesighatlight adaptatioroccursatthe sensotevel. In thesimple
situationwherea planarscends only composef a groupof patchesf constanteflectvity

(Mondrianworld), thesceneaadianceor brightnesd (x,y)) ataparticularpointis proportional

to the productof theirradiancefalling onthe object(E(x,y)) andthereflectancef the surface
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(Rx,Y)):

1(%,y) = E(XY)R(X,Y) (3.49)

Eachreceptve field in the retina can be viewed as a locally planar representatiorof the
three-dimensionateal world. By assumingthe imageprojectedinto eachreceptve field is
from a Mondrian scene,it is possibleto estimatethe original reflectancanformation from
the surfaceseggmentsrepresenteth eachreceptie field [HB89]. The methodcommonlyused
for extractingthe reflectancanformationfrom Mondrianimagesis basedon the hypothesis
thatsharpchangesn intensityof theimagescorrespondo surfacereflectancehangeswyhile
smootherchangesn intensity correspondo illumination changes.The goalis to develop a
modifiedmethodfor extractingthe reflectancavhich takesadwantageof somepeculiaritiesof

theimagerepresentatioadopted.

Assumingthe above, it is possibleto approximatelyisolatethe logarithm of the reflectance
information by taking the logarithm of the intensitiesin the integration processcarried out
in the receptve fields. Equation(3.51) shaws the resultingreceptie field computation.The
log(E) termin Equation(3.5J) is nearly constantover local imageregions andthen makes
the receptve field computationO’ a good approximationfor the weightedlogarithm of the

reflectancenformation. Thederiation of this resultis detailedbelow.

Applying thelogarithmfunctionto the Equation(3.49 leadsto:

log(l(x,y)) = log(E(xy)R(XY))
= log(E(x,y)) +10g(R(x,y)) (3.50)

Thensubstitutingequation(3.50 in (3.47), andassuminghat:

e E =E(x,y) is nearlyconstangll over thereceptve field area,and

e F(xy) is the Gaussiarfunctionwith ¢ = 3, which hasapproximatelyunit integral in

thecircularareaof radiusr,

we have:
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o((xy),r) = > (log(E(xY)) +10g(R(xY)))F (x—Xy—Y)
(x-X)2+ (T-5)<r?
= log(E) + > log(R(x,y))F (Xx—=X,y—Y) (3.51)

(x=X)2+(y—y)2<r?

which representsa reasonableapproximationfor the logarithm of the reflectanceplusa
slowly varying constanwithin the receptve field area.Sincethe featureextractionoperators
describedn thenext sectionhave 1) linearpre-processin@ theinitial projectionstageand?2)
the projectionweightssumto approximatelyzero,thenthe projectionof thelog(E) termsin
a featureneighbourhoodvill alsobe approximatelyzero. Thusthe featureswill be detected

primarily basedon thereflectancestructurepresenin the neighbourhood.

The function I (x,y) is quantisedwithin the range0..255, so it is necessaryo dealwith the
singularityof the logarithmfunction at the pixels of intensityzero,log(0) = —c. We simply
assumeog(0) = log(1) = 0, which hasthe only consequencef makingtheintensitiesO and
1 indistinguishable WhenlI (x,y) is zero,from Equation(3.49), it is impossibleto determine
whethertheirradianceE (x,y) or thereflectanceR(x,y) is zero,or both,thereforethis pointis
notimportantin our computationsin orderto normalisethe outputof the logarithmfunction

to therange0..255we usethefollowing function:

log(l (%))

I'(x,y) = 255 l0g(255

(3.52)

3.3.3 Mapping from Cartesianto Retinal Images(Foveation)

In orderto allow for maximumflexibility duringtheexperimentaphaseof thethesistheimage
representatiodiscussedn the previous sectionavasimplementedn software. Nevertheless,
therewould be no serioustechnologicabarriersin deriving a hardwareimplementatiorfrom
it in thefuture (take for instancethe CCD implementatiorfoundin [dSKC'89], andthenewer
CMOSonefoundin [Par94).

It isassumedor thepurpose®f thisthesisthatimagesareacquiredoy meansf thetraditional
sensorarchitecture e.g., usinga CCD camera. This implies that therehasto be a way of

corverting inputimagesinto retina-like ones.The following equationshavs how to compute
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thevalueof areceptve field (V (n,s)) givenapairof indexesn andsfor theirring andsectoy so
thattheentirefield of view canbecornvertedby justvaryingtheindexeswithin theappropriate

ranges:

V(n,s) =0(Q(n,s),r(n)) 0<n<N,0<s<F(n) (3.53)

wherefunction O is definedin Equation(3.51).

3.3.4 Mapping from Retinal to Cartesian Images(Defoveation)

Becausén Equation(3.53 mary input Cartesiarnntensitiesunderareceptve field aremapped
into asinglevalue,this functionis not mathematicallynvertible. An inversetransformwould
be very useful for visualisingresultsand also for producingdatasuitablefor an attention
mechanismOneway to getaroundthe problemis by replicatingeachretinal pixel all overits

correspondingeconstructedeceptve field area:

W(xy) =V(n,s) (3.54)
where:0 < n < N,0 < s < F(n) and (x—Qx(n,9))? + (y—Qy(n,s))? < r(n)2.

Oneproblemwith this approachis thatbecausef the receptve field overlapping,a pixel in
the Cartesiarspacecould be assignedh valuemorethanonce. A straightforvard solutionto
this problemis to averageary overlappingpixels. A more elaboratesolutionis to usethe
intersectionpointsbetweerthe receptve field boundariesasthe verticesfor hexagonshaped
pixels,sothatno overlappingoccurs.Figure 3.4 givesanideaon how thesehexagonalpixels

canbederiedfrom theretinastructure.

Finally, if one needsto usedeforeatedimagesto createan interestmap of the scene,the
previoustwo approachemightnot be appropriatentheirown. An interestmapis essentially
a Cartesianimage, of the samesize of the input scene,that indicatesthe mostinteresting
regionsto be analyseditheseregionsareindicatedby the high valuedpixels within the map.
An interestmapcreatedisingEquation(3.54) would have too mary pixelswith thesamehigh
values(asthe equationusesa pixel replicationstratgy), thereforeblurring the choicefor a

regionto beattendedIn orderto minimisethis problem,insteadof replicatingpixelsall over
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areceptve field, a bell shapedunction (like a Gaussiarfunction) alignedwith the receptve
field centrecanbe usedto weight pixels so that their valuesdecayasthey move toward the

receptve field periphery

3.4 Retina Parametersand Example

This sectionpresent@aninputimagere-sampledhroughthe useof aretinastructuredefinedas
before(seeFigure3.8). For this exampleandfor the restof the experimentsdescribedn this
thesis,the foveawasdefinedashaving 11 rings of receptve fields, with eachreceptve field
having aradiusof 0.5 of a pixel. The entireretinahas48 rings of receptve fields distributed
accordingto Equation(3.42. Eachreceptve field overlapswith ary of its neighboursby
approximately60.4%of its diameter Theseparameterproducea B of approximatelyl.095
andthediameterf theretinalmaskis about256 pixels coveringa circular region of theinput
Cartesianimage. The valuesof the receptve field overlapand B have both somebiological
plausibility (see[Wil83], [Sch77 and[RS9(Q for someinsights) whereatheotherparameters

werechoserfor the merecorvenienceof having a Cartesiarcoverageof 256 pixelsdiameter

The foveacoversan areaof approximately9 pixelsin diameterwhich corresponds$o about
0.12% of the whole retinal area. Sincethe areaof the foveawe definedis very smallwhen
comparedto areaof the entire retina, we would like to briefly commenton our choiceto
explicitly modelthe fovea. When designingour imagerepresentationve had two options:
1) eitherto explicitly modelthe foveaasa uniform samplinggrid like, for instance [ST97

and[SL97] did; or 2) justassumehatthe receptve fieldswithin the centralareawould be of
approximatelythe samesize dueto the slowly varying exponentialprogressiorcloseto the

origin, likein [GF94, [LWV97], [FCS98 and[FSC97, for example.

We decidedor thefirst option,sincewe wantedour representatioto beasgenericaspossible.
At ary time, we can get to the secondrepresentatiofy just choosinga sufiiciently small
receptve field radiusor lower the numberof rings in the fovea, as we actually did during
the experiments whenchoosinga very small foveaarea. Sincehexagonalpackinghappens
bothinsideandoutsidethe fovea,the primal sketchfeatureextractionoperatorsdescribedn
Chapter4 can be indistinguishablyusedin both regions, apartfrom the 2 rings locatedat

the transitionbetweenthe foveaandthe outerregion, wherethe hexagonalgeometrybreaks.
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Receptie fieldsin this transitionareaalwaysreceve zeroeglowestintensity) by the feature
extractionoperatorsandthereforewill causeno harmneitherto an attentionmechanismor

to a similarity functionusedto comparea pair of retinalimages.

However, thelog-polartranslationpropertiedor scaleandorientationdo notholdin thefovea,
so specialfunctionsneedto be definedto rotateand scalethe sub-imagewithin the fovea,
if oneneedgo do objectrecognitionthatis invariantto planarscaleandrotation. Insteadof
implementinghesdunctions,we simply definedafoveasmallenoughthatcouldbediscarded.
Sincetheuseof auniform samplingfoveawasnotcrucialto theexperimentsve describén the
following two chapterswe left the useof the foveafor scaleandrotationinvariantmatching

asa futurework.

3.5 Summary

This chaptempresented mathematicaspecificatiorfor theimagerepresentationsedasbasis
for thevision systemconsideredn this thesis.Structuralandfunctionaldetailswereincluded
in thespecification.Thenewx imagerepresentatiornwhichis inspiredby themammaliarretina,

broughta numberof improvementswith respecto a previousonedescribedn [GF94:

1. only afew input parametergfour) areneededo specifythe entireretina, all the other

parametersrederivedin acoherenway from theinput ones(seeTable3.3);

2. uniform densityfoveaandlog-polarexterior integratedinto a single structure with the
flexibility of usingjustthe fovea,just the log-polarexterior, or both, dependingon the

choserparameters.
3. richerreceptve field function;
4. supportfor estimatingthe reflectancenformation;and

5. aconciseand elegantalgorithmfor the bi-directionalmappingbetweenCartesiarand

retinalimages.

The work presentedn this chapterdoesnot bring ary particularly important contritution

into the field, being mainly related to researchpreviously publishedby [RS9(Q, [ST93,
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Figure 3.8: An example of applying the retinal representatiorio a real image: a) input
image;b) log-polarimage,magnified4 times; c) reconstructedmageusing averagingonly;
d) reconstructedmage using hexagonal pixels; e) reconstructedmage using bell shaped
weighting function. The intensitiesin imagesb) to e) are quite differentfrom thosein a)

becausef thelogarithmicprocessingf theintensities.
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[GF94, [LWV97] and[Jur99. The main purposeof this chapterwasto develop animage
representatiothatwassuitablefor the mostrelevantcomponent®f theresearclpresentedn

thisthesiswhich arediscussedhn thefollowing two chapters.

Somefactorsmotivatedthe choicefor a biologically inspiredrepresentatiom the log-polar
form. One factoris the inherentreducedspatialcompl«ity and log-polar property of the
retinalimage whichfavourstheimplementatiorof fastermatchingalgorithms.Anotherfactor
is thatthespace-ariantnatureof thiskind of imagecanleadto amorerobustmatchingprocess
whencomparingo corventionaluniformly sampledmages Becausef theuseof anattention
mechanismebjectsor partsof objectsaremorelik ely to befoundin thehighresolutioncentre.
The low resolutionperiphery which occupiesonly a small numberof pixels, will usually

includepartsof the backgroundhatarenot soimportantfor matching.

An important reason for the log and polar elementsof our representationis the
property that scaling and rotating an object located at about the centre of the retinal
mask correspondsto translating the object in the log-polar image (Section 2.1.2
containsa more detailed explanation).This hasbeenusedto designsystemghatarescale
androtationinvariant[ST93. In thisthesiswe speciallytook advantageof this propertywhen
creatingvisual modelscontainingrelative scaleandorientationmeasurement®or all pairsof
the models’internal objects(seeSection5.1.4for moredetails). The exponentialscalingof
receptve fields andtheir correspondindog projectionin the visual cortex alsohelpsachiere
size constang [TB95], which is a phenomenompresentn animalswith foveas,resultingin

objectstendingto appearconstanin sizeregardlesof their distanceo theanimal.

Log-polarimageshave also proved to be a representatiorthat has some adwantagesover
the traditional Cartesiansensorgeometryin problemslike optic flow estimation[DK95],

time-to-contactcalculation[ST93, robust object tracking [ONMO0Q] and vergencecontrol
[PCS95 BSV9q. For instance,Bernardinoand Santos-Vetor [BSV9€ and Paneraiet al

[PCS9% have shawn thatthecorrelationindex for Cartesiarimagesunderavaryingvergence
angle exhibits several local minima and a non-uniform behaiour, whereas,for log-polar
images,the curve is muchsmootherand hasa sharpminimum in the vicinity of the correct
vergenceangle. In additionto the abore, OshiroandcolleaguegONMOOQ] have shavn thata
zerodisparityfilter yields bestresultsat reducedresolutionandthat a log-polar mappingof

theimageplaneproducesa morecompletehoroptermap(region of zerodisparityaroundthe
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obsener) ascomparedo imagesusingsub-samplinglatareduction.

A final remarkwith regardsto the choiceof this particularimage representations related
to the questionof whetheror not a hardware implementationwould be requiredfor fast
or real-timeimage acquisition. Although there have beensomeprevious works on VLSI

and CMOS implementationsof log-polar sensorg(e.g. [dSKC'89 and [Par94), a major
dravbackof theseapproachess that,besidebeingmorefinanciallyexpensve thanasoftware
implementation,the sensorparametersare fixed and thereforethe physical sensordesign
necessarilyremainfixed. Despitethe fact that the sequentiakoftware implementatiorused
in thisthesishasaninherentdecreasingerformancestheinputimagesizeincreasest does
however provide a highly flexible transformatiorsincethe sensomparametergsanbe variedat
will. Moreover, thelimitationsof asoftwaresensoto procesdarge scenesregraduallybeing

overcomeby fastercomputemhardwareandsoftwareparallelisatiortechniques.

Althoughthe imagerepresentatiomliscussedn this chapterhassomeinterestingproperties,
morehasto be doneif oneneedsa systencapableof automaticallylearningmodelsof objects
from a numberof genericscenesMore specifically only colour or intensityinformationare
not enoughto build suchmodelsasthis would imply a large conceptualgap betweendata
and modelsand, therefore,this would complicatethe designof algorithms. Both Machine
VisionandBiology have provedthatextractingpropertiesandfeaturefrom imagespy means
of building intermediateepresentationss a usefulway of reducingthis conceptuayjap. The
following chaptershavs amethodfor extractinganumberof primal sketchfeaturesn aretinal
representationyhich usesa neuralnetwork to learnexamplesof the features.Primal sketch
featuresarebelievedto befoundin the humanintermediatevisual systemwherethey provide
morecompactescriptiongor theimportantaspect®f theimagedataandcuesfor anattention

mechanism.



Chapter 4

Primal Sketch Feature Extraction

The raw primal sketch is a very rich description of an image, since it contains virtually
all the information ... Its importance is that it is the first representation derived from an
image whose primitives have a high probability of reflecting physical reality directly.

D. Marr[Mar82]
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45 ConcludingRemarks . . . ... ... ... ..o 94

This chapter presents a novel and more successful learning based approach to extracting low
level features in a retina-like (log-polar) image representation. The low level features (edges,
bars, blobs and ends) are based on Marr’s primal sketch hypothesis for the human visual
system [Mar82]. The feature extraction process was implemented using a neural network that
learns examples of the features in a window of receptive fields of the image representation. An
architecture designed to encode the feature’s class, position, orientation and contrast has been
proposed and tested. Success depended on the incorporation of a function that normalises
the feature’s orientation and a PCA pre-processing module to produce better separation in the
feature space. A bootstrapping strategy that uses synthetic and real features has been used for

the learning process. Training and performance evaluation are also discussed in this chapter.

64
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4.1 Motivations

Traditional image feature extraction operatorshave usually beendesignedby hand, work
independentlyof eachotherandact on Cartesianimages(an artifact of sensorarchitecture).
However, thearchitectureof the primatevision systemseemsdo be quitedifferent,andwe can

usethisto produceinterestingresultsin artificial vision systems.

Fromthe log-polarimagerepresentationlevelopedin the previous chaptera numberof raw
primal sketch featuresare extractedusing a differentapproach. The features(edges bars,
blobsandend$ are basedon Marr’s primal sketch hypothesisfor the humanvisual system
[Mar82. The primal sketchrepresenta morecompactrepresentatiofior theimagedataand
providescuesfor anattentionmechanismunderthe experimentalevidencethatthesekinds of

low level featuresseemto attractvisualattention[Yar67.

Insteadof trying to manually build a modelfor completelydescribingthe features,which
mightbe a comple taskbecaus®f the unusualgeometryof theimagedataandthereceptve
field integration,learningthe featureswasa sensibleoption. In this thesis,a neuralnetwork
approachwas chosendueto its adequag when learningdatain which thereis no obvious

symbolicrepresentation.

In Chapterb, thesefeaturestogethemwith the original log-polarimageinformation,areused
duringthematchingoetweerpairsof imageregionstakenfrom a setof scenesvith thepurpose

of automaticallybuilding geometricmodelsof the objectsfoundin thescenes.

4.2 A Previous Approach

As discussedh Chapter?, in thesystemdescribedn [GF9§ operatorsveremanuallydefined
asexpressionsnvolving the pixels of a receptve field window thatis appliedthroughoutthe
log-polarimage. Figure4.lillustratesthe operatorsiesignedo detectblobsandedgesusing

atriangularretinaltessellationwherethe maskis a 1-ringwindow of 7 receptve fields.

Since the operators’outputsare continuous,ary output belov a given empirical positive
thresholdwassetto zeroto indicatethe absencef afeaturepattern.A fixedthresholdequal

to 8 wasusedfor all operatorsprovided thatimageintensitieswerewithin [0...255].
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+Blob=MIN(x-a,x-b,x—c,x—d,x—e,x—f)
—Blob=MIN(a—x,b—x,c—X,d—x,e—Xx,f-x)

Edge@0=ABS(f+a+b-c-d-e)/3
Edge@60=ABS(a+b+c—-d-e-f)/3
Edge@120=ABS(b+c+d-e-f-a)/3
Edge@180=ABS(c+d+e-f-a-b)/3
Edge@240=ABS(d+e+f-a—-b-c)/3
Edge @300=ABS(e+f+a—b-c-d)/3

Edge=MIN(Edge @0, Edge@60, Edge@120, Edge@180, Edge@240, Edge@:

Figure4.1: Themaskusedin Grove andFishers system GF94 to detectfeatures Eachpixel
in the maskcorrespond$o a particularreceptve field outputin the polar coordinatesystem.
Detectordor blobsandedgesarealsoshavn in the picture.

One of the problemswith the abore approachs that operatorsare heuristicallydefinedand
thenthereis no guarante¢hatthey will work correctlywith all the possiblecasesandthatthey
will allow gracefuldegradation Also, if adifferentwindow sizeor window shapevasneeded,
it would be necessaryo designnew logical expressiondor the operatorsvhich canleadto

mistalesasthe operatoraredefinedby hand.

4.3 ProposedApproach

Featuresretrainedanddetectedn awindow of receptve fields. We have chosema window
composef a centralreceptve field plusits next 6 and12 surroundingneighbourstotalling

19receptve fieldshexagonallydistributed.

Whencentredwithin thesewindows, the orientedfeaturegedges bars andend$ canappear
at several distinct orientations. As a resultof the receptve field window structure,we have
decidedo detectedgesandendsat 12 possibleorientationsandbars at 6 possibleorientations.
Sincebars areindistinguishabldoy enddirection,they have thesameangularresolutionasthe

edgesandends

For training purposessyntheticexemplarsof thefeaturesaredravn in afixed positiononthe
inputimagecorrespondingoughlyto a particularwindow of receptve fields. Then,the output

of thesel9receptve fieldsis processe@ndusedasinput to the neuralnetwork classifiers.
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As the receptve fields have variable sizesthroughoutthe retinal image, one might think
that differenttrainingswould be neededor eachscaleand orientationof the receptve field
windows. However, thereceptve field computationproducesormalisedvaluesasit applies
a function whoseintegral is always 1 independentlyof the area. Thatis, if two different
magnificationsof the sameimagepatchfall into two receptve fields of correspondingcales,

the outputof bothreceptve fieldswill beapproximateljthesame.

Moreover, orientedfeatureslike edges bars and endswill not suffer significantdistortions
whenappearingat differentorientations sincechangesn scaleof the receptve fields within
alocal neighbourhoodhre small (typically 9.5% of the radiusfrom onering to another).We
usea symmetryoperatorto normalisefeaturednto a standardrientationwhichis detailedin

Sectior4.3.2

Althoughall imagesprocesseih this chapterarein alog-polarform, for clarity it is helpfulto
view theresultingimagesin a reconstructedartesiarimagewhenexplaining processeand

presentingesults.

4.3.1 Feature Detector

Figure4.2 shavs the main dataandprocessesf thefeaturedetectorandhow they arelinked
together The overall architectureis discussechereand detailsof the individual processes
are given in subsequensections. The first stepis to normalisethe featureorientation(see
Figure4.2a and Section4.3.2. Then, principal componentsare computedfrom a training
set(counterexamplesarenot takeninto account) seeFigure4.2aandSection4.3.3 Finally,
only a subsetof the principal componentss chosen.This selectionconsistsin choosingthe
eigernvedors associatedo the highesteigervalues This is donefor eachof the 7 feature
classes:edge, + bar, + blob, + end (a + signis assignedo featuresthat have a darker
backgroundcainda — signto featureghathave a brighterbackgroundSectiord4.4.1detailsthis

separation.

The next stepis to project exemplarsof featuresonto the previously selectedsubsetof
eigernvedors andusethisinformationastraininginputsto neuralnetwork modulegseeFigure
4.2b and Section4.3.4. The desiredoutputsfor the neuralnetworks are encodedrom the

features contrastinformation(seeSection4.3.5.
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In order to extract featuresfrom a real image, a processsimilar to the trainingone
is implementedwith the differencethat the features projectionis fed into a setof trained
networks and a classificationrule is usedto interpretthe network outputsand build up the

featureplaneg(seeFigure4.2.c andSection4.3.6.

The last step(seeFigure4.2d and Section4.4.4 is to improve the featuresetsby selecting
incorrectly classifiedfeaturesfrom real images,which givesthe ‘fine tuning’ aspectof the
approach. The stepsshavn in Figures4.2.b through4.2.d are repeateduntil a satishctory
classificatioris achiered over a setof testimageqseeFigure4.2.e). Weiteratefrom step4.2b
insteadof from step4.2abecauseve assumehe principalcomponentarestable andwill not

have considerablehangesvhenincreasinghessizeof thetraining sets.

4.3.2 Normalising the Feature Orientation

If areceptve field window could be normalisedinto a standardorientationbeforeapplying
the PCAtechniqueg(explainedin section4.3.3, the problemcouldbe simplified becausaow
we would endup with a smallersetof principal componentselatedonly to the normalised

orientation.

This normalisationcanbe achieved throughthe useof a symmetryoperator Suchoperators
arewell known in the literature of 3-D vision [Tho9§. The onesin the cataeyory of planar
symmetryfrom a singleview could well be applied,with someadaptationsto our problem.
For instance[Fle9J findsthesymmetryof elongatedegionsby groupingpairsof edgepoints
tangentto a commoncircle. Differently [STZ89 usedthetheoryof wave propagatioranda
diffusion procesgo find symmetrysets.In orderto usethe above techniquesn our problem,
asall work on boundaryimageswe would have to solve the impossibleproblemof defining

theboundarie®f afeatureclassin atiny receptve field window.

Anotheroptionwould be to usemomentg PR93, which, amongsibtherapplicationscanbe

employedto calculatethe orientationsof the mainaxesof abinaryor grey level image.

Onthe otherhand,our problemis simplerthanthe above onesin the sensehat: (i) we don't
wantto normalisegenericshapes(ii) thereceptve field windows have only a smallfixedsetof
pixels,and(iii ) theinterestingeaturesareassumedo be centredatthereceptve field window.

Thus, we decidedto develop a customisedsolution. Our symmetryoperatorwas definedas
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Figure4.2: Overview of the main processegroundedboxes) anddata(rectangulaboxes) of
thesystemusedfor extractingprimal sketchfeatures Seemaintext for details.



CHAPTER4. PRIMAL SKETCHFEATURE EXTRACTION 70

a gradientoperatorby associatinghegative weightsto a subsetof the receptve fieldsin the
retinalwindow, andpositive weightsto the remainingreceptve fields. By iteratively rotating
the symmetryoperatomwith respecto the centralreceptve field andapplyingit to areceptve
field window, the detectedorientationwill be the one which maximisesthe absolutevalue
of convolution. The last stepconsistsof rotatingthe featureto a standardorientation. The
operatoiis appliedatthe 12 orientationgdefinedby thereceptve fieldsin the outerring of the

window.

Wetried to designa genericoperatoithatwould be suitablefor all thefeatureclasseshowever
thiswasnot possible For instanceanoperatomwhich hasthereceptve fieldsin the half circle
of theretinalwindow associatedb negative weightsandthe otherhalf to positive oneswill be
verysuitableto detectheorientationof edge featuresbut it will beinappropriateo detectars
or ends Sowe decidedto implementa differentsymmetryoperatorfor eachof the oriented
features Figure4.3 shavs the details. Thewhite circlesin thefigurerepresenaweightof &,

andthe darker onesrepresena weight of — ﬁ whereN andM arethe numberof white and

darkcircleswithin the operators mask,respectiely, sothattheweightsalwayssumto zero.

By usingtheseoperatorst is possibleto detectorientationsvith 30 degreesof precision.Note
thatit isn’t necessaryo know which featuretypewe have beforenormalising.aswe normalise
with all featuretypesandapplythe corresponding®CA andclassification More preciselythe

operators outputfor orientationd € {0, 30,...,330} is definedby:

opy(n,s) =

i ﬁwan',s)we(n',d,n,s)) 1)
n"=0 =0

wheref is thefeaturetype,edg, bar or end (n,s) arethe coordinatedor the centralpixel of
thereceptve field window; Wé(n’,s’) is theoperators weightat thelocalwindow’s coordinate
(n',d); G(n',s,n,s) is afunctionthatmapsfrom local to global coordinatesvithin theretina
asdefinedin Equation(3.45; andV is receptve field intensityasdefinedin Equation(3.53.
Dependinguponthe featuretype and orientation,the weightsat eachposition canbe either
+4+ or — &, whereN andM areconstantshatsumto 19, thenumberof receptve fieldswithin
thewindow. Dueto thehexagonalpacking therearetwo differenttypesof configuratiorfor N
andM in all featureoperatorspnefor orientationsvithin theset{0, 60, ..., 330} andanother

for orientationswithin the set{30, 90, ..., 300} ascanbeseenin Figure4.3 We selectthe
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0 thatmaximisesEquationg4.1) andthenrotatethe 19 receptve fieldsaboutthe centralfield
by —6.

4.3.3 Principal ComponentAnalysis (PCA)

PCA [Jac91 Jol8q is a multivariate techniquein which a numberof relatedvariablesare
transformednto a setof uncorrelatedrariables. Thesevariablesare calledthe eigervedors
andthe coeficientswhich areusedto reconstructhe original dataarecalledthe eigervalues
Theseeigervedors correspondo the directionsof the principal component®f the original
dataandtheir statisticalsignificancds determinedy the correspondingigervalues Givena
m x n matrix X containingm obserationsof n variables,PCA entailsfinding matricesv and

D sothatthey satisfythefollowing equation:

CV=VD (4.2)

whereC = X' X is the covariancematrix, V is a n x n matrix containingthe eigervedors of
C andD is adiagonaln x n matrix containingthe eigervaluesof C. We assumehatmatrix X
is normalisedby subtractingcolumnby column,the meanvalueof the variablesfrom eachof

its elements.

The determinationof the eigervaluesand eigenvedors in Equation(4.2) canbe performed
usingary diagonalisatioomethod. SingularValue DecompositionSVD) is a methodwidely
usedin this casebecausef its numericalstability The SVD theorenstateghatgivenamx n

matrix X (asabove), thenthereareorthogonamatricedJ (mx m) andV (n x n) suchthat:

X=UxZIxV' (4.3)

whereZ is a m x n diagonalmatrix containingthe singularvaluesof X, which are alsothe
positive squareroots of the (non-ngative) eigervaluesof X' X, the columnsof matrix U
containthe eigervedors of X XT, andthe columnsof matrix V containthe eigervedors of

XT X [Jac91 Jol8ad.

Ourgoalisto decomposéhetrainingsetsinto their eigenvaluesandeigernvectos (or asusually

called, principal components).One decompositioris obtainedfor eachof the four feature
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Figure4.3: Symmetryoperatorausedto detectthe featureorientations. The arrows indicate
the preferredfeatureorientationwhich coincideswith the symmetryline in the end operator
andis perpendiculato thisline in the edge andbar operators.
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type’s training sets(edge, bar, blob andend. We don't needto distinguishbetweenpositive
(+) andnegative (—) representationsf featuresbecaus¢heremoval of themearvaluedeaves
thetwo formsbeingthe negative of eachother Eachreceptve field within a19-receptie field
window will beavariable,andeachsamplein a features training setwill be anobsenation.

More precisely:

X1 X12 ... X119
X21 X2 ... X219

X=|." . . . (4.4)
X1 X2 ..o Xni9

wherex; j is the ji" receptve field of the i obseration / training sample. The principal

componentarestoredin amatrixV; of 19x 19 valuesfor eachclassof features.

An unknavn datasamplenamedyY (in our case,a 19-receptie-field-windav obtainedfrom
atestimage)canbe projectedontothe setof principal component¥; (obtainedasdescribed
above) by a simplematrix multiplication: P, = Y’ x ;. TheresultingprojectionP, represents
thatdatasamplein termsof the principalcomponentsor a given primal sketchfeatureclassi.
If acomponenbf theprojectionP is large,thenit suggestshatour datais closeto the pattern
theeigewectorrepresentsand,if we have alow valuedprojection,theconclusionis the other

way around.We repeathis projectionfor all classes € {edge, bar, blob,end}.

PCA is usedin our problemto transformthe inputs that the neural network moduleswiill

receve. However, insteadof usingall 4x19 projectionsfrom the four featureclasseswe

combine(concatenate)nto a nev matrix subsetsof principal componentsvhich are most
representate of the data. Thenwe usethis matrix to calculatethe input of all the neural
modules. The projectionoperationworks identically asdescribedn the previous paragraph,
but now the numberof columnsof the resultingmatrix differs from the originally 19 values
becauseve usea combinationof differentprincipalcomponent$érom eachof the four feature
classesThemainideais thatwheneeradatasamplefrom a particularclassis filteredthrough
this operation,the outputsrelatedto that classwill have high valueswhereasall the other
outputswill remainlow, and so the network will have a setof inputswhich is more easily

separable.

Table 4.1 shaws the first 14 principal componentof the four classesresulting from the



CHAPTER4. PRIMAL SKETCHFEATURE EXTRACTION 74

applicationof the singularvalue decompositioron the normalisedorientationtraining data.

Theprocesaisedto constructhesefeaturesetsis detailedin Sectiond.4.

Selectinga Subsetof the Principal Components. Therearein theliteratureseveralad-hoc

techniquedo selectonly a subsebf the mostimportantprincipalcomponent$Jol84.

The simplest techniqueis to selectthe principal componentsassociatedwith the largest
eigervalues Thegeneraldeabehindthis selections thatwewill beusingthecomponentshat
mostcontritute to describinghe data.Ontheotherhand,we arenotinterestedn components
representinghe averageintensitiesof the input patterns(the first componentof Table4.1)
becausd¢hosecomponentsvould not help the processof spreadingout the featureclassesn
theinput space.Moreover, the first componenwill not approximatelysumto zero,andit is
thusunsuitableo thereflectancestimationdiscussedh Section3.3.2 We alsodo not needto
keepthe componentsor featureof bothpositive andnegative contrastsasthey arealmostthe
samein Table4.1 Fromtheseconsiderationgbove, we have decidedto keepthe subsetof
principalcomponentgontainedn Table4.2 Thustheinputto the neuralnetworksis reduced

to avectorof 17 elements.

4.3.4 Neural Network Ar chitecture

As the classifiersof our architectureve choseMLP-backpropagatiometworks minimising a

leastsquareerror metric,becausef its simplicity andreasonableomputationapower.

Initial Attempts. Initially we tried to usea uniqueneuralnetwork moduleto classify the
features type, orientationand contrast. However this approachdidn’t work properly One
of the initial architectureghat we investigatedwas a 3-layer neuralnetwork in which the
input layer had 19 neuronsrepresentingeachof the 19-windav receptve fields, the second
layer hada certainnumberof neuronsandthe outputlayer hada sequenc®f neuronsgach
oneassociatedvith exactly one of the combinationdeatuse, orientationand contrast of the
training data, plus an additional neuronto representhe unknavn class. This monolithic
classifierhad clear disadwantages.Wheneer a nev sampleof a given featureneededo be
learnt,thelearningof all of theothertrainedfeaturesvasaffected.Moreover, thetraining sets

werevery large, makingthe training processhard, and this was eventually the main trouble
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[ Component] edge | +bar | -bar | +blob | -blob | +end | -end |
1
15444.51 6614.50 8307.51 1406.85 2415.70 14811.19 25152.20
) - - I - R R
8574.82 3332.06 2665.63 156.96 94.70 4442.84 2667.40
3
238.69 155.40 155.47 3.44 3.30 222.40 221.31
4
63.58 69.19 69.69 0.17 0.17 68.29 68.73
5
10.12 31.89 31.95 0.16 0.15 51.79 52.03
6
231 10.18 10.07 0.15 0.13 7.35 7.34
7
1.99 2.48 2.48 0.13 0.13 4.48 4.59
8
1.39 1.72 1.63 0.12 0.11 2.26 2.38
9
1.31 1.09 1.04 0.11 0.10 1.67 1.69
10
1.21 0.90 0.87 0.10 0.09 1.35 1.31
11
1.21 0.81 0.83 0.09 0.10 1.28 1.29
12
0.83 0.75 0.73 0.09 0.08 1.13 1.23
13
1.12 0.70 0.52 0.08 0.07 1.03 1.13
14
0.88 0.46 0.53 0.07 0.07 0.82 1.09

Table4.1: Pictorial representatioof thefirst 14 eigervectos andeigernvaluesextractedfrom
the training setsfor eachof the primal sketchfeatureclassegqusingrotation normalisation).
Undereachpictureis thecorrespondingigervalue Notethatthefirst 3-6 eigervedors encode
mostof the variation.
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| Feature|| Components |
Ede | {2,3.4,5,6)
Bar {2,3,4,5,6}
Blob {2,3}

End || {2,3,4,5,6)

Table4.2: Chosersubset®f principalcomponentérom Table4.1

with this approach It wasnt possibleto train the syntheticdatausingthis architectureasthe

networks never corvergedto asmallerror.

Another attempt,describedn [GFH9§, wasto partition threeof the featureclassegqbars,

blobsandend$ into 6 new featureclassesaccordingto their contrastintensity (positive or
negative. Then,seven differentneuralmodules,eachone designedor a particularfeature,
wasbuilt. Thesemoduleshadaninputlayercomposedf 19 neuronsfollowed by a hidden
layer Finally, therewasan outputlayerformedby neuronsassociatedvith eachof the 6 or

12 standardorientationsanda last neuronassociatedvith a non-featureclass. The strength
of responsef anoutputneuronwasa function of the feature$ contrastasexplainedlateron

in this section. In the caseof the positive and negative blobsthe network’s outputlayer had
only 2 neuronspnecodingtheblobitself andthe othercodingthenon-blobclass.This solved
the convergenceproblem,but whentestingthe trainednetworks over realimagestherewasa
lot of misclassificationgithercausedy a training setwith insufficient examplesor by poor

separationn theinputspace.

Final Architecture. In orderto achiare betterunderstandingf the problem,we decidedio
performa Principal Componeninalysison thetraining data. After thatanalysiswe realised
how the compleity of the problemcould be reducedby using PCA to increasethe class
separatiorat the network inputslevel. We tackledthe lack of exemplarsin the training set

by usinga bootstrappin@pproactwhichis discussedn Sectior4.4.

The currentnetwork architecturesirevery similar to the lastarchitecturedescribeddiffering
mainly attheinputlayer: insteadof receving inputsdirectly from thereceptve field windows,
they receve theresultsof theorientatiorandPCA pre-processingnodules Anotherdifference
is thatnow only 2 outputneuronsarerequiredby ary of the neuralmodules.The numberof

outputneurondor the orientedfeaturesvasreducedoy usinganoperatorthatnormaliseghe
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featureorientationasdescribedn Section4.3.2

Figure4.4illustratesthefinal neuralnetwork architecture

4.3.5 Codingthe Contrast Information

The contrastwithin aretinalwindow is calculatedaccordingto the Equation(4.5 [BGG9q,
which is a well known contrastdefinition amongpsychologistsand neurobiologists. The
desiredoutput for a neuronrepresentinga particular featurewas definedin terms of this

contrast.

“—max_ I—min|
c=—7"-—— 4.5
Lmax+ I—min ( )
Lmax andLmin arethe minimumand maximumintensitiesfoundin animagepatch(Cartesian

domain),respectiely.

In practicalterms, Lmax and Lmin are two intensitiesusedto drav the brighter and darker
regions, respectiely, of the synthetic Cartesiantraining features. In the caseof training
featureshandpickedfrom realimages| maxandLmi, arethe averagentensitiesof thebrighter

anddarler regions,respectiely, within the selectedmagepatch.

In section3.3.2 we proposeda methodto help estimatethe original reflectancanformation
of abjects.In theend,thereceptve field computationvasan approximatiorfor the weighted
logarithmof thelocal reflectancenformation. In section4.3.3 we explainedhow to projecta
receptve field window into subset®f the principalcomponentsf thetrainingdatain orderto
achieve betterfeatureclassdiscrimination.As aresultof the PCA pre-processingnodule the

irradiancefalling into areceptve field couldalsobe cancellecbut.

Thus, the neuralnetwork modulesdo not actually seethe original Cartesianintensities,but
only theresultof theabove transformationsyhichareclearlynon-linear However, thisdid not
poseaproblemto thetrainingsince althoughthe mappingbecamenorecomple, it remained
afunction,whichin theorycanbelearntby a Multi-Layer Perceptrorbackpropagationeural

network.
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Figure 4.4: Final neural network architecture. At the top of the picture is the PCA
pre-processingtagewhich consistsin projectinga normalisedreceptve field window onto
asubsenf thetraining sets principalcomponentsAt the bottomis a neuralnetwork module
with 17inputs,9 hiddenneuronsand?2 outputneurongN andN) usedto discriminatebetween
featureandnon-featureclasses Seven neuralnetwork moduleslik e this weretrained,onefor

eachof the sevenfeatureclassesedge, +bar, —bar, +blob, —blob, +end —end
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4.3.6 ClassificationRule

We usea classificatiorrule thattakesinto accounthe stratgy usedduringtraining: wheneer
a featurethat shouldbe recognisedy a given neuralmoduleis presentedhenthat modules
network is trainedto outputthefeatures contrasthroughneuronN, andzerothroughneuron
N; if a counterexampleis presentedthenneuronN shouldnow outputzeroand neuronN
one.However, we needto be moretolerantwhenclassifyinguntrainedeaturesasthenetwork
outputswill notnecessarilgreatea sharpseparatiorbetweerfeatureandnon-featureclasses.
Let's consideraneuralmodulerepresenting givenfeatureclasswith its 2 outputneuronsthe
classificatiorrule usedin our experimentsis presentedn the following pseudo-codeywhich
basicallystateghata modulerecognises featuresvheneer its neuronN producesanoutput

thatis above a thresholdT HD andalsoabove the outputof the otherneuronN:

if ((O(N) > O(N)) and (O(N) > THD))

thenC = O(N)
elseC=0
endif

whereneuronN representaninputbelongingto theinput’s trueclass andneuronN represents
the non-classinput. THD is the classificationthreshold,O() is a function that returnsthe
neuron$ numericaloutput,andC is the outputof the classificatiorrule, which representshe
contrastof the detectedeature(C is 0 in the caseof no featurebeingdetected).In Section

4.4.3we shav how to obtainthevalueof THD.

An unknavn input window is fed into all seven neural modules and, provided
that the class of that input has been trained before, the correspondingheuralmodule
will producethe appropriatecontrastwhile all the othermoduleswill not recogniseheinput
(having neuronN nearoneandneuronN below the threshold).Whatis saidabove is truein

mostof thecaseglueto theconstructiorof thetrainingsetsdiscussedh thefollowing section,
but thatdoesnt completelyeliminatethe possibility of two or moremodulesrecognisinghe
samdnput patternasbelongingo theirrespectie classesFor themomentwe do notgive ary

specialreatmento this situation,asit mightbereasonabléo think thatsomeblurredfeatures

couldbe recognisedsbelongingto two or moreclassest the sametime. However, thereis
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nodoubtthat,if anexclusive classificatioris requiredby afinal applicationawinnertakes-all

stratgy canbe easilyimplementedasediponthe modules’outputs.

4.4 Training and Evaluation

It is possibleto identify two distinct ways for generatinga training setfor neuralnetwork
modules. One possibility would be to extract mary 19-receptie field windows from real
imagesandthen classify eachof thesewindows in termsof (featue, orientation contras)
eitherby handor usingthe previous 3x3 heuristicoperators. However, the amountof data
would be very large andtherewould be no guarante®f accessinghe representate pointsin

thefeaturespaceavenusingalarge numberof realimages.

The alternatve which we have adoptedin this work wasto constructan initial training set
from syntheticallygeneratedeatures. This seemsto be a betterapproachbecausea large
numberof featurevariationscanbe easilygenerate@nd, by usingthe underlyinghypothesis
that the featureexamplesare chosenfrom a more descriptve set, this allows for a smaller
training setto be constructedvhencomparedo the previous manualalternatve. After some
initial experimentsyve reachedheconclusiorthatalthoughthe synthetictrainingsetwasvery
useful,the manualselectionof a small setof featuresfrom realimageswasstill requiredto

enhancehefinal classificatiorresults.

It is importantto emphasiséhat the syntheticpatternsaredrawn in the Cartesiarspaceand
thereforethis doesnot contradictour initial assumptiorthatto build a modelfor the features

in theretinal spaceis a difficult taskwhich hasjustifiedthe useof alearningbasedapproach.

4.4.1 Synthetic Training Data

Edgesweremodelledasa stepgradienttransitiondefininga straightline passinghroughthe
centralreceptve field. Bars were modelledas having two parallel gradienttransitionlines
passingthroughthe bordersof the centralreceptve field. Blobswere modelledasa circular
gradienttransitionbetweerthecentralreceptve field andthe outerwindow of receptve fields.

Finally, endsweremodelledashalf bars, thatis, bars thatendat the centralreceptve field.

Contrastswithin the set+{0.3,0.4,0.6,0.8,1.0} (usingthe formula of Equation(4.5)) were
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usedwhendrawing bars, blobsandends a hegative contrasthneremeansthat the intensities
in the featurebackgroundare higherthanthe onesin the featureitself. Edgeswere dravn
usingonly positive contrastsi.e. theintensitiesn theregion above thefeatureorientationline
aregreaterthantheintensitiesin thelower regionin orderto avoid the generatiorof the same
patterntwice asthefeatureorientationscoversthewholecircle. Fifteendifferentcombinations
of intensity were usedin the generationof the contrastsfor all of the features. One of
the intensitieswastaken from the set{85,170,255} andthe otherwasderived accordingto

Equation(4.5) to producethe desiredcontrast.

Endsand edges were generatecht 12 different orientationsin the range(0°,..., 33®), in
stepsof 30°, while bars weregenerateanly at 6 orientationsin therange(0°,...,15C) due
to symmetryreasonsandalsoin stepsof 30°. Other sourcesof variability in the training
setswerethe “size” of the featureandthe useof Gaussiamdditive noise. Blobs bars and
endswereallowedto vary in sizeaccordingto 0.6, 0.7 and 0.8 of the centralreceptve field
diameter Gaussiaradditive noisewasaddedto eachreceptve field of the dravn featuresin

orderto broaderthetrainingset.

Randomcounterexamplesof the 19-receptie field windows weregeneratedn orderto help
thetraining process.Thesecounterexamplessimulateunstructurednput dataand datafrom
otherlow level featuresnot consideredn this work thatis inevitably presenin realimages.
After beinggenerateda counterexampleis validatedwith respecto the featuretypethey are
goingto be usedwith: if the normalisedeuclideandistancefrom the counterexampleto ary
of the 19-featurevectorsof the giventype falls below to a giventhreshold(we have chosera
0.15threshold) thenthat counterexampleis rejectedanda new onehasto be generategnd
validated. Counterexamplessetswere also enrichedwith exemplarsfrom the otherfeature
classes.Table4.3 summariseshe parametersisedin the generatiorof the synthetictraining
setsandthe total numberof featuresexamplesgenerateger class. Table4.4 shavs someof

thetrainingfeatureggeneratedn the above way.

A total of sevendifferenttrainingsetswashbuilt, onefor eachneuralnetwork moduledesigned
to classifyedges +bars, +blobsand+ends Eachtrainingsetwasbuilt from anequalnumber
of featureexamplesand counterexamples The numberof examplesper featureclasswas

determinedreviously by the setsof parametergpresentean Table4.3.
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| Feature||  Orientation | Contras{C) | “Size” |  Noise(o) [ Total ]

+{0.3,0.4,0.6,

Edeges | {0,30,...,330°} 0.8,1.0} notapplicable| {0,1,...,n(C)} || 2700
+{0.3,0.4,0.6,

+Bars || {0,30,..., 15(°} 0.8,1.0} {0.6,0.7,0.8} | {0,1,...,n(C)} | 1350
—{0.3,0.4,0.6,

—Bars || {0,30,..., 150°} 0.8,1.0} {0.6,0.7,0.8} | {0,1,...,n(C)} | 1350
+{0.3,0.4,0.6,

+Blobs || notapplicable 0.8,1.0} {0.6,0.7,0.8} | {0,1,...,n(C)} || 225
—{0.3,0.4,0.6,

—Blobs || notapplicable 0.8,1.0} {0.6,0.7,0.8} | {0,1,...,n(C)} || 225
+{0.3,04,06,

+Ends || {0,30.,...,330°} 0.8,1.0} {0.6,0.7,0.8} | {0,1,...,n(C)} || 2700
—{0.3,0.4,0.6,

—Ends || {0,30,...,330°} 0.8,1.0} {0.6,0.7,0.8} | {0,1,...,n(C)} || 2700

Table4.3: Parametersisedin generatindeatureexamplesfor thetraining sets.Thetop noise
level wasdefinedasalinearfunctionof thefeatures contrasto preventhigh noiselevelsbeing
appliedto low contrastingeaturesn(C) = INT(6 x |C|+ 1). Thelastcolumnindicateshe
totalnumbersof examplesgenerategberfeatureclass.

Counter
Imagetype || Edge | +Bar | -Blob | +End | Example
Cartesian ‘ not
inputs ‘ w . applicable

outpige | 4. e o

Table4.4: Someexamplesof the training features. The differencesin contrastbetweenthe
Cartesiannputsandtheretinal outputsaredueto thelogarithmicreceptve field computation.
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Half of the counterexamplesvasrandomlygeneratedndvalidatedasdiscussedbore. The
otherhalf were exemplarsrandomlyselectedrom the otherfeatureclassesn the following
manner Let CX behalf of the counterexamplesequiredby a particularfeatureclassF; Fc #
F be a particularfeatureclassfrom which featuresneedto be selectedas counterexamples
for F; #(Fc) bethe sizeof Fc, aspresentedn Table4.3 S= yg. ¢ #(Fc) be the sumof
the sizesof all featuresetsdifferentfrom F. Then,thenumberof featureaNFc to beselected
from Fc ascounterexamplesof F is givenby Equation(4.6). Thisis equivalentto sayingthat
a particularfeatureF ¢ contributesascounterexamplein the training setof featureF # Fcin
away thatis proportionalto the sizeof Fc relative to the sumof the sizesof all featuregyoing

to be usedascounterexamplesof F.

NFc= #(LSC) x CX (4.6)

4.4.2 Initial Training

We usedthe Aspirin/MIGRAINES [Lei92] neuralnetwork simulatorto performthe training
andevaluationof our proposednethod.A learningrateof 0.005andinertia(or momentumpf
0.95wereusedwith thestandardackpropagatioalgorithm. A neuralmodulewasconsidered
trainedwhenall the training patternspassedvith a 0.1 maximumerror bound. A random
presentatiororderwasappliedwhenselectingpatternsto be trained. Table4.5 summarises

the classspecificarchitecturesindtraining parameters.

Neural || Architecture| #of Epochs
Module IxHxO D,0
Edge 17x9x2 | 80
Bar 17x9x2 | 190,1360
Blob 17x9x2 | 690,5540
End 17x9x2 | 480,1120

Table4.5: Trainingparametersl. x H x O aretheinput, hiddenandoutputunits. ® ande are
the numberof trainingepochscorrespondingo the setshaving positive andnegative contrast
featuresrespecitiely.



CHAPTER4. PRIMAL SKETCHFEATURE EXTRACTION 84

4.4.3 Evaluating the Initially Trained Systems Performance

We testedthe trainednetworks with a setof unknavn syntheticfeatures.We employed the
samefeaturegeneratomusedto build the initial training setswith the differencethat herethe

featuresveregeneratedtarbitraryorientationsandcontrasts.

We generate®0 testexemplarsperclassby varyingthecontrasin therange0.21to 1.0, with
a stepof 0.01(-0.21to -1.0, with a stepof -0.01,for negative features).Theintensitiesused
to producethe above contrastswere chosenrandomlyas well asthe remainingparameters
specifying orientation, noise level and size. Figure 4.5 shavs the tamget output contrasts
(vertical axis) for all the testingsets(horizontalaxis shawvs the patternnumber). The first
80 patternsare examplesof the featureclassin orderof increasingcontrastandthe next 83
patternsarecounterexamplegthefirst 40wererandomlygenerate@ndtheremainingd3were

randomlychoserfrom otherclassexamples).

Figure 4.6 shaws the actualoutputsof the edgeneuralmodule producedwith the synthetic
testingdata. As the graphsfor the remainingfeaturesare similar to the edgeone, to save

spacethey wereall accommodateth a singlefigure (Figure4.7).

As onewould expect,the few errorsthatappearon thefirst half of the graphsareassociated
with low contrastfeatures.The oscillationsup anddown alongthe predictedcontrastdor the
testingsetswhencomparedo the tamgetsoutputs(Figure 4.5) are partially explainedby the
corvergenceerror of 0.1 usedduring the neuralnetwork training. The sameappliesto the
smalloscillationsin the secondhalf of the pictures(Figures4.6 and4.7) correspondindo the
networks responsdo the counterexamples. Reducingthe neuralnetwork corvergenceerror
couldreducethe predictionerrorsduringtesting,but atthe costof a slower trainingandrisk of
overfitting, whichcouldincurlossin generalisationAnothercausedor the oscillationswithin
thefirst half of the graphsarethe small predictionerrorscausedy the symmetryoperatorsas
explainedin thefollowing paragraphTheoccurrencef spurioushigheramplitudeoscillations
in the secondhalf of someof the graphsalsoindicatethat more counterexamplesmight be
neededn thetrainingsets,but thiswill bedealtwith lateronin this sectionwhenwe explain

how to enhancehetrainingsets.

Figure 4.8 shaws, along the y-axis, the absolutedifferencesbetweenreal and estimated

orientationsvhenprocessinghefeatures throughthe symmetryoperatorsBlob featuresvere
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not consideredn the graphasthey do not have an orientation. Theseerrorswere computed
as the absolutedifferencebetweenthe real (ground truth) and estimated(obtainedby the
correspondingymmetryoperator)eatures orientationfor the first 80 patterngx-axis)in the
testingsets,which correspondo examplesof features As anindicationof goodperformance,

thetop errorswereall underthe operators resolution(30 degrees).

1

0.8

0.6 Feature targets |

0.4

feature neuron —+—
non-feature neuron ---x---

0.2

O 4 J 4 l 1 1 1 1
0 20 40 60 80 100 120 140 160

Figure4.5: Tamget outputsfor the testingsets. The x axis representshe patternnumberand
they axisrepresentshe desiredneuronoutput. Note thatthe first 80 featurecontrastsarenot
on a perfectlystraightline becausehey were obtainedfrom 2 integerintensitiesas specified
in Equation(4.5).

Now we needto specifythe value of the thresholdTHD introducedin Section4.3.6 Our
goalis to choosethe highestclassificationthresholdthat producesestoverall performance.
Thereasorfor this is thatwe arenot interestedn detectingvery low contrastfeatures.From
Figures4.6and4.7it is easyto seethata 0.15thresholdneetghisrequirementAs anexercise
to confirmthis obseration andto have quantitatve resultsto compareour approactwith the
previousonediscusseth Sectiongt.2and2.6, wevariedthethresholdrom 0.0to 1.0,in steps
of 0.01,andmeasuredhe classificationerrors. Figure 4.9 shavs the resultsof the threshold
experimentfor edges.Theresultsfor the remainingfeaturesareall in Figure4.1Q sincethe
graphsaresimilar in shapeto the edgeone. We canseefrom the figuresthatarny threshold

smallerthan0.15is associatedo the overall bestperformance all the networks.
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Figure 4.6: Outputsfrom the trained edgeneuralmodulewhen appliedto the testingsets.
In orderto facilitate the readingof this picture the contrastof negative featureshave been
convertedto their absolutevalues.

Error type | (falseacceptancedpccurswheneer the classifieracceptsa non-classsampleas
belongingto theclass.Errortypell (falserejection)occurswheneertheclassifierconsidersa
memberof the classasnot belongingto the class.The sumof thesetwo errorsgivesthetotal
error producedby the classifierand, in our specificcase,the percentagef correctanswers
is 100% minusthetotal error Equation(4.7) summariseshis relation. Sometimest is also
usefulto definearejectioncriterion,which providesthe classifierwith the power of answering
thata giveninput cannotbe classified andthusreducingthe chance®f error, but we decided
notto applythis criterion becausén the domainof featureextraction,rejectinga featurehas

the samepracticaleffect asclassifyingit asnot belongingto theclass.

Correct= 100%-— (Errorl+ Errorll) 4.7)

Comparing the ProposedMethod with Grove and Fisher's Approach

In orderto provide aquantitatve evaluationof therelative performancef themethodproposed

hereandthe previousapproactof Grove andFisher[GF94, which wasdiscussedn Sections
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Figure 4.7: Outputsfrom the remainingtrainedneuralmoduleswhenappliedto the testing
sets. In orderto facilitate the readingof this picture the contrastof negative featureshave
beencorvertedto their absolutevalues.
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Figure 4.8: Absolute errors of the symmetryoperatorfor the testing setsof the oriented
features. Note that theseerrorsdo not exceedthe value of 20 degrees,which demonstrates
a reasonableerformanceas the highesterror is well underthe operators’resolution (30
degrees).
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Figure4.9: Errorstypel andll vs. the classificatiorthresholdfor the trainededgenetworks.
Thesestatisticswere calculatedfrom synthetictestingsets. Note herethat the type | error
cunwe liesonthehorizontalaxis.
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Figure4.10: Errorstype | andll vs. the classificatiorthresholdfor the trainednetworks for
theremainingfeatures.Thesestatisticswerecalculatedrom synthetictestingsets.Note here
thatthetypel errorcurve lies onthehorizontalaxis.
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4.2 and2.6, we usedthe sametestingsetsdescribedabove to generateclassificatiorstatistics
(likewise the onespresentedn Figures4.9 and4.10 for the previous approach. Sincethe
classificatiorthresholdof Grove andFishers approachs afunctionof theintensitiesfoundin

theimageswe decidedo vary theirthresholdrom 0 to 100in stepsof 1. Thisyieldedexactly
101sequentiathresholdsvhichis compatiblewith therangeof variationusedbeforeto testthe
neuralnetwork approachthresholds/aryingfrom 0 to 1 in stepsof 0.01). We laterdiscovered
thatthis wasa goodchoice,sincethe errorcurvescorvergednearthe higherthresholdgo the
samelevels obtainedbefore.Figure4.11shaws the errorsof the edgeoperator Theresultsof

theremainingclassifiersaarepresenteen Figure4.12

By contrastingrigures4.9 and4.10with Figures4.11and4.12, respectiely, it is possibleto
seethatall of thenew classifiershadno typel errorsfor all testedthresholdsywhereaswhen
usingthe previous approachponly -Ends had no errorsof type I. This excellenttype | error
performanceby the neuralnetwork approachmay be partially explainedby the factthat the
classificatiorrule (presentedh Sectiord.3.6 decideshaseddnthe outputof two neurongone
responsibldor representindeaturesandthe other non-featuresjhat are mutually exclusive.
Moreover, therewasareasonabléhresholdrange(typically betweerD and0.15)for whichthe
new classifierhadalmostzeroerrorsof typell (optimumperformance)No suchrangecould
befoundin thegraphsof the previousapproachwhichindicateshatthe previousapproachs

moreunstableandunreliable.

4.4.4 Adding Featuresfrom RealImages

Thefinal stepof the approachis to enrichthe training setswith featuresextractedfrom real
images. Although usinga synthetictraining setproved to be very usefulto generatea large
numberof featurevariationsand alsoto createa more representate training set, adding
featuredrom realimageswasstill needed.The main purposeof theserealimagefeaturess
to correctsomesmallclassificatiorerrorsrelatedto featureanot generalisedrom thetraining

setsby the neuralnetwork modules.

Initially a setof imagesis testedusingthe modulestrainedwith syntheticfeatures.Thena
small subsetof theseimagesis usedasa sourceof additionaltraining exemplars,which are
manuallyselected.The intensitiesusedto computethe contrastof thesenew exemplarsare

estimatedfrom their retinal outputsasif they were composef uniform intensity patches
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Figured4.11: Errorstypel andll vs. the classificatiorthresholdfor edgesusingthe previous
approactof Grove andFisher[GF96. Thesestatisticswerecalculatedrom synthetictesting
sets.

in the Cartesiardomain(similarly to the syntheticfeatures).Finally, the neuralmodulesare
re-trainedwith the improved training setsandtestedover the sameinitial setof images.This

processs repeatedintil the visual outputof the extractedfeatureds satisactory

Although we re-usethe previous network weightsasa startingpoint, we needto re-trainthe
networks with the completetraining sets,not only with the recentlyextractedfeatures.If we
do not proceedthatway, the network would probablyendup forgettingthe previously learnt
patterns Anotherimportantissueis thatwheninsertingnew patterndnto thetraining setswe
needto keepbalancedhe numberof examplesandcounterexamples,otherwisethe network
would becomebiasedowardeitherside. This doesnotmeanthatthetrainingsetshave to have
the exact samenumberof examplesandcounterexamples,but they shouldbe at leastat the

sameorderof magnitude.

4.4.5 Experimenting on Synthetic and Real Images

The log-polarmappingdescribedn Section3.2is appliedto aninput Cartesiarimage,then

all the possible19-receptie field windows are extractedand fed into eachof the trained
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Figure4.12: Errorstype | andll vs. the classificationthresholdfor the remainingfeatures
using the previous approachof Grove and Fisher[GF9g. Thesestatisticswere calculated
from synthetictestingsets.Notethatthetypel errorcurve is mainly onthe horizontalaxis.
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neuralnetwork modules.Althoughwe hadavailableat this stageseveralmeasurementabout
a feature,like the orientationand contrast,in orderto simplify the evaluationprocesswe
decidedto dealonly with thefeatures identity andstrength.The classificatiorrule discussed

earlierin this sectionwasusedto readtheresultsfrom the neuralnetwork outputs.

In orderto helpthereaderto understandhe outputsof thefeatureextractionsystemdescribed
in this chapterand before applyingit to ary real images,which may containcomplicated
texturesandfeaturemot easilyspottedby theeye, anumberof syntheticimageswereinitially
used. Input imagescontaininghorizontal, vertical and diagonaledgesat varying contrasts
were usedto testthe outputsof the edgeclassifier The positive and negative bar classifiers
were testedagainstimagescontainingvertical, horizontal and diagonalbar patterns. The
blob classifiersweretestedagainstimagescontainingblob-like featuresat varying sizesand
contrasts. Finally, imagescontainingsimple polygonsat varying contrastsand orientations
were usedto testthe end classifiers(the verticesof thesepolygonsare the featuresto be

detected).

Theseexamplesare shavn in the FiguresA.1 to A.5 in Appendix A. From a subjectve
evaluation of thesefigures, apartfrom somesmall uncertaintywith regardsto the feature
location, it is possibleto concludethat the neural classifiersare doing a reasonablgob at
detectingthe featuresthey have beendesignedfor. Note that, in someof the pictures,the
edgeand bar operatorseventually fail nearthe centreor nearthe peripheryof the images,
which is expectedsincethe scaleof animagefeaturedoesnot always matchthe scaleof the
receptve field window. The lastcolumnsof FiguresA.1 to A.5 illustratesthe resultsof the
previousapproaclwhenappliedto thesamesetof synthetidnputscenesOverall,theprevious
approachhad poor contrastsensitvity and a greaternumberof featuresnot being detected

(discontinuitiesywwhencomparedo thelearningbasedapproackproposedn this thesis.

FigureA.6 comparegheresultsof the proposedandprevious approachesvhenappliedto the
sametestimage. Therewe canseethatthe nev approactbroughta reasonablémprovement
to the featureextraction processnot only with respectto accurag (more featurescorrectly

extracted)but alsoto theenhancedjuantisatiorof the strengthof thefeatures.

A numbertestimageswereclassifiedusingtheinitially trainedneuralnetworks. In orderto

exemplify the role of using training featuresfrom real images,one of the testimageswas
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usedasa sourceof a few additionaltraining exemplarswhich were manuallyselectedrom

the resultsof that initial applicationof the trained networks. By looking at the resultson

realimages(e.qg. left partof Figure A.7 in AppendixA), it is possibleto seethatthereare
more non-featureglassifiedas featuresthanthe otherway around. As a result,we decided
that only receptve field windows of misclassifiedhon-featuresvould be usedto form these
additionaltraining exemplarsin this experiment. Four counterexampleswere selectedper
featureclass(Table4.6). FigureA.7 in AppendixA shaws the resultsof our systemover a
testimage,beforeandafter the addition of manuallyselectedeaturesinto the training sets,
whereadriguresA.8 andA.9 shaw, on differenttestimages,only the resultsof the networks

trainedwith theimprovedtrainingsets.

[ edges | +bars | -bars | +blobs | -blobs [ +ends | -ends ||
o
L ‘ & k@s
® 4 -

Table 4.6: New training patternsmanuallyselectedfrom imagel (left part of Figure A.7).
Thesepatternsare all counterexamples. The receptve field sizesvary dueto the locations
they werefoundin theimage.

4.5 Concluding Remarks

In this chaptemwe have shavn how primal sketchfeaturegedges bars, blobsandend$ could
be extractedfrom the retina-like (log-polar)imagerepresentatiospecifiedin the preceding
chapter Thesefeaturesare part of Marr's hypothesidor the humanvisual system,andare
believedto take partin earlyvisualprocesseproviding arepresentatiothatcapturesnvariant
primitives from the objects surfaceand also acting as cuesfor an attentionmechanism.A

previous attemptto extractsuchfeatured GF9§ achieved only partial successFeaturesvere

detectedusinga numberof manuallydefinedlogical operatorswithin afixed retinal window,
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which, when appliedto real images,failed to detectsomelow contrastfeaturesaswell as
misclassifieda numberof others(for referenceseethe right sideof Figure A.6 in Appendix

A).

Themethodpresentedh this chaptettakesadwantageof theinherentiearning(from examples)
and generalisatiorpropertiesof neural networks. Insteadof designingfeature extraction
operatorgrom scratchthebasicideawasto useasetof exemplarsof featuresandnon-features
totrainaMLP-backpropagationeuralnetwork. Weinitially startedvith amonolithicnetwork
designedo learnall seventypesof featuregedgsplusnegative andpositive contraswersions
of bars, blobsandend3 and answerwith the features type, orientationand contrast,which
provedto beimpossibleto train. Theinitial architecturaeceved somerefinementandended
up having seven independenteuralmodules(only connectedhroughthe training sets,i.e.
examplesrom onemoduleusedascounterexamplesin the others) onefor eachof thefeature
classesconsideredand receving inputs from a samePCA pre-processingnodule. After
a specificsymmetryoperatornormalisesthe features’orientation,the PCA pre-processing
moduleis usedto projectfeatures pixels onto a subsetof the principal componentof the

training datawith the purposeof spreadingoutthe classesn thefeatures manifold.

In summarythe new approactpresentedbetterresultswith respecto the numberof correctly
classifiedfeatures provided a richer descriptionfor the imagedatawith the addition of an
estimatefor the features contrastandbecamea moreflexible solutionto the problemin the

sensdhatwheneer anew featureclassis required,only its training setneedgo be provided.

At leastthreeof theprimal sketchfeaturesextractedoy our approachblobs,orientedbarsand
edgeshave a closerrelationto biologically motivatedMachineVision. Sincethe pioneering
works by Hubel and Wiesel [HW62] reportingthe mannerin which someneurons(cortical
simplecells) in the cat’s visual cortex respondedo the imagesof spatially localisedbars
and edgestherehave beenmary studiestrying to modelfilter shapego performanimage
transformatiorequivalentto thatof simplecells. Thetwo mostcommonlystudiedfilter shapes
arethesecondlifferentialof a Gaussiarf(12G) [MH80] andthe Gaborfilter [Dau8g. Thefirst
canbe approximatedy a differenceof GaussiangDOG), andMarr [Mar82] wasone of its
well knowvn advocates. The third is relatedto the work of Daugman[Dau8§, who shaved
that the two-dimensionalGaborfilter representghe optimal combinationof frequeng and

spaceanformation. Daugmamroposedhatanensemblef cortical simplecellswould be best
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modelledasafamily of 2-D Gaborwaveletssamplingtheinputdomainin alog-polarmanner
Theideathatsimplecells evolvedto anoptimal designhascausedyrowing interestin the use

of Gaborfilters by both NeuroscienceandComputerVision communities.

In contrastto the above approachesin which a singlereceptve field canbe usedto detect
a given feature,in our image representationfeaturesare detectedat a higherlevel, at the
level of areceptve field windowv. However, both waysto detecta featurestill presentsome
similarities. In particular it is possibleto identify someresemblancéetweerthe shapeof the
Gaborwavelets(see[Lee9q for somepictures)andthe first PCA component$or edgesand
barspresentedn this chapterwhich suggestshattheremight be arelationbetweerthe two.

An analogousissertiorcanbeformulatedrelatingthe DOG or the 0°G operatorsandour blob

detector Perhapssincewe arelooking at the samefeatures the PCA plus neuralnetwork

arrangementight belearningsomethingvery closeto themathematicallypureversionof the
operatorexceptthatour receptve fieldsarenotidenticalin size.Furtherinvestigatioronthese

relationsis left asa futurework.

Thefollowing chapteraddressethe problemof how to learnrelationshipgrom setsof iconic
(2D) object modelsobtainedfrom a sequencenf scenes. Thesemodelscontainsa list of
log-polarimagedescriptionghatarecloseto eachotherwith respecto a similarity measure,
andfound in the scenedy an existing attentionmechanism. Suchimage descriptionsare
composedf all the primal sketchfeatureimages,obtainedby the modulesdiscussedn this

chapterin additionto theoriginal log-polarrgb retinalimages.



Chapter 5

Learning I conic Models

Vision systems that learn and adapt represent one of the most important future
directions in image understanding research. This reflects the overall trend - to make
intelligent systems that do not need to be fully and painfully programmed. It is the only
way to develop vision systems that are robust and easy to use in many different tasks.
T. PoggioandD. Beymer[PB96]
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This chapter addresses the important problem of how to learn relationships from sets of iconic
(2-D) object models obtained from a set of images. It assumes a vision system that operates by
foveating at interesting regions in a scene, extracting a number of raw primal sketch-like image
descriptions, and matching new regions to previously seen ones. An iconic model is defined
as a set of regions, or object instances, that are similar to each other, and comprises a list of
relative scales, orientations, positions and similarity scores for each pair of image regions. A
solution to the structure learning problem is presented in terms of a graph based representation
and algorithm. Vertices represent instances of an image neighbourhood found in the scenes.
An edge in the graph represents a hypothetical relationship between two neighbourhoods. Intra
and inter model relationships are inferred by means of the cliques found in the graph, which

leads to rigid geometric models inferred from the image evidence.

97
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5.1 Learning Primiti ve Object Feature Models

This sectionexplainshow the proces®f learningobjectfeaturemodelsor primitive geometric
modelscanbe implemented.Although this is not the main issueof this chapterthe method
for inferring relationshipsbetweentheseobjectfeatureswhich is describedn the following

sectionreliesuponcertainaspect®f the methodpresentedhere.

Chapter4 dealtwith primal sketchfeatureswhich areessentiallylow level featuresbasedon
discontinuitiefoundin theimages.Thesedfeaturesverelearntandextractedindependentlyf
the scenecontentsandareusedby anexisting attentionmechanisnto helptheiconic system

focusingattentiononly to themostinterestingor promisingregionsof alargervisualworld.

In this section,we areinterestedn finding out which of theseregions, taken from different
scenesandrepresentedby their primal sketchfeatures]ook similar to eachother Grouping
suchsimilar regions canbe seenasa way of creatinghypothesidor higherlevel objectsin

thescenesndthatis exactly whatwe call by learningobjectfeaturemodels.While grouping
imageregions,we measure@ndsave their relative scaleandorientation,andfor this reasonwve

canalsocall theseobjectmodelsby primitive geometriomodels.

We use the term featue in this chapterwith a meaningthat is slightly different from

that usedin Chapter4, whichwasrelatedto low level discontinuitypropertieof theimages,
whereasn this chaptera featureinstancemeansa high level componenbr part of anobject
asawholethatfalls into theretinalarea.Thetermmodelinstances alsousedthroughouthe

text with the samemeaning.

5.1.1 SystemsArchitecture

We assumea vision systemarchitectureasshavn in Figure5.1 Thearchitecturas basedon
previous researctsystemdescribedn [GF99 andreviewed in Chapter2 of this thesis. The

figure shaws only the modulesdirectly relatedto this chapter

Module (a) is responsibldor converting input pixels into a retina-like imagerepresentation
(discussedn Chapter3), which in turn is usedby the secondmodule(b) to generateprimal
sketchfeaturesat a numberof orientationsandcontrastghrougha neuralnetwork (described

in Chapterd andin [GFH98 GF01, GF02).
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Model Base
(d)Cluster Feature
Clusters Planes
] and
Relationships

Structured (c)Update
Models Attention (p) Extract
\ — _ || Primal Sketch

Feature Plane

(e)Learn Attention (a)Foveate Generic
=
Structure Map Image Scenes

Figure5.1: Systems mainmodules.

During sceneexamination,an attentionmechanism(c) continuouslyupdatesa map which
weights points of interestin the scenesbasedupon the primal sketch featuresand colour
information. Theattentionrmechanisnfior themomentis theoneproposedy Grove andFisher
[GF9d, which wasnot usedin our experimentshecauseét did not deliver interestpointsthat
werealwaysconsistentithin a sameobject,regardlesof the sceneconfiguration.Research
on animproved attentionmechanisnis currentlyunderdevelopmenfSun0]. The foveation
areais smallerthanthe full scenesothatjust a smallersectionof theinputimageis analysed

atagiventime.

Module (d), for which a prototypeimplementatioris proposedn this chapter clustersprimal
sketch planes(representingprimitive objects)into modelclasses.It also storesinformation
aboutthescale position,orientationandsimilarity betweertheclusteredbjectswhichis used
by module(e) to build a representatiomescribingpossiblerelationshipsbetweenprimitive
modelsthat form larger structuredmodels. Module (e) is the focal point of this chapter A

brief descriptionof moduleg(d) and(e) canalsobefoundin [GFOQ.

Thesestructuredmodelscanin turn be usedto improve the attentionandmatchingprocesses.
In this thesiswe arenotconcernedvith theissuesof parallelismandthe useof subcomponent
evidencein the attentionmechanisnandmatchingprocesswhich werecoveredby Marques

[Mar9€g andMacKirdy [Mac97, respectiely.
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5.1.2 Model Representation

The systems architecturepresentedn the precedingsectionassumeghat thereis a set of
scene®r framesto be processedEachscene will be denotedby S. For eachsceneS, the
attentionmechanisnselectonly asubsebf the pointsto befoveated The j pointof sceneS
will bedenotedby P'i. Theresultof foveatingata givenpoint P/ is a stackof primal sketch
planesat all possibleorientationsandcontrastgtotalling 50 log-polarimageplanes) plusthe
originallog-polarcolourinformation(separateth red,greenandbluechannels)whichwill be

all togethemdenotedy vector f1, andrepresentaniconic modelinstance More explicitly:

fil = (Edges@0, Edges@3Q ..., Edges@®33Q
+Bars@0, +Bars@3Q ..., +Bars@15Q +Blobs
+Ends@0, £Ends@3Q ..., £Ends@33Q red, green blue) (5.2)

It would be possibleto take advantageof a multi-resolutionimageanalysisby extractingthe
imageplanesabore at differentretinal scalesjike in [GF9§ and[FM98], wherescalesof 1x,
1/2x and 1/4x were used. However, using several scaleswould incur higher computational
costs,so we simplified the representatiomn our experimentsto usejust the original scale.
The useof differentscalescould improve matchingandthe attentionmechanismbut, aswe

mentionedobefore theseissuesarenot at thefocal point of this thesis.

During the systems$ operationmodelinstancesarematchedagainsteachother We definean
iconic model R of classt asthe setof all modelinstancedhat are closeto eachotherwith

respecto asimilarity function Sm. More precisely for someclusteringthresholdCTHD:

fll e B < (SM(f",x) >CTHD) A
(Sm(f", %) > Sm(f", ) (52)
where Sm(f'J, %) is the averagesimilarity for all x € R and Sm(f"),y) is the average

similarity for all y € Ry4.

Any pair of modelinstancedelongingto a givenmodelarerelatedthrougha similarity value.

Whendetermininghis value,thematchingalgorithm(explainedin thefollowing section)also
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givesanestimatefor therelative scaler SandorientationrO betweerthesetwo instancesAll
thesethreemeasurementare storedin a table R;, which describeghe relationshipbetween

ary pair of modelinstance®f the sameclasst. This canbeexpresseds:

Re={(Sm(fp, fq), rS(fp, fa), rO(fp, fq) ) [ fp, fq € R} (5.3)
wherep,q € {1, ..., sized (R)}) indexesinstancewithin themodel.

5.1.3 Similarity Function

The matching betweentwo image regions is implementedusing the standardstatistical
cross-correlation coeficient betweentwo signals, as presentedoy Gonzalezand Woods

[GW9Z for thecaseof 2-D images:

p(f,0) chg@; (xy) = f) (9(x,y) - 97) (5.4)

wheref(x,y) andg(x,y) arethetwo imageso becorrelated;f andgarethemeanscalculated

overtheidenticalimagedomains;ot anday arethe standardieviationsdefinedby:

o — (X,y) — f (5.5)
f \/ Zg
-9 (5.6)

O-g ==

ﬁ

The function p(f,g) producesvalueswithin the continuousrangeof [—1,+1]. Whenthe
outputis near+1, thenthereis good correlation,i.e. when&er one function increasesthe
otheralsodoesin proportion. Whenthe outputis near0, thenthe functionsareuncorrelated,
which meanghatthereis no relationbetweenchangesn onefunctionandthe other Finally,
whenthe outputis near—1, thenthefunctionsareanti-correlatedi.e. whene&er onefunction

increasestheotherdecreasem proportion.

In additionto beingableto correlatea pair of imageregions,we needalsoasimilarity function
Sm to comparepairs of iconic model instancesas definedin Equation(5.1). Theoretical

analysishasshowvn that an effective multivariate cross-correlatiorcoeficient canbe simply
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the meanof theindividual cross-correlatiooeficientsof theindividual channel§ FO95 (or

imageplanesin our representation).

However, primal sketch featureplaneshave a different pixel distribution when comparedo
theimagecolourplanes:primal sketchplanesareusuallysparseasthey containonly a subset
of intensitypixels responsibldor representinghe detectedeaturegall the remainingpixels

arenull).

Consequentlya singlediffering pixel betweera pair of featureplaneswill have alargereffect
in decreasinghe cross-correlatiorroeficient thana differing pixel betweena pair of colour
planes.n otherwords,the cross-correlationoeficientsbhetweemairsof primal sketchplanes
will tendto be much smallerthanthe cross-correlatiortoeficients betweencorresponding

pairsof colourplanes.

From the abore, we decidedto calculatethe meanof the cross-correlatiorcoeficients for
featureand colour planesseparatelyand then computeSm asthe averagebetweenthe two.
Thisis equivalentof assigningaweightof -+ 1oo t0 eachindividual featureplaneandaweightof
% to eachcolourplane,asthereare50 featureplanesandonly 3 colourplanes.Thefollowing

equationshaws the calculationof Sm:

1 K

sm(f gy (5, gy) p f'Jg'J> (5.7)
( ( Z K—Wp: » ' )

Wheref J is the p" componenof vector £+ (similarly for g ) W is the numberof primal
sketchimageplanesin i (andg"l); andK is the total numberof imageplanesin " (and
g"), K =W is the numberof colour planes(K = 53 andW = 50). As the likelihood of
encounteringnverseimages(anti-correlated)s very small, we only consideredhe positve

(andzero)valuesof thefunctionp whencomputingSm, i.e.,p’ = maxp, 0).

Ideally, in orderto obtainan optimal outputfrom the similarity function, onewould have to
weighttheimageplanesaccordingo theirimportancdo thematchingprocesslt isreasonable
to think thatsomeimageplaneswill bemoreimportantthanotherswhenmatchinga particular
classof objects.It would be possibleto determingheseweightsby somelearningprocessor
by experimentationhowever this wasleft asafuturework. An experimentshaving theactual

outputsof thesimilarity function Sm onanumberof realimagess presentedn Section5.3.1
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5.1.4 Clustering Algorithm

Thepositionof theretina,andconsequenthary underlyinglocal objectfeature s obtainedby
simply looking attheinterestmap. But, whataboutthe scaleandorientationparametersThe
log-polarmapimplementedn our retinal representatioganhelp the procesof figuring out
the relative scaleandorientationsof an objectcomponentwvith regardto anotherpreviously

storedobject.

This is possibleby translatingthe log-polar map in both radial and angulardirectionsto
inexpensvely transformthe object featuresinto a numberof new orientationsand scales,
which are then matchedagainstalreadylearnt occurrence®f featureinstancedfor all the
existing models. The bestmatchwill possiblybe with the modelthe featureis represented

by. Thenthefeaturetogethemith its position,relatve orientationandscalearestored.

The relative position of featuresis only relevant to featuresfound in a samesceneimage.
Wheneer two or morefeaturesconsistentlyappeaiat the samerelative distanceto eachother
within a significantsetof images this providessomeevidencethatthey aresomehw related
to eachother possiblyaspartof a samerigid object. This sortof evidenceis usedin themodel
constructiorprocesglescribedn the next section.On the otherhand,scalesandorientations

aremeasuredelative to featuredoundin ary arbitraryscenemage.

Since the system$ architectureoperatesby analysingunlabelledimage regions, we need
to perform unsupervisedearning of object features(or components).In other words, we
needto build clustersof modelinstanceghat are similar to eachotherin orderto be able
to correctly constructgeometricmodels. Algorithm 5.1 gives a straightforvard solutionto
clustering. Without loss of generalitythis can be usedas a prototypefor designingmore

efficientalgorithms.

This algorithm was basedon a variation of the nearestneighbour classifier called the
minimum distanceclassifier[DH73], with two main differencesFirstly, unknavn patterns
are incorporatednto their correspondinglassesfter beingclassified. Secondly insteadof
storingthemeanfor eachclass(or prototype)to allow a singledistancecomputatiorperclass,
we storeall training instancesand computethe meandistancebetweenan unknavn pattern
andall storedinstances.This is intendedto eliminatethe inherenterror associatedvith the

meanclassprototypesvhenincorporatingnoisy misalignedor corruptedmagedata.
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Algorithm 5.1: Clusteringobjectfeatures.

for eachscenemageS do
for eachfoveationpoint P"I in the scenedo
obtain the j!" object feature f/ at position P"I by foveating the input sceneand
extractingprimal sketchplanes
if themodelbases emptythen
createa nev modelR, andstoref®) in it
else
generate setof scaledandrotatedversionsf’:) of f"] _
find themodelR thatgivesthehighestaveragesimilarity scoreC betweerits internal
objectfeaturesf*! andoneof the f™I variations
if C > CTHD then
insertf"l into R/
insertinto tableR
the similarity scoresSm( {1, fkl),
therelative scaleg S( "1, %) and
therelative orientationg O(f1, k), vkl ¢ R
else
createa newv modelR, andinsert fi} into it
endif
endif
endfor
endfor

In this algorithm, the processof generatinga set of rotatedand scaledversionsof object
component®or featuresis accomplishedy shifting the log-polarmapin two directions. In

Section3.2.4 we shaved that a rotation of k sectorsin the retinal spaceis equialentto a
translationof k units in the polar axis (1 unit denotesthe anglebetweenary two adjacent
receptve field sectors)whereasa changen scaleof BP in theretinal spaces equialentto a

translationof p unitsin thelog axis (1 unit denotedog(B), with B = 1.1).

Givena log-polarimagerepresenting retinawith 48 rings and60 sectors,jt would be very
expensve to computeall the translationalpossibilitieswithin this space. Moreover, not all
scalesvould have sufficient datato allow discrimination.Therefore we usedonly a subsebf
the possiblevariationsin scaleandorientation. We variedthe first parametefrom -8 to +8
ringsin stepsof 2, which meanshe detectedelatve scaleswill bewithin this setof discrete
values:{ 0.48,0.58,0.70,0.83,1, 1.20,1.44,1.72,2.07 } (here,theactualB valueof 1.095
wasused).We variedthe secondbarametefrom 0 to 60 sectorsn stepsof 5, whichyieldsto

angleswithin this setof values:{0, 30,...,330}.



CHAPTERS. LEARNING ICONIC MODELS 105

To measurdhe similarity betweenary pair of featureswe usethe similarity function Sm as
definedin Equation(5.7). The clusteringthresholdCTHD is experimentallydeterminedn
Section5.3.1

Giventherearel interestpointsto processAlgorithm 5.1 requiresl (I — 1)/2 full matchings
to build clustersfrom thesepoints, which meanshatthe time compleity is quadraticin the
numberof interestpoints. We considera full matchingasa matchinginvolving all therotated
andscaledversionsof a given objectfeature. However, the spacecomplity is lesscritical

sinceit is linearin the numberof interestpoints.

A simple matchingbetweentwo modelinstancedakes about3 secondd4o computeusinga
700MHzCPU.Consideringhatwe dothis at 8 differentscalesand12 differentorientationsit

takesabout288secondso have afull matchingscorebetweerary pairof modelinstancesSo,
if we have 10imageswith anaveragenumberof 10interesipointsperimageto matchpairwise,
this gives4950combinationswhich multiplied by 288 secondsvould take a staggeringl6.5

daysto compute.

Thus,thereis clearly a lot of roomfor optimisationwith respecto matchingandclustering.
The utilisation of afasterCPU, parallelhardware,or the designof a distributedversionof the
algorithmwould be goodstartingpointsfor speedingup the computatiortime. Nevertheless,
Algorithm 5.1 is still feasibleandusefulasaresearchool in its currentstagef we considered
no more than half a dozensceneimageswith a few interestpoints (2-6) perimage,asthe

processingime would bewithin therangeof afew hoursup to 2 days.

The modelsk createdby Algorithm 5.1 andthe correspondindz; tablesstoringthe feature
relationshipgrelative scalesporientationsand similarity scores)are usedasinput to the next
and mostimportantstepof our approachto iconic modellearning: inferring structurefrom
the imageevidence. Next sectionexplainsin detail how this can be accomplishedisinga
graph-basedepresentatiorthat storeshypothesesaboutfeature correspondenceand rigid

body constraintbetweersetsof features.
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5.2 Learning Structured Modelsvia a RepresentationalGraph

In this section we explain how to infer geometricrelationshipdetweerpbjectfeaturemodels
learntaccordingto the processlescribedn the previous section.A generalprinciple adopted
in this work is that the recognitionof consistenggeometricrelationsallows the inferenceof
largerstructuralobjectmodels.For thepurpose®f thisthesiswe assumehatobjectscanonly
have 2-D similarity transformationrotation,scalingandtranslationin oneobjectcomponent

generatean (approximatelyequaltransformatiorin all the othercomponents.

The approachadoptedto solve the structurelearning problemwas to build a graph-based
representation.Figure 5.2 gives an overvien of the entire processwhich is an expansion
of module(e) shavn in Figure 5.1 The generalaspectsof the approachare discussedn
this sectionwith referenceo the processe¢e.1)-(e.7)shavn in Figure5.2, whereaghe more

detailedinformationis givenin subsequergections.
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Figure 5.2: Processegroundedboxes) and data(rectangulatboxes) involved in building a
relationalgraphfrom aniconic modeldatabase.

Vertices(e.1) arederived from the Cartesiarproductof the setsof objectfeaturesof a given
typefoundin eachof thescenesndarerankedaccordingo afunctionthatuseghesimilarities
betweertheirinternalcomponenteatures They represenhypothesefor thecorrespondences
betweenobject featuresof a sametype acrossa setof scenes. Verticesrepresentingpoor

hypothesisare eliminated(e.2). Thereis a mechanismembeddedn the vertex creationthat
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allows for the possibility of missingfeatures.

An edge(e.3)in thegraphrepresents hypothesisabouttherelationshipbetweerthefeatures
within thetwo connectingverticesandis ranked accordingto the compatibility betweerthese
two vertices.This compatibilityis evaluatedasa functionof four mainfactors:(1) therelatve
scalesand(2) therelative orientationswithin pairsof featureof theconnectingrertices;(3) the
anglesand(4) thelengthsof thevectorsdefinedby a pairof correspondingnstancecoordinates

in asamemagetakenfrom thetwo connectingvertices.

Edgeswith low rankingsor connectingnconsistenverticesareremovedfrom thegraph(e.4).
The problemis thenreducedo finding the maximalcliquesof the graph(e.5). Detailsof the

processaregivenbelow.

5.2.1 Vertices

Eachobjectfeaturemodel R createdby the algorithmdescribedn Section5.1 containsa set
of instancesf} foundin eachsceneémageS. An initial problemfound whendesigningan
algorithmto learnrelationshipdrom thesesetswasto dealwith the occurrenceof multiple
unrelatedmodelinstanceof a sameclassin the scenes.In otherwords, how to accountfor
the combinationf instanceshatappeaiat consistenpositionsandorientationsandseparate
themfrom thosewho dont? We solve this problemby takingthe completecombinatorialset
of instancesEachN-tuplefrom this setwill beavertex in ourgraph.The setof all verticesv;
of agivenfeaturetypeis the Cartesiarproductbetweerthe setsof instance:i;:ti of typet found

in scend:

Vi =FR!xF%x...xFN (5.8)
whereN is thetotal numberof sceneémagesanalysed.

Equation(5.8) canbeexpandedasV; = {vi, Vo, ..., v } whereM is thetotalnumberof vertices.
Eachvertex v, of typet canbe expandedasv, = (ftl’jl, cees ftN’jN), where jx € {1, ...,
siz§FRX)}. As we will not needthe positionsk of the instancewithin animage,for the sale
of simplicity, we aregoingto remove theseindexesthroughouthis section,unlessotherwise
stated.Also, we aregoingto dropthetypet for thefeaturemodelclass,asfrom now on they

will bedistinguishedy theletterrepresentingheinstancatself.
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In orderto copewith the possibility of modelinstance$eingmissingin someimagesasthe
attentionmechanismmight fail searchingat somelocations,occlusionmight have happened
andsoon,weintroducea* (wild-card)modelinstancewhichis addedo the setsof instances

F' foundin scene beforecomputingthe combinatorialsetsthatdefinethe vertices.

Vertex Ranking

If thesimilarity scoresbetweerpairsof vertex elementsSm( f', f1) arethoughtasprobabilities
of thoseelementdbelongingto a samefeatureclass thena naturalway of definingthe rankof
avertex is by multiplying all the similarity scores.As aresult,for a vertex to be strongall of
its elementdave to bevery similarto eachother However, asthe numberof imagesanalysed
increasesthe final ranktendto decreasexponentiallytoward zerosincetypical similarities
will be within the openintenal ]0,1[. One way to get aroundthis problemis to usean
exponentialnormalisatiorwrapperwhich is a functionof the numberof vertex combinations.
Thisfunctionjustanswershesimplequestionif all similaritiesbetweerverticeshadthesame
value,whatwould thatvalue be so that the final productwould yield the actualvertex rank?

Equation(5.9) shavs thevertex rankingfunctionused:

N-1 N

RanKv;) = <rl _|__|l Sn(fi’fi)> (N,W)(vavfl)’ (s 59)
i=1 j=i+

whereN is the numberof featureinstancesn the vertex (N is alsothe numberof images
analysed)W is the numberof wild-cardsin the vertex, Smis the similarity function between
two featuresf!, f1 (valuesfor this function are obtainedvia Algorithm 5.1, and are always
within therange[0, 1]). We do not considerary combination(f!, f1) thatcontainsatleastone

wild-card.

It is possibleto usemary otherapproache$o obtainthe rank of a verte, like, for instance,
averagingall thesimilarity scoresSm(f', f1) betweerpairsof constitueninstancesOneclear
differencebetweerthis approachandthe previous oneis thatalow similarity pair of vertices
wouldbelessimportantto reducingthefinal vertex rankthanwhenusingtheproductapproach.
As thevertex ranksplay aminorrole in actuallyfinding the structuralmodels(they actmainly
asa weightto the final clique scores)the investigationof differentfunctionswill be left as

futurework.
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Vertex Pruning

Onesideeffect of the additionof the wild-cardinstanceds thattherewill be now a number
of verticeswith mary *'s when comparedo the numberof real object featureswhich can
causerelationshipsheinglearntbetweenoosefeaturesor verticesthat do not represenary

plausiblereal objects. If thereareM; instance®f featuretypet in imagei, thenthe number
of verticesproducedis |‘|i’\‘:1 (M; + 1), whereO, 1 or 2 aretypical valuesfor M;. To reduce
the numberof vertices,we allow only K *' s pervertex (typically K=1 or 2) during the node

creationprocess.

Ideally, we wantto satisfythe constraintk << N (N is thetotal numberof images)}o prevent
the creationof verticesthat do not have enoughimage evidenceto supportthe presence
absenceof features. If the numberof imagesN is too small, e.g. N=2, allowing 2 or 1
wild-cardswould createverticesthatareall wild-cardsor have only onenon-wild-cardfeature.
Theseverticesare inappropriate,since we cannotcomputewhetherthe featurerepresents
a genuinerelationshipor is only coincidentalduring the edge creation process,which is

describedateronin this section.Thesameis trueif N=3 andwe allow 3 or 2 wild-cards.

Thus,it is clearthattherehasto beanupperboundto thevalueof K. We definethemaximum
K asafunctionof thenumberof imagesanalysed in suchawaythatthenumberof wild-cards
presenin avertex is never biggerthanthenumberof realfeaturesseeEquation(5.10, except
whenthe numberof imagesis too small,i.e. N < 2, in which casewe do not allow ary

wild-cardsatall.

An obvious consequencef the abore is that if an objectfeatureis missingin more than
Kmax imagesthenthe vertex creationprocesscannotrepresenthat feature. Limiting K also
reduceghe combinatorialexplosion of vertices. We do not thresholdthe vertex rankingsas

thresholdinghasalreadybeenappliedwhenclusteringfeatureswith Algorithm 5.1

C[INT(]) ifN>2
Kmax(N) = { 0 otherwise

wherefunctionINT () truncatests agumentdowvnwardto the nearestnteger

(5.10)
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5.2.2 Edges

An edgee = (a,b) connectstwo compatibleverticesa and b in the graph. Verticesa =
(a,...,aV) andb= (bt,...,bN) arecompatiblef for eachpair of featureinstancesn different
images(a,al) taken from thefirst vertex, which arerelatedby a given scaleandorientation
W(a,al) = (r§(@,al),ro(a,al)), the correspondingair (b',bl) in the secondvertex hasits
componentselatedthroughanapproximatelyequalrelative scaleandorientationW (b', bl) =
(rS(b',bl), rO(k', bl)). Moreover, eachpair of featureinstancecoordinategPy, Py) and(Py;,
P,i) taken from the samevertex positionswill definea pair of vectorsQ(a,b') = (A(a,b'),
D(a,b')) andQ(al,bl) = (A(al,bl), D(al,bl)), whichwill be approximateljthe samewhen
taking into accountthe feature$ relatve scalesand orientations. Function A computesthe

vectorangleandD, its length. The above conceptareillustratedin Figure5.3

Scene i _ Scene |

e o o Q(a b) e o o
bl
Figure5.3: Relationsbetweervertex componentso form anedge.a = (a', ..., a, ..., aj,
LaY),b=(bl, ..., 0, ..., bl ..., bN) areverticesconnectedhroughan edgee(a,b). W

containgherelative scaleandorientatlorbetweerthetwo componenfeaturesW relateghese
component@acrossimageswhereadQ containsthe angleandlengthof a vectorlinking two

componentsrom distinctfeaturesn the samesceneémage. Featurepairings(a',b'), (a',al),

(b',bl) and(al,bl) arethebasisfor computingtherankof anedge.

Edge Ranking

Fromthe previous paragraphis possibleto concludethatthe rank of an edgeis definedasa
functionof four mainquantities:(a) therelative scalesand(b) therelative orientationswithin
pairsof featuresof the connectingvertices;(c) the anglesand (d) the lengthsof the vectors
definedby a pair of correspondingnstancecoordinatesn a sameimagetaken from the two
connectingvertices.Oneof the simplest,yet powverful, waysof comparingthesequantitiesis

by usingnormalisedabsolutedifferences Equation(5.11) shovs how to compareherelative
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scaleof correspondindeatureg@,al), (b',bl) foundin two verticesa andb.

i . abgr(b,bl)—rg(d,al))
St =1- rS(b', bi) +rS(al, al)

(5.11)

Equation(5.12 shavs the samefor relative orientationsgxceptthata normalisatiorfunction
O (Equation(5.13) is now requiredto take into accounthefactthatorientationsaremeasured

in a closedcircle (e.g. theangles35% and1° areactuallyvery closeto eachother but their

absolutddifferenceis high).
ij > i pl) — i A
AQH 1 Oabgro(b',bl) —ro(@, a))) 512
180
5 360—x, if x> 180
o = { X, otherwise (5.13)

TheangleA(al, bl) of thevectordefinedby apair of correspondingnstancecoordinategfrom
the samescenej), taken from the two connectingvertices,is expectedto be the sameangle
foundin ary otherpair of instancecoordinategat anotherscene)apartfrom the rotationthat
eachof thefeaturepairsmighthave sufferedfrom onesceneo another Herewe have to decide
which featurepair givesthe bestestimatdor theanglein thesecondgscenesowe computetwo
differencegEquation(5.14)) andtake the minimum betweerthesedifferencesseeEquation
(5.15. Although normally both valuesare the same,we take the minimum becauseof the
possibilityof imprecisecalculationsatthe earlierstagesfor exampledueto noiseor dueto an
attentionmechanisnfailureto pick up a particularobjectfeature.Note thatthe normalisation

function O hasto be usedagainasorientationsarecompared..

abgA(al,bi) — (ro(a,al) + A(a, b))
dAy) = abgA(al,bl) — (ro(b),bl) + Adl, b)) (5.14)

2
Il

~ MIN(G(dAY!), O(dA))

AAY =1
180

(5.15)

Similarly to theanglecomparisonthelengthof thevectorconnectingwo featuresn animage

shouldbepreseredin ary otherimage,apartfrom the changdn scalethateachof thefeature
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pairs might have suffered from one sceneto another Again, the featurepair that givesthe
bestestimatefor the scaleon the secondsceng(Equation(5.16)) hasto be chosenEquation
(5.17). Notethatthistime, thenormalisatiorfactor(calledhereq}) depend®ntheminimum

valuethatis chosenEquation(5.18).

dD}} = abgD(al,bl) - (r§a,al) x D(a,b')))
dD;! = abgD(al,b) — (rS(b,b) x D(d,b'))) (5.16)

MIN(dD}!,dD}))

AD" i =1— 7 (5.17)
i D(a'}b':) + (rs(af,al:) x D(a?’b?))v if dDg’ < dD{;j (5.18)
4= D(al,b') 4+ (r§(b',b’) x D(d,b')), otherwise '

As with the vertex rankingfunction, it is alsoreasonablé¢o think the rank of an edgeasthe
productof theintermediataanks(or evidences)alculatedabove. Thedifferencehereis that
we have four separatevariablesto combine,which give an estimatefor the compatibility of

the connectedrerticesin termsof scaleorientationandvectorangle/length.

One could multiply the productsof thesevariablesall togetherto get a final rank, but the
presenceof a single null value amongall combinationswould causethe whole estimateto
be zero. A more conserative approachwould be to averagetheseproducts,but the risk
herewould be to acceptfeaturesthat are completelyout of place,with the wrong scaleor
orientation. Sincewe want our modelsto be as preciseas possibleand outliers may be
interpretedas a missingfeatureswhich are alreadydealtwith by the wild-card featureswe
decidedto take the first of the abore approachesseeEquation(5.19. As with the vertex
function,a normalisingwrapperis alsousedhereto compensatéor thefastrank decaywhen

the numberof featurecombinationsncreases.

N—=1 N N(N—l)—nW(a,b)z(ZN—nW(@b)—l) S
, a,al,b,b £« (5.19)

RankKe) = ASAQH AAY I ADY]
(.1,

whereN is thenumberof scenemagesanalysednW(a, b) is the numberof wild-cardsfound

in verticesaor b (Equation(5.21)) sothattheexponentrelateso thenumberof featurepairings



CHAPTERS. LEARNING ICONIC MODELS 113

not containingwild-cards(more detailsaboutcalculatingthis numberare given in the edge
pruning sectionbelow); AS'i, AO"I, AA:I andAD"! are calculatedaccordingto Equations
(5.11, (5.12, (5.19 and(5.17), respectiely. We simply discardary featurepairingsthat

have atleastonewild-card, sincethey cannotbe computedbasedon realimageevidence.
EdgePruning

The numberof edgeshat canpotentiallybe createdrom a setof verticesis quadraticin the
numberof vertices.We have alreadytakenmeasure$o keepthevertex setassmallaspossible,
asdiscusseckarlier Moreover, the numberof cliques,describedn the following section,is

exponentialin the numberof verticesand edges. Therefore,one musttake careto prevent

having anedgesetthatis toolarge.

We usedfour mechanismgo prunethe edgespace.The initial three act during the edge
creationprocessThefirstoneeliminatesedgeghatlink pairsof verticescontainingatleastone
commoninstanceatthe samefeaturepositionwithin the vertex list, asthey cannotcorrespond
to ary realfeaturerelationshipsMore formally, remove edgee = (a,b), wherea= (al, ..., aN)

andb= (b%,...,bN) <= Ji.d =b.

The secondmechanismignoresedgesin which no pairing involving real featuresfrom the
connectingrerticess possiblg(Figure5.3shavstherole of featurepairingsin creatingedges).
For instance,vertices (a', x,a%) and (b',b? *) would not form an edgesinceall pairings
of featuresusedto computethe edgerank containwild-cards, but vertices (at,a?,*) and
(b, b?, %) would form an edge, since the pairingsinvolving real featuresat,a?, b*,b? are
possible. Note that the vertex limitation on the numberof wild-cardshasnot beenviolated
in both casesabove, however only the secondpair of verticeswould be suitableto form an

edge.

This mechanisntanbereadas: if thereis no realimageevidenceto supporttherelationship
betweentwo vertices,thendo not createan edgeinvolving thosevertices. In mathematical
terms, we definethe logical predicatenoReaPairing(a,b) thatis true when&er no pairing

involving realfeaturedrom verticesa andb is possible:

noReaPairing(a,b) <= N(N—-1) = nW(a,b)(2N — nW(a,b) — 1) (5.20)
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whereN is definedasbefore thenumberof scenesinalyseda=(al,...,aV) andb=(b?,...,bN)

arethetwo vertices,andnW is a functiondefinedby Equation(5.21):

nW(a,b) = i hagv(a',b') (5.21)

where function hadV(x,y) returns1l wheneer featurex or featurey is a wild-card and 0

otherwise seeEquation(5.22):

1 if (x= %)V (y = *)

0 otherwise (5.22)

hasV(x,y) = {

FunctionnW countsthe numberof wild-cardsin a or b, so that the numberof pairings
involving wild-cards can be computedas (nW(a,b)(2N — nW(a,b) — 1))/2. The total
numberof possiblepairingsbetweerthe verticesis N(N — 1) /2. Thus,if thesetwo numbers
arethe sameno realfeaturepairing betweerthe two verticesis possible which demonstrates

how Equation(5.20 wasformulated.

The third mechanisnmusedduring edgecreation,thresholdingdiscardsedgesranked below
a given threshold,so that edgesrepresentingpoor or wrong hypothesesre discarded. This
thresholdplaysanimportantrole in decidingthe level of toleranceto outliersthe systemwill
have: choosea thresholdthatis too smallandlots of outliersmay getinto the clique finding
processcausingan excessie numberof modelsto be created,choosea thresholdthatis too

highandgoodhypothesesnaybethronvn awvay.

The last mechanismis more sophisticatedthan the previous ones, as it deals with
the equivalenceof edgeswhile taking into accounthe possibility of wild-card features.This
mechanisnis usedonly afterall edgeshave beencreatedcandevaluated Algorithm 5.2 shavs

how this lastedgepruningmechanisnis implemented.

Themainideabehindthealgorithmis to remove anedgewheneer two equivalentedgesoccur
If thenumberof wild-cardsin bothedgesarethe samethenremove theedgewith thesmallest
rank. If thenumberof wild cardsdiffers,thenremove the edgewith morewild-cards.A final
garbagecollectionstep(not shavn here)simply createsa new setof prunededgeshy adding

only the edgeswhichwherenot markedfor removal.
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Algorithm 5.2: Pruningthe setof edgesE.

fori=1tosiz€E) — 1 do {Edge i to be compared with all remaining edges}
ei < E(i)
for j =i+ 1tosizdE), ei# NULL do {See the remaining edges given €i is not marked for
removal}
ej < E(j)
if ] # NULL then {ej is not yet marked for removal}
nWi < nW(ei)
nWj < nWi(ej)
ri < Rankei)
rj < Rankej)
if equiv(ei,ej) then {Check whether ei and ej are equivalent}
if ((NWi =nWj)and(ri <rj)) or(nWi > nWj) then {If wild-card numbers are
the same, mark the lower ranking edge for removal, if different, mark the one with more
wild-cards}
ei< NULL {Mark edge ei for removal}
E(i) < NULL
else
ej <= NULL {Mark edge ej for removal}
E(j) < NULL
endif
endif
endif
end for
endfor

Twoverticesv =(V1,... W), w=(wl,... wN) areequialentif they have thesameor equivalent

pairwisefeatures:

equiv,w) <= Vi=1...,N. (V=wW)V(V =%) VW =x) (5.23)

Sincethe graphwe build is undirectedwe considertwo edgesel =(al,bl), e2 =(a2,b2) as

equialentif atleastonepairwisecombinationof their verticesis equivalent. More formally:

equiel,e2) <= (equiyal,a2) Aequi bl,b2))V
(equiyal,b2) A equivbl,a2)) (5.24)
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5.2.3 Cliques

The processeslescribedabore constructsa graphG consistingof a setV of vertices,which
represenhypothesedor the correspondencdsetweenobjectfeaturesof a sametype across
a setof scenesanda setE of edgesconnectingpairsof unorderedvertices,which represent

hypothesefor therelationshipshetweerthesefeatures.

GivenagraphG = (V,E), acliqueC in thegraphG is asubsebf V in which all verticesare
pairwiseadjacentj.e.,Vv € C-V (w#v) €C- (vw) € E. A maximalcliqguein G is
acliquethatis not a propersubsetof ary otherclique,i.e., givenCLIQUES s the setof all

possiblecliquesin G:

isMaximal(C € CLIQUES) <= V (X#C) e CLIQUES- C ¢ X (5.25)

A maximunxcliqueis a maximalclique of largestsize(numberof vertices).If we think about
rigid objects,a maximalclique would thereforerepresentll possiblegeometricrelationships
betweerthe featuresf anobjectandwould be supportedy the multiple occurrencesf these
featuresin a setof scenes.Thus, maximalcliquescanbe seenasgeometricmodelsfor the
rigid objectsfoundin the sceneslt would beredundanto keepcliquesthatarenot maximal
sincethesearealreadyincludedin the maximalcliques. The maximumclique(s)are not of
specialinterestto us becausdhey represenhothingmorethanthe largeststructuredobjects
found (the oneswith morefeaturesor components)Consideringhatwe canpotentiallydeal
with anarbitrarysetof distinctobjects,the solutionto the structurelearningproblemis not a

singlemaximalclique, but a collectionof them.

Although the clique finding problem has beenshavn to be NP-complete,there are mary
algorithmsthat use a variety of heuristicsto achiee reasonablgerformanceon arbitrary
graphgsee[MPW98 and[W0097] for someexamples).As the performancef cliquefinding
algorithmsis notacentralissueto thisthesis we decidedo useoneof thesimplestapproaches,
whichweadaptedrom thealgorithmfor graphmatchingoy cliquedetectiorfoundin [Mes93.
This algorithmwasdesignedo find only maximumcliguesandhasbeenadaptecereto also
find cliguesof ary sizegreaterthanl. The original algorithmis closelyrelatedto the largest
independenset detectiongivenin [Chr75. We performthe maximal clique detectionin a

separat@rocesswhichis a straightforvard implementatiorof Equation(5.25.
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Algorithm 5.3finds cliquesof a givensizei by expandingthe cliquesof sizei — 1. It takesas
input a graphG = (V, E) andreturnsin the superseCLIQUES all the cliquesfound. In the
first step,C, CLIQUESandL(k) V k= 1,...,sizgV) areinitialisedasempty Then,a vertex
Va € V is selectedsuchthatv, hasnot beenusedbefore. In otherwords,if v, ¢ L(K) for ary
k <ithenv, isaddedo thecurrentlist L(i) sothatit will notbeusedagainfor thesameclique.
In thefollowing step,it is thenchecledwhetherv; is directly connectedo eachof thevertices
foundin C suchthatCU {v,} formsaclique. If so,CU {v,} is addedto the setCLIQUES.
The searchor cliquescontinuesuntil for somesizei no new vertex v, canbe addedto C, in
which case the algorithmbacktrackdo thesizei — 1 by removing thei — 1-th vertex from C,
emptyingL(i) anddecrementing by one.As long asi is largerthanone,it is possibleto find
new cliguesandassoonasi becomeserowe know thatall cligueshave beensuccessfully

detected.

Algorithm 5.3: Findingall cliquesin agraphG = (V,E).

i <= 1 {Current search clique size}
C < 0 {cCurrent clique found}
CLIQUES<«= 0 {set of all cliques found }
L(k) <=0,V k=1,...,sizdV) {Set of vertices used for a given size}
while i > 0 do {Search for cliques of size i}
if Iva eV with vy ¢ L(K), Yk <ithen
L(i) < L(i) U{Va} {Mark v as used for size i}
if 3e3=(Va,Wa) € E, VW, € Cthen {If v4 connects with all vertices in C}
C < CU{Va} {Expands C with vy}
if sizgC) > 2 then {Only cliques of size 2 or more are considered }
CLIQUES<«= CLIQUESU {C} {Add C to the set of cliques found}
end if
i <= i+ 1 {Search for cliques of the next size}
else{Backtracks to size i — 1}
remove thei — 1" vertex from C

L(i))<0
i<i—-1
endif
endif
endwhile

After all cliqueshave beenfoundusingAlgorithm 5.3, maximalcliquesareextractedby simple

cross-checkingAlgorithm 5.4 detailsthis process.
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Algorithm 5.4: Extractingthemaximalcliques.

MAXCLI QU ES<= 0 {Set of extracted maximal cliques}
for i = 1to sizdCLIQUES) do {For all cliques found }
C < CLIQUESY(i)
isMaximal <= TRUE {Maximality flag}
for j = 1 to sizdCLIQUES), isMaximal = TRUE do {Select cliques T for testing with C
until all cliques have been examined or maximality requirement is broken}
if j #ithen {Prevent testing C with itself}
T < CLIQUES(]j) {Select clique T for testing}
if (T # NULL) and(C C T) then {T is maximal or not yet tested with C, and C is a proper
subset of T}
isMaximal <= FALSE {Requirement for C being a maximal clique broken}
endif
endif
endfor
if isMaximal= TRUE then {C is not a proper subset of any other clique in CLIQUES}
MAXCLIQUES<« MAXCLIQUESU {C} {Insert C into the set of maximal cliques}
else
CLIQUES(i) <= NULL {Discard C as it is not maximal }
endif
endfor

Cligue Ranking

Thenext stageis to rankthecliques.Therankof acliqueis definedasthe productof themean
vertex andedgeranks. In Equation(5.26 we usedthe samenormalisatiorapproachapplied
to the vertex andedgerankingfunctions,which consistedn raisingthe resultto a power that

is inverselyproportionalto the numberof elementsn the product.

RanKCLIQUE) = (V x E)

Nl

(5.26)

whereV andE arethe meanvertex andedgeranks,detailedin Equations(5.27 and (5.28),

respectiely.

1

VvV = szev Rankv) (5.27)
- 1
= 7size(E)v;E RanKe) (5.28)

Thereis no indicationthat we needto prunethe set of maximal cliguessincethe weak or
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incorrecthypothesesvill be discardedat the earlieredgepruningstage. The useof a clique
thresholdcould be helpful to prunesomeunusualor unpredictedesults,howvever, thesehave

notbeenfoundin the experimentsdevelopedin this thesis.

5.3 Exploratory Experiments

Theobjective of thissectionis to shav how theclusteringandthestructurdearningalgorithms
presentedh this chaptebehae underanumberof experimentakonditions.Thefirst question
that we would like to answeris hov muchthe matchingscoresof the clusteringalgorithm
(given in Section5.1.4 degradewith the misplacemenbf the fixation points, which are
provided by anattentionmechanismlit would alsobeinterestingto know how / if the nature
of the objects (highly structured/ non-structuredyand the kind of background(textured /
non-textured)influencetheresults. Theanswetto theabove questionss importantasit shavs

whatwould bethetoleranceof the clusteringalgorithmto arealattentionmechanism.

Anotherimportantquestionis relatedto the sensitvity of the structurelearning methodto
errorsor deviations in the earlier processese.g., how the resultsdegradewith misplaced
fixation pointsor impreciselydetectedscalesandorientations™oreover, it would beequally
importantto addthe possibility of someof the objectfeaturesbheingmissed,in orderto test
thewild-card behaiour. Finally, onemaywantto know whatis the sensitvity of the system
to the size of the problem,in otherwords,whatarethe upperandlower boundsto which the

systemworks satisactorily?

5.3.1 Misplacementof the Fixation Points

The first and simplest experiment that we performed was to evaluate how the
similarity functionbehaesunderthe situationwhena pair of modelinstancess not perfectly
aligned. In otherwords,we wantedto know how far afixation point could be from the actual
model instancecoordinateswvhile maintaininga good matchingscore. The importanceof

this experimentis threefold: firstly, it providesan indication on how accuratean attention
mechanisnattachedo thesystemhasto be;secondlyit givesaroughideaaboutthethreshold
to beusedwhendecidingwhetheragivenmodelinstanceshouldbeaddedo anexistingiconic

modelor be usedto createa new one;and,thirdly, it alsoindicateshow stablethe processs
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goingto be.

Sinceit would be an impossibletaskto perform this experimentwith all imaginablekinds
of images,we hadto narrav down the input spaceby choosingtwo high level propertiesof
the sceneghatwould be relevant for causingsensiblechangedo the outputof the similarity
function. We chosahecompleity of theobjectunderthefocusof attentiorandthecompleity
of the background.A comple objectis definedas an objectthat containsmary structural
componentdik e textures,edgescoloursetc, whichwould malke it moredistinguishabldrom
theothers whereasa simpleobjectis theotherway around.We distinguishbetweertwo kinds
of background:plain, whenit is essentiallyformed by an homogeneousolour or pattern,
having little informationto disturbthe matchingof a centralobject;andcluttered whenthere

is structurethateventuallycouldtroublematching.

The experimentconsistedf initially choosinga fixation point on the objectandextractinga
modelinstancahere.Then,all possiblefixation pointsinsidea circle centredonthefirst point
wereusedto generateeighbouringmodelinstanceswhich werein turn comparedo thefirst
modelinstanceaccordingo the similarity metric. All theresultingsimilaritiesarerepresented
alongthey-axisof a 3-D graph,with the x-z axesrepresentindgocal imagecoordinatesnside

thecircle. Plotsof theaveragesimilaritiesversustheradii of thesecirclesarealsopresented.

Appendix B illustratesthe four possiblecombinationsbetweenthe above sceneproperties.
FigureB.1 shawvs the experimenton a simpleobject,plain background FigureB.2 shavs the
experimenton a simple object, clutteredbackground. Figure B.3 shawvs the experimenton
a comple object, plain background. Finally, FiguresB.4 andB.5 shav the experimenton

comple objectsandclutteredbackgrounds.

It is possibleto drav two main conclusionsfrom thesefigures. The first conclusionis that
regardlessthe sceneproperties,on averagethe similarity scoreswent down to near0.5 at
about3 pixels away from the centralfeature which givesus someindicationof thethreshold
CTHD to usein Algorithm 5.1 For instance,with a thresholdof 0.5 and not considering
the variationsobjectsmay suffer from onesceneto anotherwe will still be ableto correctly
classifymodelfeatureswithin a radiusof 3 pixels away from the centralfeature.Thesecond
conclusionis that, point-wise,the similarity scoreis muchmorerobust to the misplacement

of thefixation pointsalongthe symmetryaxis of the objects.For example,in FiguresB.3 and
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B.4, high scoregabove 0.5) wereobtainedalongthe symmetryaxis asfar as 16 pixels away

from the centralfeature.

5.3.2 Experimentswith Synthetic Scenes

In orderto studythe behaiour of the structureearningapproachn away thatis independent
of thematchingalgorithmusedwe syntheticallygenerate sortof “canonical”iconic model

databaselerivedfrom a setof four hypotheticakcenesFigure5.4illustratesthesescenes.

We considered classof objectsformedby atriangulararrangemenof threefeaturetypesor

models,a, b andc, representeth thefigure by a hexagon(red),a squargblue)andatriangle
(green),respectiely. Scenel containsan objectinstanceat its naturalscaleandorientation,
whereasScene2 containsan objectinstancewhich wasrotated18(° and scaleddown by a
factorof 0.5. Scene3 containstwo objectinstancesthe first onerotated90° anticlockwise
andscaledup by afactorof 2, andthesecondnerotated27@® anticlockwiseandscaleddowvn

by afactorof 0.5. Finally, Scened is a versionof Scenel which wasrotated9(° clockwise

andscaledup by afactorof 2.

Table5.1shavstheiconic modeldatabasesif it wasgeneratedrom thescenesn Figure5.4.
Eachcolumncontainsa particularfeatureinstancerepresentedby its labelandlocation,plus
the relative scalesprientationsandsimilarity scores(rSrO, Sm) betweerthe featureandall
of its predecessorsf a sametype. The main diagonalsof the sub-tablearenot shavn asthe
edgeconstructiornprocesdoesnot includeself-connectedertices. The lower half diagonals
are also not shawvn becausdhey are symmetricto the upperhalf (we build a graphthatis

undirected).

How Structur e Learning Works in Practice

Beforerunningthe entire systemon real complex sceneswe would lik e first to demonstrate
how the proposedstructurelearningapproachworkson a simplercase sothatthe algorithms

andrepresentationsanbe moreeasilyunderstood.

The edgethresholdwasinitially setto an arbitrarysmallvalue (0.01). Whenpresentinghe
vertex, edgeandcliqueresults asequentiahumber(labelled#") is usedto identify individual

componenti thetable. Althoughthegraphcomponentsvill appeasortedby theirranks,the
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(a) Scenel (b) Scene

ct'=(100,100)

b*'=(0,50) r a>'=(50,50)
b1,1:(100,0) 02‘12(0 0)

(c) Scenes3 (d) Scened

a*'=(0,200)

b>'=(200,200

¢>?=(350,0
3,2 \
a*2=(300,50)

b*2=(300,0)

4,1_

¢*'=(200,0)

Figure5.4: Four hypotheticalcenesisedto synthesisaniconic modeldatabase.

solepurposeof this sortingis to helpanalyseheresults.

In aninitial experiment,we simply ran the structurelearningapproachusingthe datafrom
Table5.1asinput. Regardlesof the numberof wild-cardsallowed pervertex (we testedwith
0, 1 and?2), thefinal output(Table5.2) wasalwaysthe same:the correctcliquesrepresenting

therigid objectspresenin thescenes.

Table5.3 summarisethe numbersof vertices,edgesprunededgesraw cliquesandmaximal
cliquesinvolved whenbuilding the graphfor eachnumberof allowed wild-cards. Thetable

alsoshavs how mary passesvererequiredby thecliquefinding algorithm.

Note that, althoughthe numberof verticesandedgesincreasesvhenthe numberof allowed
wild-cardsgoesup, thenumberof prunededgesandverticesremainghe same.Thisis agood
indicationthat the edgepruning strategy is doing a good job at removing redundantedges,
sincethe syntheticscenegdo not have ary missingfeatures. Thereis also someadditional

evidencein supportof that from the fact that the final numberof maximal cliquesdid not
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L@ |

a27l (50,50) | a371 (200,0) | a372 (300,50) | 61471 (0,200) ||
att 00 0.50,180,1.00 2.00,90,1.00 | 0.50,270,1.00 2.00,270,1.00
a1 (s050) 4.00,270,1.00 1.00,90,1.00 | 4.00,90,1.00
a>T 200,0) 0.25,180,1.00 1.00,180,1.00
a3 (300,50) 4.00,0,1.00
|| (b) || b1 (050) | b3 (200,200) | b2 (300,0) | b*1 0.0 ||
bb1 1000y || 0.50,180,1.000 2.00,90,1.00 | 0.50,270,1.00 2.00,270,1.00
b1 (050 4.00,270,1.00 1.00,90,1.00| 4.00,90,1.00
b3 (200.200) 0.25,180,1.00 1.00,180,1.00
b32 (300,0) 4.00,0,1.00
|| (c) || 1 00 | 31 (0,200 | c32 350,0) | 1 200,0) ||
¢ 100200 || 0.50,180,1.00] 2.00,90,1.00 | 0.50,270,1.00 2.00,270,1.00
1 0o 4.00,270,1.00 1.00,90,1.00| 4.00,90,1.00
c>1 (0,200 0.25,180,1.00 1.00,180,1.00
c32 3s0,0) 4.00,0,1.00

123

Table5.1: Syntheticmodeldatabaselerived from Figure5.4. Sub-tablega), (b) and(c) shav
the internal (rS,rO, Sm) relationshipsfor featureinstancesof type a, b andc, respectiely.

Besideeachfeatureinstancdabelis the position(x,y) whereit hasbeenfound.

L#]

Clique | Rank ||
1 (al,l a2,1 a3,2 a4,1) (bl’l b2,l b3,2 b4,1) (Cl’l 02,1 C3,2 C4’1) 1.00
2 (al,l a2,1 a3,1 a4,1) (bl’l b2,l b3,1 b4,1) (Cl’l 02,1 C3,l C4’1) 1.00

Table5.2: Cliquesfoundin thefirst experimenton syntheticscenes.

Max *'s Clique
per Pruned| Pruned| Finding | Rav | Maximal
Vertex || Vertices| Edges| Edges | Vertices| Iterations| Cliques| Cliques
0 6 6 6 6 44 8 2
1 27 147 6 6 44 8 2
2 54 372 6 6 44 8 2

Table5.3: Summaryof first experimenton syntheticscenesshaving the sizesof individual

graphcomponentand iterationsof the clique finding algorithm undera varying numberof
wild-cardfeatureervertex.
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changewith theincreasen wild-cards.

In a secondexperiment,we illustrate the wild-card role in representingmissing features.
Featuresab!, a®>! andb%! wereremoved from the syntheticscenef Figure 5.4 andfrom

Table5.1aswell. Theresultingmodelbaseis representeth Table5.4.

|| €) || a>2 (300,50) | a*1 (0.200) ||
a>! 2000) || 0.25,180,1.00 1.00,180,1.00
a>? (30050) 4.00,0,1.00
|| (b) || b3 (200,200) | b32 (300,0) | b*1 00 ||
bbT w000y || 2.00,90,1.00] 0.50,270,1.00] 2.00,270,1.00
b31 200.200) 0.25,180,1.00 1.00,180,1.00
b32 (300,0) 4.00,0,1.00
I (c) I oo | Aoy | APesg | Heng |
cbT 100100 || 0.50,180,1.09 2.00,90,1.00 | 0.50,270,1.00 2.00,270,1.00
21 0o 4.00,270,1.00 1.00,90,1.00 | 4.00,90,1.00
c>1 (0,200 0.25,180,1.00 1.00,180,1.00
c32 3s0,0) 4.00,0,1.00

Table5.4: Syntheticmodeldatabaselerived from Figure5.4 afterremoving featuresalt, a1
andb?1.

Again, we variedthe numberof allowedwild-cardspervertex. In thisexperimentwe will also

confirm someof the hypothesiformulatedin the first experimentby actuallylooking at the

intermediatestructurereated.Table5.5 summariseghe experimentstatistics.

Max *'s Clique
per Pruned| Pruned| Finding | Rav | Maximal
Vertex || Vertices| Edges| Edges | Vertices| Iterations| Cliques| Cliques
0 2 0 0 0 1 0 0
1 11 10 2 4 18 2 2
2 27 50 6 6 44 8 2

Table5.5: Summaryof the secondexperimenton syntheticscenesMissing featuresal-!, a%*
andb?! underavaryingnumberof wild-cardfeaturespervertex.

With zerowild-cardsper vertex, only two verticescould be created:(ct?, ¢, ¢32, ¢*1) and
(ct1, 21, 31, ¢*1), bothwith scoresof 1.00. This was alreadyexpectedastherewere no
featuresof type a in scenesl and 2, and no featuresof type b in scene2 to allow vertex
formationwith thesefeaturetypes. Moreover, an edgebetweerthe two verticesfound could

notbe createdasthey have commonfeatures.
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The resultsfor the casewhere one wild-card featurewas allowed per vertex are detailed
in Tables5.6 through5.9. Since object featurea requirestwo wild-cardsto be properly
representedn a vertex andwe allowed no more than one wild-card per vertex, thereis no

vertex involving ain Table5.6.

[ #] Vertex | Rank] [ # ] Vertex | Rank ||
1] (b5 % 032 b%0) | 1.00 7 | (&L, 2L, %, &4 | 1.00
2| (6%, % b3L, 0% | 1.00 8 | (U, %, 32, &) | 1.00
3] (M, et B2 M) | 1.00 9 | (¢t 3L A | 1.00
41 (¢, 2t 32, %) | 1.00 10 | (*, &1, 2, ¢4 | 1.00
5| (cb, 2t &3 A | 1.00 11 ] (*, @1, 3L A | 1.00
6| (b c?L 3% | 1.00

Tableb.6: Verticesfoundin thesecondexperimenton syntheticscenesvhenallowing nomore
thanonewild-card featureper vertex. Thereis no vertex involving featuretype a sincethis
would requiretwo wild-cardfeatures.

The principle of edgeequivaleny hasworked properlywhenmoving from Table5.7to 5.8

For instancethe edgesairs(1,2),(1,3),(1,4) and(1,5)in Table5.7 areequialent,therefore,
sincethey all have the samerank, only the onewith lesswild-cardshasbeenkept (edgel).

Thesameholdsfor edgeq6,7),(6,8),(6,9)and(6,10),whereedge6 wasthe onechosero be
kept. Sincethe new setof prunededgesdoesnotrelateall of theinitial verticesandwe arenot
interestedn cliquesof sizel, alatervertex pruningprocesgakesplaceto remove the orphan
vertices. Thereforeonly the four verticesseenin Table5.8 arekept. Only two cliquescould

befound,andthesewerealreadymaximal(seeTable5.9).

l#] Edge | Rank |
1 (bl’l, *, b3’2, b4’l) (Cl’l, CZ,l’ 03,2’ C4’l) 1.00
2 (bl’l, *, b3’2, b4’1) (Cl’l, 02,1, 03,2, *) 1.00
3 (bl’l, *, b3’2, b4,1) (Cl’l, 02,1, *, C4,1) 1.00
4 (bl’l, *, b3’2, b4,1) (Cl’l, *, 03,2’ C4,1) 1.00
5 (bl’l, *, b3’2, b4,1) (*’ 02,1’ 03,2’ C4,1) 1.00
6 (bl’l, *, b3,l, b4,l) (Cl’l, CZ,l, 03,1, C4’l) 1.00
7 (bl’l, *, b3’1, b4,1) (Cl’l, 02,1, C3’l, *) 1.00
8 (bl’l, * b3,1’ b4,1) (Cl’l, C271’ * C4,1) 1.00
9 (bl’l, *, b3’1, b4,1) (Cl’l, *, C3’l, C4,1) 1.00
10 (bl’l, *, b3’1, b4,1) (*’ 02,1’ C3’l, C4,1) 1.00

Table5.7: Edgesfoundin the secondexperimenton syntheticscenesvhenallowing no more
thanonewild-cardfeaturepervertex.

Tables5.10 through 5.15 detail the resultsfor the casewhen two wild-card featureswere
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[ #] Edge | Rank ||
1 (bl’l, *, b3’2, b4,1) (Cl’l, 02,1’ 03,2, C4,1) 1.00
2 (bl’l * b3,1 b4,1) (Cl’l C271 0371 C4,1) 1.00

Table5.8: Edgesafterequivaleny pruningin the secondexperimenton syntheticscenesvhen
allowing no morethanonewild-cardfeaturepervertex.

[ #] Clique | Rank |
1 (bl’l, *, b3’2, b4,1) (Cl’l, 02,1’ 03,2, C4,1) 1.00
2 (bl’l * b3,1 b4,1) (Cl’l C271 0371 C4,1) 1.00

Table5.9: Cliquesfoundin thesecondexperimenton syntheticscenesvhenallowing nomore
thanonewild-cardfeaturepervertex.

allowed pervertex. Now we canseethatthetwo verticesneededor representindeaturetype
a appeaiin theset(verticesl and2 in Table5.10. The numberof edgess muchlargerthan

the previous experimentsecaus¢he numberof verticesalsoincreased.

Amongthe edgedound,which arepartially shovn in Table5.11, it is possibleto identify the
idealcandidatehypothesido representheobjects structure:edgesdl, 3, 7,9, 13and25. Edge
pruningindeedkeptexactly thoseidealcandidategTable5.12. Notethatonly edgeswith real

imagefeaturepairingswerecreatedn Table5.11

Sincein this experimentall edgeshave the sameranking (no noise has beenaddedyet),
edgel from Table5.11wasnot removed asit hadlesswild-cardsthanthe only edgeit was
equivalentto (edge2). Edge3 hadalsolesswild-cardsthanary otheredgeit wasequialent
to, specificallyedges4, 5 and6. The samecanbe said aboutthe otherfour edgesthatwon
the equivaleny test,edges7, 9, 13 and25. The six edgesthat remainedafter pruning are

presentedn Table5.12andthe correspondingetof prunedverticesis givenin Table5.13

Thesetof all cliquesfoundis in Table5.14 It is easyto seethatcliquesl and2 aresupersets
of all the remainingcliques,which implies they are maximal, asindeedAlgorithm 5.4 has
detectedTable5.15. The missingoccurrencesf featurea (scened and2) andb (scene2)
arecorrectlyrepresenteih thesetwo cliques. Moreover, therearetwo cliquesbecausescene

3 contains2 objectinstancesaindthereforethe modelcanbeexplainedin two differentways.
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1 #] Vertex | Rank] [[ # ] Vertex | Rank |
1 (*, *, a>2, a*h) 1.00 15| (1, ¢t x % | 1.00
2 (*, *, a>1, a*?h) 1.00 16 | (cbL,*, 32, AN | 1.00
3 | (0% % 32 0% | 1.00 17| (&5 * 2% | 1.00
4| (b5 % B2 | 1.00 18| (¢ *, 31, A0 | 1.00
5 | (b5% % b3 %Y | 1.00 19| (&5 * L% | 1.00
6 (51, *, b1, %) 1.00 20| (%%, **, ) | 1.00
7 | (5L = b5 | 1.00 21| (*, 2%, 32, 0 | 1.00
8| (5% b2D0%) | 1.00 22| (5, 2L 32 % | 1.00
9 | (%L b5 | 1.00 23| (5, &1, 3L, A1) | 1.00
10 | (cbL, 1, 32, A | 1.00 24| (*,c>L, 3L % | 1.00
11| (¢t et 34 % | 1.00 25| (v, c@Lx A | 1.00
12 | (cM, 2L, 3L, AY) | 1.00 26| (%, *, 32, AN | 1.00
13| (&%, 2L L% | 1.00 27 ¢, * &L A | 1.00
14| (¢t et x4 | 1.00

Table5.10: Verticesfound in the secondexperimenton syntheticscenesvhenallowing no
morethantwo wild-card featuregpervertex. Now it is possibleto seetwo verticesinvolving
featuretypea (verticesl and?2).

Perturbation Model

We defineda perturbatiormodelto alterthe measurementsf Tables5.1and5.4in orderto
evaluatethetoleranceof the structurdearningapproacho deviationsin the previous stageof
the system.We discussherethe rangeof variationsthe systemshouldtolerate(or to berobust
to) in the light of the parameterghosenfor the model. Finally we apply this modelto the

tablesandrepeatedlyrun the structureearningalgorithmsto evaluatethe systems behaiour.

The perturbationmodel 2 consistsin essentiallyapplyingrandomnoiseR(y, o), uniformly
distributed between[u - o, u + o], to the four measurementproducedby Algorithm 5.1
(a) the featurecoordinates(b) the relative scalesand(c) orientationsand(d) the similarities
relative to the otherfeaturesof a sametypein the modelbase.Sincein all caseshe parameter
K will be zero or the measuremenitself, the model parameteraill be only the four ¢’s

associateavith theabore measurementsormally: 2(c(®, o(®), 6(9, g(d)).

In Section5.3.1 we discoreredthat the similarity metric only startsto presentnoticeable
degradation(valuesunder0.5) whenfeaturesare misplaced3 or more pixels away from the
centralfeaturecoordinates.Therefore,it would be sensibleto expectthe structurelearning
algorithmsto be tolerantto that level of variation. For this reason,noisewith ¢ = 3 and

p = 0 wasaddedto the featurecoordinates.If P(x,y) is a featurecoordinate thenwe have
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l#] Edge | Rank |
1 (*, * a3,2, a4,1) (bl’l, * b3’2, b4’1) 1.00
2 (*’ * a3,2’ a4,:I_) (*’ * b3’2, b4’1) 1.00
3 (*’ *, a3,2’ a4,1) (Cl’l, 02,1’ C3’2, C4’1) 1.00
4 (*’ *, 33’2, a4,1) (Cl’l, *, 03,2’ C4’l) 1.00
5 (*, *, a3,2, a4,1) (*, CZ,:L, C3’2, C4’l) 1.00
6 (*, * a3,2, a471) (*, * 03,2, C4,1) 1.00
7 (*’ *, a3,1’ a4,1) (bl’l, *, b3’1, b4,1) 1.00
8 (*’ * a3,l’ a4,1) (*’ * b3,l’ b4’l) 1.00
9 (*, * a3,1, 8.4’1) (Cl’l, 02,1, C3’l, C4,1) 1.00
10 (*, * a3,l, a4,1) (Cl’l, * C3’1, C4’l) 1.00
11 (*’ * a3,l’ a4,1) (*’ CZ,:L’ C3’1, C4’l) 1.00
12 (*’ * a3,1’ a4,1) (*’ * C3’l, C4,1) 1.00
13 (bl’l, *, b3’2, b4,l) (Cl’l, CZ,l’ 03,2’ C4’l) 1.00
14 (bl’l, *, b3’2, b4,1) (Cl’l, 02,1, 03,2, *) 1.00
15 (bl’l, *, b3’2, b4,1) (Cl’l, 0271, *, C4,1) 1.00
16 (bl’l, *, b3’2, b4,1) (Cl’l, *, C3’2, C4,1) 1.00
17 (bl’l, *, b3’2, b4’l) (Cl’l, *, 03,2’ *) 1.00
18 (bl’l, * b3’2, b4’l) (Cl’l, * % C4,l) 1.00
19 (bl’l, *, b3’2, b4,1) (*, 02,1, 03,2, C4,1) 1.00
20 (bl’l, * b3’2, b4’1) (*’ * C3’2, C4’1) 1.00
21 (bl’l, *, b3’2, *) (Cl’l, 02,1’ C3’2, C4’1) 1.00
22 (bl’l, *, b3’2, *) (Cl’l, CZ,l’ 03,2’ *) 1.00
23 (bl’l, *, b3’2, *) (Cl’l, *, C3’2, C4’l) 1.00
24 (bl’l, * b3’2, *) (Cl’l, * C3’2, *) 1.00
25 (bl’l, *, b3,l’ b4,l) (Cl’l, CZ,l’ 03,1’ C4’l) 1.00
48 (*’ *, b3,l’ b4’1) (Cl’l, *, 03,1’ C4’l) 1.00
49 (*, *, b3’l, b4,1) (*, CZ,l, 03,1, C4’l) 1.00
50 (*, *, b3’1, b4,l) (*, *, 03,1, C4,1) 1.00

Table5.11: Edgesfoundin the secondexperimenton syntheticscenesvhenallowing nomore
thantwo wild-cardfeaturegervertex.

[ #] Edge | Rank ||
1 (*, * a3,2, a4,1) (bl’l, * b3’2, b4’l) 1.00
(*’ * a3,2' a4,:I_) (Cl’l, C2,:L’ C3’2, C4’1) 1.00
(*’ *, a3,l’ a4,1) (bl’l, *, b3,l, b4,l) 1.00
(*’ * a3,l' a4,1) (Cl’l, CZ,l’ 03’1, C4,l) 1.00
(bl’l, *, b3’2, b4,1) (Cl’l, 02,1, 03,2, C4,1) 1.00
(bl’l, *, b3’1, b4,1) (Cl’l, 02,1, 03,1, C4’1) 1.00

OO B[(WN

Table 5.12: Edgesafter equivaleny pruningin the secondexperimenton syntheticscenes
whenallowing no morethantwo wild-cardfeaturepervertex.
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[ #] Vertex | Rank | [ #] Vertex | Rank ||
1] a2 a0 | 1.00 4] (oM * b3L,b%Y) | 1.00
2| +,*atadh | 1.00 5] (b, ¢?t 32, ¢4 | 1.00
3| (b%%, %, b3, b>Y) | 1.00 6 | (&L, 2L, 3T, D | 1.00

Table 5.13: Verticeskept after edgepruning in the secondexperimenton syntheticscenes
whenallowing no morethantwo wild-cardfeaturepervertex.

[ #] Clique | Rank |
1 (*’ *, a3,2’ a4,1) (bl’l, *, b3’2, b4’1) (Cl’l, 02,1’ C3’2, C4,1) 1.00
2 (*, *, a3,1, 3.4’1) (bl’l, *, b3’1, b4,1) (Cl’l, 02,1, 03,1, C4,1) 1.00
3 (*, *, a3,2, a4,1) (bl’l, *, b3’2, b4’l) 1.00
4 (*’ *, 33’2, a4,1) (Cl’l, CZ,l’ 03,2’ C4’l) 1.00
5 (*’ *, a3,l’ a4,1) (bl’l, *, b3,l, b4,l) 1.00
6 (*, * a37l, a4,l) (Cl’l, CZ,:L, C3’1, C47l) 1.00
7 (bl’l, *, b3’2, b4’1) (Cl’l, 02,1, 03,2, C4,1) 1.00
8 (bl’l, *, b3’1, b4,1) (Cl’l, C2,1’ 0371’ C4,1) 1.00

Table 5.14: Cliquesfound in the secondexperimenton syntheticscenesvhenallowing no
morethantwo wild-cardfeaturepervertex.

[ #] Clique | Rank ||
1 (*’ *, a3,2’ a4,1) (bl’l, *, b3’2, b4,1) (Cl’l, 02,1’ C3’2, C4,1) 1.00
2 (*’ *, a3,1’ a4,1) (bl’l, *, b3’1, b4,1) (Cl’l, 02,1’ C3’l, C4,1) 1.00

Table5.15: Maximal cliquesfrom the secondexperimenton syntheticscenesvhenallowing
no more than two wild-card feature per vertex. Thesetwo cliques representexactly the
expectedmodelsfor thedata.
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P(x,y) <= P(R(x,3),R(y,3)).

As emphasiseih Section5.1.4 relative scalesare estimatedoy shifting the ring axis of the
log-polarmap to generatea sequenceof candidatematchings. A p ring translationin the
log-polarspaceaepresentachangean scaleof BP in theretinal (Cartesianypacelf we expect
auncertaintyof +2 ringsandgiventhatB= 1.1, thenwe will haveto acceptatmost21%error
on the actualCartesianscaleestimate which seemseasonable Thus, we changea relative
scaleestimater Sin thefollowing way: rS< rS x BR©2). A morerealisticsimulationcould
usediscretering numberschoserfrom a distribution insteadof continuouslyvaryingrandom
ring numbers sincethe ring numberare always discrete. We preferredthe secondform to

maximisedatavariability within the uncertaintyrange.

Relative orientationsare also estimatedvia translationsin the log-polarspace:a translation
of k unitsin the polar axis correspondgo a rotation of k sectorsin the retinal space. A

variationof 1 sectorcorrespondso the characteristianglebetweerary two adjacensectors,
which is exactly 6 degreesif consideringthe retinal parametersisedin this thesis. If we

allow a +5 sectorsvariation, this will correspondo a maximumof +30 degreesabsolute
errorin therelative orientationestimatiorr O, which seemsacceptablevhencomparingo the
angularresolutionof the primal sketch featuredetectorgalso 30 degrees). Thus, we have:

rO = O(R(r0O,30)), wherefunction O is usedto keeporientationswithin a closedcircle (see
Equation(5.13 for furtherdetails).A morerealisticsimulationcouldusediscreteorientations
that were multiple of 6, insteadof continuouslyvarying randomorientations. We preferred

againthe secondorm to maximisedatavariability.

Finally, we explain how to alter the similaritiesbetweenpairsof features.Given a similarity
Sm, onecouldsimply assigna new similarity in theform R(Sm, o), but similaritieshave to be
restrictedo theinterval [0,1]. To dealwith this problem we usea generate-and-teapproach:
iteratively generateutputsto the function R(Sm, g) until we obtaina valuewithin the range
[0,1]. Thevalueof o is afunctionof the matchingerrorwe wantthe systemto betolerantto.
As we areacceptinga 3 pixelstop errorin the features locationand,accordingto Appendix
B, theworstsimilaritieswill bearound0.5 underthis level of misplacementywhichrepresents

50% of thetop matchingscore we choseo=0.5 x Sm.

Fromtheabove discussionwereachedheconclusiorthatthemodelshouldhave thefollowing
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parameters?(3,2,30,0.5) Theresultsof oneapplicationof this setof parameterso Table5.1

arepresentedn Table5.16

|| @) || a1 51,48 | a1 (197.2) | a’2 (o8 51) | a*1 (1,200 ||
abl w2 [ 0.43,199,0.86 2.40,75,1.00 | 0.54,292,0.99 1.89,270,0.89
a1 s1.48) 3.36,269,0.77| 0.94,91,0.93 | 4.02,89,0.61
a3t 197.2) 0.28,193,0.59 1.10,196,0.60
a3 (208.51) 4.14,28,0.53

|| (b) || b1 (048 | b3 202,198) | b32 (299,-2) | b*1 10 ||
bb1 1021y || 0.57,190,0.80 2.35,106,0.89 0.47,294,0.70 1.65,246,0.70
b1 (048 3.66,287,0.77| 1.02,118,0.91] 4.21,71,0.83
b31 (202,108 0.22,191,0.79 0.88,181,0.86
b2 (209.-2) 3.81,0,0.61

|| (c) || 21 22 | c31 (1,109) | c32 @s0.1) | 1 (1082) ||
cbl ao2 97 || 0.59,207,0.68 2.29,90,0.89 | 0.50,252,0.71] 1.93,257,0.53
Al 22 4.62,286,0.72 1.14,105,0.83 3.63,90,0.70
31 (1,109 0.29,152,0.51 1.13,179,0.64
c32 @s0.1) 4.79,358,0.80

Table5.16: Resultsof oneapplicationof (3,2,30,0.5}0 Table5.1

Finding an Edge Thr eshold

In the previous experimentswe dealtwith highestsimilarity, perfectly orientedandaligned
objectfeatures.For this reasonthe vertex, edgeandclique rankswereall ranked the same

(1.0). Thus,therewasno needfor usingan edgethresholdo prunethe edgespace.

Now, wewill shaw thatin morerealisticsituationsthe edgethresholdplaysanimportantrole
in securingthe correctnessf thefinal cliguesfound. We alsoshav throughexperimentation

whatwould bea goodedgethresholdio use.

After feedingTable5.16into ourstructurdearningalgorithmsandusinganull edgethreshold,
we discoreredthattherewereunexpectedmaximalcliguesamongthecliquesfounddueto the

factthatsomelow rankingedgeshave survivedthroughto thefinal stagesf theapproach.

Tablesb.17and5.18shav theactualedgesandverticesafterpruningandTable5.19shavsthe
maximalcliques. Clearly thelow rankingedgesr throughl12in Table5.17 do not represent
correcthypothesedor the features’relationshipsandthereforeshouldbe remored. These

edgesarethe causeof the unexpectedmaximalcliques3 through8 in Table5.19 Notethat,
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althoughthe edgesassociateavith thesecligueshave low ranks,thefinal cliquescoresarestill
reasonabhhigh. This is becauseahe rank of a clique (Equation(5.26) dependsalsoon the

vertex ranks,whichin this casearehigh (Table5.18.

Edge | Rank ||
(bl’l, bZ,l’ b3’1, b4’1) (Cl’l, 02,1’ C3’l, C4,1) 0.80
(a1’1’ a2,l’ a3,1’ a4,1) (Cl’l, C2,1’ CS,l, C4,1) 0.79
(al,l, a2,l, 3.3’2, 3.4’1) (bl’l, b2,l, b3’2, b4,1) 0.79
(bl’l, b2,l, b3’2, b4,1) (Cl’l, 02,1, 03,2, C4,1) 0.78
(bl’l, b2,l, b3’l, b4’l) (al,l, 3.2’1, a3,1, a4,1) 0.78
(a171’ a2,l’ a3,2’ a4,1) (Cl’l, C2,1’ 03,2, C4,1) 0.77
(a1’1’ a2,l’ a3,2’ a4,1) (Cl’l, C2,1’ CS,l, C4,1) 0.18
(al,l, 3.2’1, 3.3’1, a4,1) (bl’l, b2,l, b3’2, b4,1) 0.14
(bl’l, b2,l, b3’l, b4’l) (al7l, 3.2’1, a3,2, a4,1) 0.13
10 (a1’1’ a2,l’ a3,1’ a4,1) (Cl’l, C2,1’ 03,2, C4,1) 0.09
11 (bl’l, bZ,l’ b3’2, b4’1) (Cl’l, 02,1’ C3’l, C4,1) 0.08
12 (bl’l, b2,l, b3’1, b4’1) (Cl’l, 02,1, 03,2, C4,1) 0.08

OO N|O| O | W N H

Table5.17: Edgescreatedfrom perturbedmodelbasein Table5.16 whenusinga null edge
threshold.

| #] Vertex | Rank | [ #] Vertex | Rank |
1] (b0, b2, b3 07T | 081 ]| [[4 ] (b°% b2L b2, b5 | 0.75
2 | @t a%t, a%?%,a*) | 0.78 5| (¢t 2t 32, c¢*) | 0.70
3| @, a?l a3t a*h) | 0.78 6| (ctt 2t 3L A | 0.69

Table5.18: Verticescreatedrom perturbedmodelbasein Table5.16whenusinga null edge
threshold.

Any edgethresholdwithin theinterval ]0.18, 0.77] would have removed the undesirededges
and consequentlythe incorrectmaximal cliguesas well. But what would be a good edge
thresholdo usein ary situation?We believe thereis no definiteanswerto this questionsince

it depend®onthelevel of thevariationonemaywantthe systento betolerantor robustto.

Giventhe noisemodeldiscussegreviously togethermwith the noiseparametersve regarded
asacceptableit is possibleget somecluesof anideal edgethresholdby actuallylooking at
the boundarybetweenthe highestincorrectedgerank andthe lowest correctedgerankin a

numberof runsof thestructurelearningapproacton several perturbednodelbases.

In afirst experimentwe consideredherewasno missingfeaturein themodelbasgTable5.1),
appliedthe noisemodel P(3,2,30,0.5)10 differenttimes, andthenran the structurelearning

approach,undera varying numberK of allowed wild-cards per vertex, on eachof the 10
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[ #] Clique | Rank ||
1 (bl’l, b2,1, b3,l’ b4’l) (al,l’ a2,l’ a3,1’ a4,1) (Cl’l, 02,1’ C3’l, C4,1) 0.77
(a171, a2,1, 3.3’2, 3.4’1) (bl’l, bZ,l, b3’2, b4,1) (Cl’l, 0271, 03,2, C4,1) 0.76
(bl’l, b2,1, b3’l, b4’l) (al,l, 3.2’1, a3,2, a4,1) (Cl’l, 02,1, 0371, C4,1) 0.53
(a1,1’ a2,1, 83’2, a4,1) (bl’l, b2,l’ b3’2, b4,1) (Cl’l, C2,1’ CB,ZL’ C4,1) 0.51
(al’l, a2,1’ a3,l’ a4,1) (bl’l, bZ,l’ b3’2, b4,1) (Cl’l, 02,1’ 03,2’ C4’1) 0.50
(al,l a2,1 a3,l a4,1) (bl,l b2,l b3,2 b4,1) (Cl’l 02’1 CS,l C4’1) 0.50
(bl’l, b2,1, b3’l, b4’l) (al,l, 3.2’1, a3,2, a4,1) (Cl’l, 02,1, 03,2, C4,1) 0.50
(bl’l, b2,1, b3’l, b4,1) (al,l, 3.2’1, a3,1, a4,1) (Cl’l, 02,1, 03,2, C4’1) 0.49

N OB WDN

Table5.19: Maximal cliquescreatedfrom modelbasein Table5.16 whenusinga null edge
threshold.

modifieddatabasedrigure5.5 plotsthe rank of the highestincorrectedgegogetherwith the
rankof thelowestcorrectedgedoundin eachof the 10 differentruns. Thereis a separatglot
for eachvalueof K. In a secondexperiment,we consideredhe modelbasewith 2 missing
featuresof typea andonemissingfeatureof typeb, asshavn in Table5.4. We reproduceadll
thestepsof thepreviousexperimentgxceptthatwe usedonly K = 2 wild-cards,sinceK =0, 1
would not properlyrepresenthe missingfeatures.Figure5.6 shavs the graphresultingfrom

the secondedgethresholdselectionexperiment.

By looking atthe graphsit is possibleto seethat,amongall runs,the safeinterval for anedge
thresholdwould be ]0.2, 0.6]. Selectinga particularthresholdwithin this intenal is highly
relatedto the errorrejecttradeoff. Choosinga numberthatis too closeto the lower bound
maycausehesystento bemoretolerantto noiseatthecostof increasinghechanceof getting
wrongedgesandconsequentlyrongcliques,into the systemwhilst choosinga numberthat
is too closeto theupperboundmayincreaseheaccurag but causeherejectionof goodedge
hypothesesWe chosea thresholdof 0.5, which is slightly shiftedtowardthe upperbound,as
we preferhigheraccurag attherisk of somecliquesnot beingdetectedn theend.In all the
remainingexperimentsof this chapterinvolving syntheticandrealmodelbasesthis threshold

hasprovedto work satisfctorily.

Toleranceto Noise

We applied??(3,2,30,0.5%0 Table5.4 100 differenttimes, producingnew (perturbedymodel
databasewhich werethenfed into the structurelearningalgorithms(allowing no morethan

K = 2 wild-cardspervertex). We usedthe sameedgethresholdof 0.5 discussedbore. Apart
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Figure 5.5: Finding an edgethresholdwith no missingfeature. Plots of the ranks(y-axis)
of the highestincorrectedgesandlowestcorrectedgesfrom 10 modified database$x-axis)
derivedfrom Table5.1 Differentvaluesof K wereused:(a)K =0, (b) K=1and(c)K = 2.
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Figure5.6: Findinganedgethresholdwith 2 missingfeatures Plotsof theranks(y-axis)of the
highestincorrectedgesandlowestcorrectedgesrom 10 modifieddatabaseéx-axis) derived
from Table5.1 A maximumof K = 2 wild-cardswasallowed pervertex.

from smallvariationsin theranks(no largerthan0.1), the resultingcliqueswereconsistently
correctin all of the runs, which shaved a reasonabldoleranceof the systemto errorsor

imprecisionsatthe earlierstages.

How far canwego?

The last importantquestionghat we would like to answerin this sectionare relatedto the
limitations of the proposedapproach:Whatis the minimum numberof imagesandfeatures
perimageto allow properlearningof objectrelations?If we keepincreasinghe numberof

imagefeaturesatwhich pointwill combinatoriafailure happen?

To answetthefirst questionis straightforvard andwe do not needto performary experiment.
The edgeconstructiorprocesshy definition, requiresat least2 imageswith featuresin order
to computeanonemptysetof edgesDueto theconstraintin Equation(5.10, nowild-cardis
allowedin this 2 imagesetup.Oneor morewild-cardsareallowedonly whenusing3 or more
images.Therehasto be at leasttwo differentfeaturetypesoccurringin pairsin bothimages
for anedgeto becreated Although, cliquescanbefoundwhenthe numberof imagess small,
they will be of little or no significancesincethereis limited imageevidenceto be considered

by thevertex andedgerankingfunctions.
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We give ananswerto the secondjquestionwhich is basedn experimentation Thetheoretical
compl«ity relatedto building agraphfrom asetof scenesndto processinghis graphin order
to find structuredmodelshasalreadybeenbriefly discussedn the previous sections.If there
areM; instance®f afeatureperscend of N, thenthenumberof verticesthatcanbe produced
for thatfeatureis |‘|i'\':l (Mi + 1), where0, 1 or 2 aretypical valuesfor M;. Sincewe limit the
numberK of allowedwild-cardsperverte, the+1 termabove will bepresenpnly K timesin

the product.However, if M; is greaterthanl in mostscenegdueto multiple occurrencesf a

samefeature) thentherewill beanexplosionin the numberof vertices. The numberof edges
thatcanpotentiallybe createdrom a setof verticesis quadratian the numberof verticesand

the numberof cliquesis exponentialin the numberof verticesandedges.

We designedand ran an experimentto analysethe combinatoricsof our approach.We
consideredur initial scenesetupasshavn in Figure5.4(a) andgeneratedN — 1 nen scene
configurationsy transformingfeaturea®! with randomtranslationsyotationsandscalesand
deriving theremainingfeatureslocationandpropertiesn suchawaythatarigid bodyrelation

betweerthefeaturesa, b andc would hold.

Sincewe wereonly interestedn the modelbaseto be usedby the structurdearningapproach,
we did notactuallygeneratémagesjusttheassociatedbjectfeaturelocationsandproperties.
Next, we alteredthis modelbaseaccordingto our noisemodel ?(3,2,30,0.5), asexplained
before. Finally, we removed L = 0, 1,2 featuresfrom eachfeaturetype (randomly chosen

amongall imageswhile allowing K = 0, 1, 2 wild-cardspervertex for eachvalueof L.

If oneprefersto think aboutthe probability Pyissing0f a particularfeaturebeingmissinginstead
of the actualnumberL of removed features,Equation(5.29 shavs how to calculatethis
probabilityasa functionof L. Thus,from Equation(5.29 we candeducehatfor L =0, 1,2,
we have Pissing= 0,1/N, (2N —1) /(N(N — 1)), respectiely, whereN is thenumberof scenes
analysedFor example,N = 10yields Pmissing= 0%,10% 21.1%, respectiely.

L-1
Prissind L) = ; % (5.29)

We ran the structurelearningapproach200 timesfor eachsetof parameterand computed
the averagestatistics,which were then plotted in a setof graphstogetherwith the number

of scenedN, the numberof removed featuresl. andthe numberof allowed K wild-cardsper
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vertex. Besidesthe importanceof getting statistically representate results,we neededto
repeatthe experimentsa sufficient numberof timesto be ableto gettime measurementwell
above the operatingsystems clock resolution(around10-° of a second)ptherwisewe would

endup with null or unreliablemeasurements.

AppendixC containsall the graphscreated.The graphsaredistributedin 8 differentfigures,
eachplotting a variable againstthe numberof imagesN. Eachof the figurescontains3
graphs(a), (b) and(c), which areassociateavith the numberof allowedwild-cardspervertex
K =0,1,2,respectiely. We useda specialstratgy to vary N whenusinga particularvalueof
L: keepincrementing\ until thetotal CPU (processorjime exceedsa giventamget (we useda
fixedtamget of 3 seconds).Thereforejn mostgraphsthevalueof N is differentamongthe L

cunes. Thiswasdoneto assurghatall L curveswould be plottedwithin the sametime scale.

FigureC.1 shavs the averageCPUtime in secondspentby the entireapproachfrom vertex
creationup to clique pruning) versusthe numberof imagesN. We ranon a 700MHz Athlon
processowith 256MB of RAM underthe Linux operatingsystem.This time wascalculated
in sucha way thatit did notincludethe syntheticmodelbasecreationprocessnor the noise
generatiomprocessnor the operatingsystems backgroundprocessesunningin time-sharing

with our program.

In all threegraphsshavn, for agivenN, thetimeis higherwhennofeatureinstanceas removed
from the scenegL = 0), followed by the casesvhen1 and2 featureinstancesareremoved,
in thatorder This wasexpectedsincea missingfeatureeitherwill not be representeddue
to insufficient wild-cards)or will take a singlewild-card; whereasa non-missingeaturewill

causewo possiblerepresentationmsidea vertex (itself andawild-card), thusincreasinghe

numberof vertex combinationsandconsequentlyhe numberof edgecombinationsaswell.

FiguresC.4 andC.5, which shav the averagenumberof verticesandedgescreated confirm
the abore obseration. WhenK < L, therearenot enoughwild-cardsin a vertex to represent
the L missingfeaturesandthereforethe averagenumberof verticesshavn in Figure C.4(a)
(or edgesn FigureC.Xa)) for thecurvesL = 1 andL = 2 is alwayszero,the sameis truein

FigureC.4(b) (or edgesin FigureC.5b)) for thecurne L = 2.

The overall shapeof the curvesin Figure C.1 suggestshe time compleity is exponentialin

thenumberof images.Indeed,if we look at FigureC.2, which shavs the naturallogarithmof
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the CPUtime, it is possibleto seethatasN increaseshe L curvescorverge to pureparallel

lines,whichis a goodevidenceto our hypothesis.

In orderto know which partsof theapproactweremostcontrituting to theoverallcomputation
time, we separatedhe edgeandvertex creationprocesse$rom the clique finding one. We
discoveredthatmostof thetime wasconcentratedh the vertex andedgeprocesseéincluding
pruning),the clique finding processwvastaking a time soirrelevantto the entireprocesghat,
even after the 200 repetitions,this time was beyond the systems clock resolution. Among
vertex andedgeprocessegheformer contritutedwith justatiny fractionof thetotal time. It
is possibleto seefrom theabore thatthe exponentialtime increasewith regardsto thenumber

of scenegss causednainly by therequiredfeaturepairingswhencomputingthe edgerank.

We refrainedfrom shawving graphswith the averageCPU time for edgeand vertex creation
sincethey are practically identical in shape(and in magnitude,for edges)to the onesin
FigureC.l Insteadwe preferrecto shav the actualnumberof iterationsof the cliquefinding
algorithm, in orderto demonstratahat their computationtime hadto be small, seeFigure
C.3 Firstly, the numberof iterationsproved to be invariantto the numberof sceneswhich
indicatesthatthe previous vertex andedgepruning processeslid a goodjob at reducingthe
graphcompleity. Moreover, regardlesshe valuesassumedy K andL the top numberof

iterationswasnever above 15.

Theaveragenumberof raw cliguesfoundwassmallfor all valuesof K andL (seeFigureC.9),
which confirmsthelow numberof iterationsby the cliquefinding algorithm. In fact,giventhe
structureof our 3-featuredobjectusedto createthe syntheticmodelbase we wereexpecting
to have 4 raw cliqueswhenK > L (threecliquesof size2 andoneclique of size 3), andthe

graphsin FigureC.8shav exactly that.

We carefully examinedthe two exceptionalcasegN = 4,5) for the curve L = 2 in Figure
C.g(c), wherethe averagenumberof cligueswas smallerthan 4. It turnedout that this
happenedecausd. wascloseto N, which increasedhe probability of creatingverticesthat
would notform anedgedueto alternateoccurrencesf wild-cardswithin pairsof vertices.For
instancealthoughvertices(as, *, ag, *,as) and(x, by, *, bs, bs) have bothasuficientnumberof
non-missingeaturesthey cannotform anedgesinceno plausibleedgerank canbe calculated

(seeEquation(5.20 on pagell3andthereferringtext for moredetailsaboutthisissue).
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The modelbasewashbuilt from exactly onestructuredobjectrandomlytranslatedandrotated
acrossa numberof scenesthereforewe expectedto find exactly one maximalclique for all
setsof parametersFigure C.9 shawvs the averagenumberof maximalcliquesfound. Apart

from the exceptionalcasesabove andthe casesvhereK < L, this numberwasindeedone.

Sincewe were applyinga noisemodelto every single syntheticmodel basegeneratedit is
reasonabléo accepthateventuallythestructurdearningapproactwould notform the correct
graphstructure.In factthis canbe verified by looking againat FiguresC.4 throughC.9: note
that the averagenumbersof prunedverticesand edges,raw and prunedcliquessufer tiny
variationswhichis anevidencethatin somecasegshecorrectnumbershave actuallynotbeen

found.

It shouldbe pointedout thatfinding the expectednumbersof vertices edgesandcliguesmost
of thetime doesnot necessarilymply thatthesearethe correctsolutionto the problem.Since
the purposeof theseexperimentswas mainly to investigatethe combinatoriallimitations of
our approachwe did not implementary automaticmethodfor checkingthe correctnes®f
the structurescreated,instead,we simply inspectedby handa few tens of the individual
experimentsunderdifferentvaluesof N, L andK andconfirmedthat the expectedstructures

andthecorrectsolutionwerethere.

A final remarkis thatthe changesn the overall numbersof verticesandedgesFiguresC.4
andC.5), whenmoving from graphg(a) toward(c), arenearlylinearin relationto N. Theonly
exceptionis for thecurve L = 0 whenK = 2 (FiguresC.4(c) and C.5(c)), which looks more
like exponential. Indeed,this differenceis reflectedin the L = 0 CPU time plot of Figures
C.1(c)andC.2(c).

In conclusionjf we supposeherewill besomefeaturesnissingfrom theimagesandwe allow
a sufficient numberof wild-cardspervertex to representhem,the numberof vertices,edges,
andthecliquefinding processeemnot to be a majorlimitation to the approachHoweverthe
samecannotbe saidaboutthe computatiortime. In orderto demonstratevhatwould be this
timein thecaseof 2 missingfeaturepervertex and2 allowedwild-cards(FigureC.1(c), curve
L = 2), wefitted anexponentialfunctionto the original dataandextrapolatedhis functionto
30images.Theresultsof this experimentarepresentedh FigureC.10 Theextrapolationsays

that the structurelearningapproachwould spendapproximatelyl5 hours(180 timesslowver
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thanbefore)to producea resultwith justanadditionof 12 extra scenes.

5.4 Structure Learning CaseStudies

Thebestway to demonstratéow our approactworkswith realworld sceness by developing
anumberof casestudies.In orderto focuson the structurdearningprocessandto keepaway
from otheraspect®f the problem(like attention lighting invariance dealingwith clutterand
soon)which arenotthe mainissueof this chapterwe tried to male thefirst realcasestudyas

simpleaspossible.

5.4.1 TelephoneUnit

Threesceneimages(seeFigure5.7) were createdfrom two top view picturesof a telephone
handseandits baseunit, respectrely, takenagainstblackbackgroundisingadigital camera.
The cameravasattachedo a moving arm, perpendiculato the ground,with anincandescent
pointlight sourceadjacento thecamerasothatimagescouldbeacquirecatdifferentdistances

from the objectsunderpracticallythe sameillumination conditions.

The two pictureswere digitally placedinside a large black imageundervarying scalesand
orientations.In thefirst sceneSt, the handseindbasewereplacedparallelto eachother In
thesecondscenes?, thehandsetvastranslatedrotatedby 90° (counterclockwise)andscaled
down by afactorof 70%with respecto its first occurrenceFinally, in sceneS®, the baseunit
wasscaleddown by a factorof 60% of its original sizeandthe handsetvasrotatedby 30®

(counterclockwise)with respecto its occurrencen thefirstimage.

A setof interestpointswasmanuallyselectedaindpassedo the system.Thesepointsconsisted
of: threepairsof centralmicrophone/speak positionswithin the telephonehandsetsa’!,

a2}, threeconsistentled’ positions{b'*}, threeidentifiabledarkspots{c*} andtwo corners
{€"} (missingwheni = 3) within the baseunit. Two distractionpoints {d%!, 2!} not

belongingto ary distinguishabldeaturehave alsobeendefinedacrosshefirst two scenes.

Fromthis configuratiorof sceneswhatwe wantour systento learnis thatthehandseandbase
units areeachstructuredmodels,but becausef the way we createdour sceneghandsetand

basenot obeying arigid bodytransformationthey shouldnotjointly form anotherstructured



CHAPTERS. LEARNING ICONIC MODELS 141

all=(236,587)  al?=(562,589

I-I ; "‘

" bl1=(488,313)
d™=(314,226)

(a) Scenel

cll=(188,188) e1.1=(605,151)

& ’2:(598,431) '

2,1

a =(598,659)
2,1
) Scene 2J_b =(476,256)
(b) Scen f2L(441,215)
c21=(176,131),

\ -

R i)

©2.1=(593,95)

a31=(177,676)

‘a3’2:(342,395)

(c) Scenel3
b3’12(587,225

S (408,152) ﬁm

Figure5.7: Sceneimagesusedfor the telephonecasestudy Circlesin the figure denotethe
retinal areaswhosecentresare at the interestpoints given to the system. The picture also
shawvs thefeaturetypesa, b, ¢, d, e, f obtainedby Algorithm 5.1
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model. Additionally, thedistractionfeaturesshouldnot be takeninto accountandthe missing

occurrencef featuree in scene3 hasto berepresentetly awild cardin thevertex.

Thefirst stepwasto apply the Algorithm 5.1, describedn Section5.1, to the setof interest
pointsgiven. Note thatthe similarity scoreswere calculatedrom real foveations(producing

colourandextractedprimal sketchplanes)of theactualobjectsin thescenes.

A clusteringthresholdof 0.5 hasbeenused.Theresultsaresummarisedh Table5.20 Ground
truth valuesfor the (rS rO, Sm) measurementarealsopresentedn thetableunderneatkeach
entry Apartfrom the similarity scoresSm, all the othermeasurementaerevery close,if not
identical,to the expectedvalues. As one might expect, six differentfeaturetypeshave been

automaticallyidentifiedasa resultof thealgorithm.

|| €) || al? se2.589) | a®1 (s08.431) | a2 (598,659) | a>1 177,676 | a>? (342,395 ||
11 1.00,180,0.66 0.70,90,0.76] 0.70,270,0.500 1.00,300,0.80 1.00,120,0.70
a (236,587) 1.00,180.1.00 0.70,90,1.00 0.70,270,1.00 1.00,300,1.00 1.00,120,1.00
0.70,270,0.67] 0.70,90,0.73 | 1.00,120,0.68 1.00,300,0.83
a2 se2,589) 0.70,270,1.00 0.70,90,1.00 1.00,120,1.00 1.00,300,1.00
01 1.00,180,0.51] 1.44,210,0.80 1.44,30,0.70
as™ (598,431) 1.00,180,1.00 1.43,210,1.00 1.43,30,1.00
05 1.44,30,0.62 | 1.44,210,0.63
a™” (598,659) 1.43,30,1.00 1.43,210,1.00
31 1.00,180,0.72,
a’~ (177,676) 1.00,180,1.00
|| (b) || b21 (476,256) | b31 (587,225) || || (c) || > (176,131) | 31 (408,152 ||
1.00,0,0.957 0.58,0,0.83 1.00,0,0.887 0.70,0,0.74
b1 (488313 1.00,0,1.00 0.60,0,1.00 cbl (18s.188) 1.00,0,1.00 0.70,0,1.00
0.58,0,0.85 0.58,0,0.73
b2 (476,256 0.60,0,1.00 c®1 (176.131) 0.60,0,1.00
|| (e) || 1 (503,95 ||
1.00,0,0.72
ebl os.151) 1.00,0,1.00

Table 5.20: Resultsof the Algorithm 5.1 on the telephonescenes. Sub-tableqa), (b), (c)
and (e) presenthe relationshiptriplets (rS,rO, Sm) for featureinstancef type a, b, ¢ and
g, respectiely. Thelower diagonalsarenot shavn becausehey aresymmetric. The ground
truth relationshipvaluesare presentedusinga small font, underneatfeachcomputedriplet.
Thefeaturetypesd and f have only oneinstanceeachandthereforewerenotincludedin the
table. Their coordinatesreasfollows: d'=(314,226),f>1=(441,215).

We initially usedthe objectfeaturemodelsand relationsfrom Table 5.20to build a graph
accordingto whatis describedn Section5.2 By usingan edgethresholdof 0.5, which is
consistentvith thethresholdchoserduringthe syntheticexperimentsn the previous section,

it waspossibleto obtainfive maximalcliques,which arelistedin Table5.21 No morethan
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K = 1 wild-cardswere allowed per vertex. We did not testwith K = 2 asthis would create

verticeswith morewild-cardsthanrealimagefeatureqSection5.2.1, pagel09 discussedhis

issue).
[ #] Clique | Rank |
1 (bl’l, b2,1, b3,l) (Cl’l, CZ,l, C3,1) (el,l, e2,l, *) 0.88
2 @L, 221, a3%) (%2, a2?, a%?) 087
3 @T, 22T, a3?) (a%?, a2?, &%) 083
4 (al,z' a2,1, a3,2) (al,l, a2,2, a3,1) 0.82
5 (al,z' a2,1, a3,1) (al,l, a2,2, 33’2) 0.81

Table 5.21: Maximal cliquesfound for the telephonescenesvhen addingno noiseto the

models.

Cliques2-5, involving featuresof type a, indicatethatthe telephonehandsefeaturesdefine
arigid geometriomodelgovernedby therelationshipsetweerthe clique vertex components.
The reasorwhy therearefour cliquesdescribingthe samegeometricrelationis becausahe

handsefeatureswvereclassifiedasbeingof the sametype, sothey canbeinterchangedvithin

avertex without breakingthe geometricconstraint.

Note thatthe highestsimilarity scoreamongthesefour cliquesis for the correctcase which
probablyarisesdueto sightvariationsin thedata,includingthe smallsggmentof thetelephone
cord. The remainingclique (1) correspondgo structuralmodelfor the telephonebaseunit,
which, asexpected,containsa vertex representingwith a wild-card, the missingoccurrence

of featureein thethird image.

The next stepwasto add noiseto the modelscreated. We usedthe samenoise level of
P(3,2,30,0.5}%0 disturbTable5.20 The resultingmodelsarepresentedn Table5.22 After
runningthe algorithmson the dataof Table5.22 andusinga 0.5 edgethreshold,the same
five maximalcliquescouldbe found, but this time with lower scoresdueto the noiseaddition

(Table5.23.

5.4.2 PDA and CD Player

In this sectionwe explore a morecomplex casestudy Insteadof creatingscenedy digitally
pastingon a blackimagea numberof previously acquiredandsggmentedobjectimageswe
now acquirethe entirescenegrom real objectconfigurations.in this casestudy illumination

andcamergpositionwerenot controlled.
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|| (a) || al’2 (562,587) | 612’1 (600,431) | az’2 (595,657) | a371 (179,676) | a372 (341,395) ||
all 233586 || 1.06,203,0.61] 0.73,67,0.43] 0.62,259,0.47] 0.86,271,0.50 1.01,138,0.55
al? se2:587) 0.65,293,0.64{ 0.73,99,0.56 | 1.14,137,0.84 1.09,287,0.92
a®?! (s00,.431) 1.09,167,0.74 1.69,190,0.76 1.21,18,0.76
a%? (s95,657) 1.28,44,0.90 | 1.38,223,0.70
a1 170676 0.87,197,0.97

|| (b) || b2 (477,256) | b3 (586,225 || || (c) || c®1 (176,129) | c31 (200,149) ||
bh1 4sss10) || 0.98,351,0.87] 0.65,349,0.70 cbT qesas5 || 1.17,350,0.54 0.80,0,0.94
b2 (477,256) 0.55,353,0.73 > (176,129) 0.52,1,0.61

|| (e) || 1 so1,07) ||

|| ebl (606,149) || 1.14,15,0.80”

Table5.22: Resultsof perturbingTable5.20with noiseparameters(3,2,30,0.5).

[ #] Clique | Rank ||
1 (el,:L, e2,1, *) (bl’l, b2,l, b3’l) (Cl’l, CZ,:L, 03’1) 0.77
2 @2, a2?, &%) (@7, a2t, a3?) 0.71
3 (al,z' a2,1, a3,2) (al,l’ a2,2, a3,1) 0.70
4 (al,z' a2,1, a3,1) (al,l’ a2,2, 83’2) 0.69
5 (al,Z, a2,2, a3,2) (al,l, a2,1, a3,l) 0.67

Table 5.23: Maximal cliquesfound for the telephonescenesvhen using a noise modified
modeldatabase.

Two objects,a portablecomputer(PDA) and a CD player were placedon top of a large
blue carvasat differentpositionsin aroomindirectly illuminatedby fluorescentampsin the

ceiling.

This time, we useda handheld digital camerato manuallyget an approximatetop view of
the sceneswhich allowed a small (but noticeable)degree of perspectie distortion, motion
blur, shadavs, speculareflectionsandfocusingproblems.Figure 5.8 shavs the threescenes

acquiredundertheseexperimentakonditions.

A total of five interestpoints per scenewas selectedasfollows: in the CD player onepoint
centredon the open-lidbutton a1, anotherb™! on a black spotat lid centreanda final point
¢! onalogo atthebackof thelid; in the PDA, onepointcentredon theactvity light d"! and

anotheron theon-of buttone'! (i is thescenenumber).

From scenel to 2 the CD playerwasrotatedby approximately90 degrees,while the PDA

sufferedno changedn orientation.The distancerom the camerao both objectsdid not suffer
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Figure5.8: Sceneimagesusedfor the 2" casestudy Circlesin the figure denotethe retinal
areasvhosecentresareat theinterestpointsgivento the system.The picturealsoshaws the
featuretypesa, b, c andd obtainedoy Algorithm 5.1
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ary noticeablechangeaswell. But in scene3, the camerawaspositionedfurther awvay from
the objectssothatthe CD playerappeare@shaving about85% of its original size. The PDA,
onthe contrary waselevatedfrom the groundin sucha way thatit appeare@shaving about
144% of its previous size. The PDA was rotatedabout60 degreesandthe CD playerwas

rotatedabout185degreeswith respecto its occurrencen thefirst scene.

After running Algorithm 5.1 on the above interestpoints, we obtainedthe model database
presentedn Table5.24 which is anapproximatiorto the correctclustersof objectfeatures.
The approximategroundtruth valuesare presentedinderneatleachcell usinga small font

size.

Notethatalow clusteringthresholdgqualto 0.2, hadto beusedthistime sothatthealgorithm
could copewith the lower matchingscoresdueto the arbitrarylighting conditionsand free
camerapositioning. This thresholdwasactually easyto determine sincethe similaritiesfor

featuremot expectedto matchweresuficiently low (0.05,on average).

The overall estimatedrelative scalesand orientationswere not so closeto the groundtruth
for the scenesvhen comparingwith the first experiment(Table 5.20. Regardlessof these
imperfectionscreatedoy the clusteringalgorithmundermorerealisticsceneconditionsit will
bepossibleto seebelow thatthe structurdearningapproacttanstill infer the correctobjects’

structurefrom thedata.

|| @ || a%1 g8 548 | a>1 (ss6,581) || || (b) || b?1 (363,479) | b31 (925,480) ||
1.00,90,0.56 ] 0.83,180,0.33 1.00,90,0.74 ] 0.83,180,0.21
all 2s340) 1.00,90,1.00 0.85,185,1.00 b1 (359.466) 1.00,90,1.00 0.85,185,1.00
1 0.83,90,0.32 5 0.83,90,0.22
a~" (488,548) 0.85,90,1.00 b2 (363,479 0.85,90,1.00
|| (c) || c>1 (381,337) | c31 (1041,509) || || (d) || d?1 (g26,445) | d31 (426,429) ||
1.00,90,0.441 0.83,180,0.43 1.00,0,0.84 T 1.20,60,0.24
et (226.450) 1.00,90,1.00 0.85,185,1.00 db (gs3,440) 1.00,0,1.00 1.44,60,1.00
01 0.83,90,0.38 1 1.20,60,0.25
C5™ (381,337) 0.85,90,0.38 d=* (826,445) 1.44,60,1.00
|| (e) || €1 (655,483 | 31 (242.283) ||
1.00,0,0.377] 1.20,60,0.26
el (esa.4a79) 1.00,0,1.00 1.44,60,1.00)
1.44,60,0.19
€21 (655.483) 1.44,60,1.00

Table5.24: Model databaséor the 2" experimentinvolving a PDA anda CD player Ground
truth relationshipvaluesare presentedusinga small font, underneatleachcomputedtriplet
(rSroO,am).
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Thistime we applieda modifiedsetof noiseparameterso themodeldatabasesincetherewas
alreadyenoughvariationin someof the estimateddata, mainly the similarity scoresandthe
relative scales.Thus,the new setof parametersisedwas ?(3,1,30,0.1).Table5.25 contains

thenew modeldatabas@erturbedoy theseparameters.

|| @ || a1 (490,549 | a1 (ss8,580) || || (b) || b?1 (364,479) | b3 (925,477) ||
alT 40337 || 0.98,61,0.60] 0.81,188,0.33 bL1 @se.465) || 0.98,106,0.71 0.78,185,0.20
a1 (490,549 0.80,90,0.34 b1 (364,479) 0.86,114,0.24
|| (c) || 21 382.337) | c31 (1041,508) || || (d) || d?1 (g25,442) | d31 (426,429) ||
cbl 227451 ]] 0.99,113,0.48 0.80,205,0.43 db1 @ess4ay) || 0.95,357,0.78 1.15,75,0.23
c21 382.337) 0.81,90,0.35 d21 (825,442 1.16,81,0.27
|| (e) || €1 (652,485) | €31 (240.285) ||
ebl s6.473) || 1.03,28,0.39] 1.13,81,0.26
> (652,485) 1.44,39,0.19

Table5.25: Resultsof perturbingTable5.24with noiseparameter(3,1,30,0.1).

After runningthe structurelearningapproacton the perturbedmodels(Table5.25, allowing
0 or 1 wild-card per vertex, the two expectedmaximal cliqueswerefound: (ctt, ¢>1, ¢31)
(att, a>t, a>t) (b1, b?1, b31), with arankof 0.56; and(d%?, d21, d31) (ebt, €21, e31), with
arankof 0.47.

The following stepwasto remove two of the featuresp®! andd™! from the modeldatabase
in Table5.24 andapply the noiseparameterggain,in orderto inspectwild-card behaiour.
Whenallowing 1 wild-card per verte, it was possibleto get the expectedmaximal cliques

usingthe previous 0.5 edgethreshold seeTable5.26

T#] Clique | Rank ]
1 (bl’l, b2, %) (Cl’l, 2T C3’l) (al’l, >l a3,1) 0.67 |
3 (€, &1 & ¢, a1 &) 042 |

Table5.26: Maximal cliquesfoundin the PDA / CD playerexperimentwith features®! and
d%! missing.

5.4.3 Limitation of the Object Matching

Oneof ourinitial thoughtsaboutautonomougearningof structuredconic modelswasthata

spacevariantsensorcould help matchingfeaturesundera clutteredor complex background,
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i.e.,if the high resolutioncentreof the sensomwasoccupiedmaostly by the objectcomponent

thenthelow resolutiondiffering backgroundvould have a smallimpactin thematchingscore.

However, in practice,not all objectfeatureswill fall into the sensolin sucha way to occupy
mostof the high resolutionunits. Elongatedobjects,like a scrav driver for instance do not
have this property but a round facewith a fixation point at the nose,eye or mouth would

probablyhave.

Moreover, most attentionalstratgjies rely uponthe extraction of several low level features
includingcornersgdgesblobsetc,andthesefeaturesarenot necessarilyocatedatthe objects

centreof mass.

Thus, it is likely that consistentlylocatedfixation pointswill be somavherein the object
boundariesgornersprightor darkspots.We chosdnterestpointsto thischapters experiments

having in mind theabove considerations.

Themainquestiomow is: canwe actuallydemonstrat¢heaborve limitation with anexample?
Theanswelis affirmative. Figure5.9 shavstheobjectCD playerunderdifferentbackgrounds.
We selected? objectfeaturesper scene:onecentrallylocated(a'!) andanotherperipherally

located(b"1), wherei = 1,2, 3 is the scenenumber

Table5.27 presentgshe matchingscoredor two separatelusteringexperimentCTHD was

setto 0) involving thetwo kinds of interestpointsmentionedabore.

|| €) || a1 (335.260) | a1 (320.220) || || (b) || b2 315,196) | b3 (371,196) ||
0.70,180,0.54 1 0.48,270,0.26 0.70,180,0.21 ] 0.70,270,0.0
all 307.208) 0.68,180,1.00 0.49,260,1.00 b1 (336,207 0.68,180,1.00 0.49,260,1.00
0.70,90,0.31 0.58,90,0.13
a?! (335,260) 0.72,80,1.00 b%1 (315,106 0.72,80,1.00

Table5.27: Matchingscoresor (a) central,a, and(b) peripheralb"! interestpoints. Truth
valuesarepresentedisinga smallfont, underneatteachtablecell.

From the matchingscoresand relative scalesin the table, it is possibleto seethat central
interestpoints(a-t) aremuchmorereliablethanperipherabnes(b'1), i.e., thematchingscores

arehigherandthe estimatedelative scalesarecloserto the scenestruerelative scales.
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(a) Scenel

(b) Scene2

(c) Scenel

149

Figure5.9: Imagesusedto testthe matchingscoresof (a) central,a"t, and(b) peripheral a2,

interestpoints.
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5.4.4 Doll

In thefourthandfinal experimentwe consideranobjectwith anarbitrarybackgroundlighting
conditionsandcameragposition.As we couldseefrom thepreviousdiscussiomegardingobject
matchingwith a spacevariantsensarsomeobjectslik e facescanhelpthe matchingmetricto
be lessaffectedby ary differing peripheralbackgroundnformation. We are not considering
here differencesthat may be noticeablein the main areaof a face,e.g., dueto glassesa

moustachehair styleandsoon.

Figure5.10shaws threescenesvherethe doll objectis present.In the first scenethe object
was picturedhorizontally In orderto createa seconddoll instance we rotatedthe original
imagel80degreesandappendedheresultto thescenesincewe did nothave asecondioll. In
thesecondscenethedoll now appearstandingup undera differentbackgrouncandat a size
thatis about63%o0f its sizein thefirst scene Finally, in thethird scenethedoll is about137%

biggerthanits first occurrenceandagainappearstandingup undera differentbackground.

Table 5.28 details the resultsof the clusteringalgorithm. Underneatheachtable cell are
approximateruth valuesfor thefeatures'relationshipsThe matchingscoresverereasonably

high, eventhoughdifferentbackground$iave beenused.

It shouldbe notedthat a differentmodelwascreatedto describeeachof the two eyes. This
happenedecauséhe retinal maskis larger thanthe objectfeatures so, whencentredat one
eye, it alsoincludedpartsof the hair, mouth,noseandthe othereye, makingleft andright eyes

almosta mirror imageof eachother thereforenot producinga goodmatch.
Table5.29shaws theresultof oneapplicationof 2(3,2,30,0.5Y0 Table5.28

The structurelearningresultsfor the perturbedmodelbasearein Table5.3Q If we remove
featurexc®! andb?! from Table5.29in orderto testwild-cardusagethenwe have theresults
shavn in Table5.31 Bothtablescontainexactly the correctmaximalcliquesfor the structure

foundin thescenes.
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(a) Scenel

(b) Scene2

(c) Sceneld

Figure5.10: Sceneswvith thedoll objectfor structurdearning.In orderto make thefigure not
too crovded,insteadof drawing a circle wheretheretinalmasksare,we justshav thefixation
pointswith smallcrossesFeaturesvereautomaticalljabelledafterrunningAlgorithm 5.1
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|| @) || al? (173,223 | a%1 (260177 | a>1 (245184 ||
11 1.00,180,0.54] 0.70,270,0.68 | 1.44,270,0.44
an (402,200) 1.00,180,1.00 0.63,270,1.00 1.37,270,1.00
12 0.70,90,0.48 | 1.44,90,0.31
an© (173,223) 0.63,90,1.00 1.37,90,1.00
21 2.07,0,0.45
act (260,177) 2.17,0,1.00
|| (b) || b12 (176.179) | b1 (200.178) | b3 310.189) ||
11 1.00,180,0.68] 0.70,270,0.57 ] 1.20,270,0.30
b+ (308,254) 1.00,180,1.00 0.63,270,1.00 1.37,270,1.00
12 0.70,90,0.24 1.20,90,0.22
b*“ @76,179) 0.63,90,1.00 1.37,90,1.00
2.07,0,0.43
b2 (200.178) 2.17,0,1.00
|| (c) || cb? (139,199) | c®1 275.155) | c31 (280.140) ||
11 1.00,180,0.91] 0.70,270,0.61] 1.44,270,0.61
Ch (434,235) 1.00,180,1.00 0.63,270,1.00 1.37,270,1.00
1o 0.70,90,0.72 | 1.44,90,0.50
Ch% (139,199) 0.63,90,1.00 1.37,90,1.00
01 2.07,0,0.50
C*~ (275,155) 2.17,0,1.00

Table 5.28: Model databasdrom the doll experiment. (a) Left eye features. (b) Right eye

features. (c) Mouth features. Groundtruth relationshipvaluesare presentedusinga small
font, underneatieachcomputedriplet (rSrO, Sm).

|| €) || al? (170223 | a1 (258,175 | a>1 (245,184 ||
all 402210 || 1.16,199,0.36 0.71,243,0.66 1.58,261,0.63
al? 170223) 0.71,87,0.41 | 1.38,99,0.19
a?1 (258175 2.43,350,0.62

|| (b) || bL:2 (177,180) | b2 (200,175) | b3 (307,100) ||
bl (309252 [ 0.97,153,0.72] 0.84,295,0.51] 1.15,289,0.16
bL2 (177.180) 0.69,91,0.13 | 1.03,101,0.21
b1 (200,175) 2.02,12,0.41

I (c) | cMPassion | cAlemisy | Alemun |
clT 4se234) || 0.89,154,0.62] 0.72,241,0.35 1.30,267,0.33
cb? (3s.107) 0.58,70,0.89 | 1.31,77,0.75
21 273153 1.92,26,0.68

Table5.29: Resultsof perturbingTables.28with noiseparameters(3,2,30,0.5).
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[ #] Clique | Rank ||
1 (Cl,2' 02,1’ C3’l) (a1,2’ a2,l’ a3,1) (bl,Z’ b2,l’ b3’1) 0.59
2 (al,l, a2,1, 3.3’1) (Cl’l, CZ,:L, C3,1) (bl’l, bZ,l, b3,1) 0.57

Table5.30: Maximal cliques correctly found for the doll experiment with no missing
features.

[ #] Clique | Rank ||
1 (01,2’ 02,1’ *) (a1,2’ a2,l’ a3,1) (b1,2’ bZ,l’ *) 0.63
2 (al,l’ a2,1’ a3,1) (Cl’l, 02,1’ *) (bl’l, b2,l’ *) 0.55

Table5.31: Maximal cliquescorrectlyfoundfor thedoll experimentwith missingfeatures?®*
andc®?.

5.5 Summary

In this chapterwe provided an answerto the questionof whetheror not is possibleto learn
rigid geometricmodelsfrom 2-D imageevidence(iconic objectmodels)acquiredfrom a set
of scenesWe foundthat structuredmodelscanindeedbe learntin sucha contet by usinga

graph-basedepresentatioandalgorithms.

Iconicmodelsandrelationsareobtainedvia aclusteringalgorithmthatworksby evaluatingthe

similaritiesbetweemew andexisting objectfeaturegepresentedh termsof asetof retina-like

imageplanes.We assumehatthelocationsof thefixation pointsof objectfeaturesn a scene
areprovided by an externalattentionmechanisninot investigatedn this thesis),which uses
bottom-up(basedon low-level featureslandtop-tavn (basedon high level models)stratgies
to consistentlyindicateregionsof interestin the objects. Theimagerepresentatioitself was
presentedn Chapter3 andthe raw primal-sletch featuresthat form the imageplaneswere

discussedn Chapterd.

The sensitvity of the similarity function to the misplacementof the fixation points
was analysedn termsof four possiblecombinationsf objectandbackgroundype. Results
shavedthat, regardlessof imagecontentsgrrorsabove 3 pixelsin bothdirectionsaway from
theidealfixation pointwould causethe functionto producevaluesbelown half of its maximum
output. The only exceptionis when the points are on the symmetryaxis of an object (if

present)jn which casealargermisplacementvould betolerated.
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A numberof experimentsinvolving synthetic sceneshelped not only to understandthe
mechanismbehindthe graphconstructiorbut alsoto elicit thetoleranceo noiseandthetrue
limitations of theapproachSomecasestudiesalsoshaved how the approachworkswith real

images.

Thereare someissuesrelatedto the algorithmsdescribedn this chapterthat requirefurther
research.For instance thereare clearly otherwaysof definingthe rank of a vertex, edgeor
clique. Thevertex creationprocesss not yet the optimal solutionto the problemasit suffers
from ascalabilityproblem:thesizeof theresultingcombinatoriaketgrows exponentiallywith
the numberof images.Howeverit is still areasonablsolutionfor afew tensof images.One
way to reducethe numberof combinationswvould be to pre-groupmultiple instancesof the
samemodelclassasif it wereanew type of object. Findinga morecomputationallyattractve

vertex definitionis alsoleft asfuturework.

Although the structurelearningapproachpresentedn this chapterrequireda computational
time exponentialin the numberof input sceneimages(seeFigure C.10in Appendix C for
reference),it shouldbe pointedoutthatthisis meantto beanoff-line or backgroundearning
process. Moreover, the goalis not to learnfrom a large set of imagesat once, but to
incrementallybuild structuredmodelsfrom small setsof images, thereforeminimising the
graph constructioncompleity. Given that the clustering processkeepsclassifyingimage
regions while recordingtheir relative scaleand orientations, it would not be difficult to
combinethe outputsof the structurdearningapproactwhenappliedto smallsetsof sceneat
atime. Althoughwe left this asfuturework, we shallbriefly discussbelov how this might

be acomplished.

Supposene hadsuficient time to run our structurelearningmethodon a large setof scenes
from which a particularstructuremodel could be learnt. Sincewe are looking only at the
imageevidence,it is likely thatthe resultsof the structurelearningmethodon subsetof this
large setof scenesvould yield approximatelythe samemodel. Obviously, modelslearntfrom

smallersubsetsvould belessreliabledueto reducedsupportingmageevidence.

Thus,the procesf integratingthe outputsof multiple structurelearningrunswould roughly
consistin: (a) meging the commonstructuredearnt(cliques);then(b) updatingthe vertex,

edgeandcligue ranksto reflectthe improved imageevidence,and(c) addingto the system
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the possiblenewn structuresfound. It should be pointed out that the task of determining
the commoncliquesacrosstwo or morelearningrunsis simplerthana graphisomorphism
problem (which is found to be NP hard), since here all the verticesin the graphwill be

consistentifabelled.

A slighly simpler yetsimilar, approactwouldinvolve performinganinitial bootstragearning
of afew scenegtypically 5 or 6), thenincrementallyidentifying andremaving knowvn image
evidence(or objectfeaturesfor every newv scenaanalysedthusallowing learningto take place
only on new evidence. The procesof identifying imageevidencethatis alreadyexplained
by the existing modelscould be accomplishedsia a simple relational matchingalgorithm.
Obviously, modelsshouldbe incrementallyupdatedwith this evidence. Structurelearning

would thereforetake placeonly on thefeatureghatarenotyet partof ary existing model.



Chapter 6

Conclusion and Further Work

Model-based vision is computationally intractable without reducing the large set of
objects that potentially explain a set of data to a few serious candidates that require
more detailed analysis.

R. B. FisherFis89]

Contents
6.1 Summary of the Thesisand Contributions . . . . .. ... ... .... 157
6.2 FutureWork . . .. . . . ... 160

This chapter summarises all the research done and contributions as well as gives a list of
possible future research to be carried out on each of the main issues addressed in this thesis:

primal sketch feature extraction, primitive iconic model learning and structure learning.

156
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6.1 Summary of the Thesisand Contrib utions

We presenasummarybasedn thethreemainchapterof thethesis:

6.1.1 Log-Polar Image Representation

Initially, in Chapter3, we presentedthe specificationof a biologically inspired image

representationyhich hasinterestingoroperties:

e TheinputCartesiaimageis re-sampledhroughtheuseof asetof overlappingreceptve
fields which producesanimagesmallerin sizebut still retaininghigh resolutionin the

middle.

e The progressiely lower resolution periphery is implementedasa log-polarimage,
which hasthe propertyof converting changesn scaleandrotationinto translationsin

the log-polar space.

e If higherresolutionsareneededn theperipheryasimpleattentionmechanisntouldbe

usedto changehefoveationpointto ary pointin the periphery

e Thereceptve field computatiortogethemith the pre-processingtageusesanestimate
for the local surfacereflectanceof objectsin the scenewhich malkesit approximately

invariantto local changesn theillumination andscenecomposition.

e |t suitsseveral practicalapplicationssuchastime-to-contacin active vision, general

objectrecognitionandimagecompressiofiST93.

Thereis no particularnovelty to the work presentedn this chapter beingrelatedmainly to
researctpublishedby [RS9Q, [ST9], [GF94, [LWV97] and[Jur99. The main purposeof
this chapterwasto develop an imagerepresentatiothat was suitablefor the mostrelevant

component®f theresearclpresentedh this thesiswhich arediscussedn Chapterst and5.

6.1.2 Primal Sketch Feature Extraction

In the main sectionof Chapter4, we concentratedn a nev approachto extracting primal

sketch featuresfrom the log-polar image representation.lt is believed that primal sketch
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featuredlike (edges bars, blobs andends) [Mar82 are usedby the humanvisual systemas

morecompactepresentationfor imagedataandalsoascuesfor anattentionmechanism.

A previousapproachio detectingheseeaturesn alog-polarimage[ GF9§ usedheuristically
definedoperatorsand did not producegood resultswhen appliedto real images. Another
work [LWV97] modelledlines, circular arcsandellipsesusingequationsanda LMS fit was
emplog/edto minimisethe datato modelerror Themainnovelty of our approactwasto learn
the transformatiorthat computedthe featuresinsteadof trying to build an explicit modelof
them. Neural Network learningof edgefeatureshasbeenattemptedoeforewith uniformly
sampledimages(see,for instance[PCB94 and[CTR99), but to dateno otherwork, apart
from ours, has extracted,via learning, primal sketch features(not exclusiely edges)in a

log-polarsensoigeometry Below arethe otherimportantaspect®f our approach:

¢ Featuresaredetectedat several differentorientationsand contrastswhich givesarich

descriptionof the detectedeatures.

e Contrastsare codedat the neuralnetwork outputsin a way that imitatesthe human

ability to perceve them.

The implementationof our approachwas not straightforvard, but problemswere tackled
with somefew refinements.The direct coding of orientationsat the neuronoutputsdid not
work appropriately As a resulta setof symmetryoperationswvas definedto normalisethe
featureorientationsprior to learningandclassification.Also, usingreceptve fields valuesas
the networks inputs did not provide enoughseparatiorat the input space,andthusa PCA
pre-processingnodulewasincludedto reducethe numberof inputsandincreaseseparability
Although only usingsyntheticfeaturesin the training setsproved to be satishctory undera
performancevaluationinvolving synthetictestingfeatureswhenapplyingtheinitially trained
networksto realimagestheresultswerenotthe same.Thusa procesof manuallyselectinga

few featuredrom realimageswasintroducedn orderto enrichthetrainingsets.

From the resultspresentedn Chapter4d and AppendixA, we canconcludethat our feature
extractionapproachs successfulbut thereis still roomfor somefurtherimprovement,which

we discussn Section6.2

Thus, this thesishaspresentedn original methodfor computingprimal sketchfeaturesin a
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log-polarimage,andalsoa methodfor learningthe parametersf thatcomputation.

6.1.3 Model Learning

Iconic Models

In a simplealgorithmwe have shavn how to build modelsof visual objectsfoundin a setof

sceneshroughaniconicvisionsystem.An iconicmodelis definedasa setof regions,or object
instancesthatare similar to eachother and comprisesa list of relative scales orientations,
positionsandsimilarity scoredor eachpair of imageregions. This is accomplishedby using

therotation/scalingoropertiesof thelog-polarmapanda cross-correlatiomlassifier

Therearesereralworksin theliteraturedealingwith matching trackingandsearchingbjects
in log-polarimages(e.g. [Jur99, [SE9], [GF94, [Mac97, [FM98] or [LWV9I7]), howvever
themodelclassesrepreviously knowvn, andareeitherhardwiredinto the systemor manually

selectecandsggmentedo form training sets.

An importantaspectof the methodwe designedwasto assumethat objectcomponentgor
featuresyvould belikely to appeaundera setof interestpointsgivenby anexternalattention
mechanism.To a certainextent, the colour normalisationmplementedn Chapter2 andthe
low resolutiorretinalperipheryhelpedio matchfeaturesinderdifferentbackgroundsindlight

conditions.

Therefore,no prior knowvledge of the scenestructureand objectsis required,nor is human
assistancewhendeterminingthe classesf models. Although computationallyunattractie,
this algorithmprovedto befeasiblewhenthe numberof imagesandfeaturegperimageis not
toolarge,whichis acceptablsincethenext stepof theapproachstructurdearning,discussed

below) canoperatgoroperlyon this densityof data.

Structur e Learning

In thisthesiswe alsoansweredaffirmatively theimportantquestionof whetheror notit would
be possibleto learnrigid geometricmodelsfrom 2-D imageevidence(iconic objectmodels)
acquiredfrom a setof scenes.In Chapter5 we found that structuredmodelscanindeedbe

learntin sucha contet by using a graph-basedepresentatiomnd algorithm. In a number
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of experimentswith syntheticandreal sceneswe have shavn how our approachworks in

practise.

An important difference betweenthe way we learn models and the existing traditional
approachess thatour systemis designedo searchthe visualfield for objectsin an attentive
way, like humansand someotheranimalsdo. In this way, the relative position of clustered
featurescan be recordedand, with the help of the features’relative scaleand orientation,

possiblerelationshipsamongfeaturescanbeworked out.

Within the classof geometric symbolicor structurebasedbjectrecognition typical systems
normally usesurface[Fis89 or volumetric[Bie86 relationshipsetweerobjectcomponents
to build modelsandimprove matching. In our work, instead,we use 2-D image (iconic)

evidenceto build structurednodels.

In [FM9§], subcomponentvidencefrom model relationswas usedto improve matching
and attention. Thus, our approachto model learning extendedthat work in providing an

autonomousvay of building a databasef iconic modelsandrelations.

6.2 FutureWork

6.2.1 Primal Sketch Feature Extraction

Integrating all the Classifiers

Whenlooking at the resultsof the applicationof the final architectureon realimages,it is
easyto seethatthereis someintersectiorbetweerthe outputsof the classifiers.Althoughit
is acceptabléo have a patternthatis in the boundarybetweertwo differentclassesandthus
beingclassifiedasa memberof bothclassesfor someproblemst would bemoreappropriate
to have theintersectiorbetweerthe outputsof all classifierdbeanemptyset. Thisintersection
wasminimisedwhenwe includeda subsebf featuredrom otherclassesascounterexamples
to aparticularfeatureclass.But if theobjectiveis to have acompletelydisjunctsetof features,
somethingelsehasto be used.Oneoptionwould beto includeafinal decisionrule to choose
the classifierthat producedthe strongesbutputand discardall the other classifiersfor that
particularfeature.Anotheroptionwould be to addto our architecturea final winnertakes-all

neuralnetwork thatwould be usedto choosea uniquefeatureclass. The training setfor this
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classifiercould be built, for instancefrom somehumandecisionsaboutthe featureidentity.

Analysis of Receptive and Projective Fields of Hidden Units

Onceall neuralnetworks weretrainedandtested,it canbe usefulto analysethe patternsof
weightson connectiongo andfrom the hiddenunits, sothatwe canhave anideaon how the
mappingswere actually performed. The goal is to determinewhich partsof the input were
particularlyimportantfor a given unit by examiningwhich connectiongontrituted mostlyto
the activation of thatunit. This is usuallycalledan analysisof receptivefields. Thereis also
an analogousanalysisthat canbe performedon the hiddenunits, which is calledanalysisof
projectivefields The projective field of a hiddenunit is composedf thoseoutputunits that

have strongweightson their connectiongrom thathiddenunit.

One obvious applicationof the abore analysisis to provide an understandingpn how the
network solvesthe problem. For example,Kosslyn[Kos94 analysedhe hiddenunits of a
network designedo recogniseshapes&ndgiveits locationona5x5inputarray He discovered
that somehiddenunits had strongpositive weightsfrom input units that were arrangednto
horizontal verticalor diagonalbarsin theinputarrayandthenconcludedhatthoseunitswere

apparentlyservingasfeaturedetectors.

Anotherinterestingapplicationis to producean approximationfor the outputsof a trained
neuralnetwork in termsof a setof logical rulesor a mathematicallydefinedoperator Under
certainconditions,this canbe doneautomatically Thus, our solutioncould be dramatically
simplified by the useof thoselogical rules,which may be moretransparenthanthe trained
modules.This approacthasa clearadvantagevhencomparedo a previous approachwhich
alsousedsomesort of logical rules, in the sensethat now the ruleswould be basedon real

statisticsof thedataandnot on heuristics.

6.2.2 Model Learning

Primiti ve Iconic Models

It is clearthata moreappropriatdandefficient) classifiercanbeusedhere.Insteadof actually

storingthe objectinstanceghemseleswhile building iconic models,a unsupervisedNeural

1 Notethisis aslightly differentuseof thetermreceptivefield from thatusedin imagefeaturedetection.
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Network or a Kernel-Basedmethodcould probably do a betterjob by representingobject
classesby meansof a small numberof parameters.Moreover, it would be interestingto
investigatehow to avoid having to perform sequentialaccesdo all objectinstancesn the

modelbasebeforea matchoccurs.

A naie, but perhapseffective, algorithm could matchunseenobject featureswith just one
modelinstancga prototype)permodelclassin thedatabaseThis would produceonly oneset
of matchingresultscomprisingsimilarity, andgeometriaelationsof scaleandorientation.The
unknawn resultsbetweera unseerobjectfeatureandall theremaininginstance®f thewinner
class,which are requiredby the structurelearningapproachcould be estimatedby indirect
calculations(or propagationin the databaselsing the existing computedvalues. However,
the choiceof a prototypemodelinstancemay be a difficult tasksincewe do not have all real

similarity measurement® compardn afirst place.

Structur e Learning

Thereare someissuesrelatedto the algorithmsdescribedn this thesisthat require further
research.For instance thereare otherways of definingthe rank of a vertex, asfor example
the averageof the similarity scoreshetweerall the pairsof vertex elements A studyon how
the functionsusedto rank vertices,edgesandcliquesinfluencethe learningresultswould be

equallyimportant.

The vertex creationprocesss not yet the optimal solutionto the problemasit suffer from a
scalability problem: the size of the resultingcombinatorialsetgrowns exponentiallywith the
numberof images. However it is still a reasonablesolutionfor a few tensof images. One
way to reducethe numberof combinationsvould be to pre-groupmultiple instance®f same
modelclassasif it wereanew typeof object. Findingamorecomputationallyattractve vertex

definitionis left asfuturework.
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Appendix A

Primal Sketch Feature Extraction
Examples

This appendixpresentsomeresultsof the systemwhenappliedto syntheticandrealimages.
In orderto facilitatethevisualisatiorof theextractedfeatures|og-polarimagesvereconverted
backontothe Cartesiarspace Darker pixelsrepresent higherestimatectontrastandlighter
pixelsrepresentshe contrary

FiguresA.1 to A.5 exemplifiesthe use of the system(learningapproach)on somesimple
syntheticfeatures. The figuresalso shav, for comparisonpurposesthe featuresextracted
usingthe previousapproachlogical operatorsproposedn [GF94.

FigureA.6 usesarealimageto compardeaturesxtractedusingourapproactandtheprevious
oneproposedn [GF94.

FigureA.7 shavs thelevel of improvementobtainedafterthe additionof realfeaturesnto the
training sets. Image 1 wasusedasa sourceof additionaltraining exemplars(seetable 4.6)
whichweremanuallyselectedrom theresultsof aninitial applicationof thetrainednetworks
overthisimage.

FiguresA.8 andA.9 shav the resultson entirely new images(images?2 to 4, from which no
realfeatureshave beenselected).
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FigureA.1: Edge classifierson syntheticimages.
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FigureA.2: -Bar classifierson syntheticimages.
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FigureA.3: +Bar classifierson syntheticimages.
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FigureA.4: +Blob classifiersrespectrely, on syntheticimages.
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FigureA.5: +End classifiersyespectrely, on syntheticimages.
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Appendix B

Evaluating the Similarity Function

This appendixpresentsthe resultsof the evaluation of the similarity function underthe
misplacemenbf the fixation points. Eachfigure representsa combinationof type of object
andbackgroundTwo typesof objectswereused:simple,having few featurego discriminate
from otherobjects;andcompl, the otherway around.Also, two typesof backgroundvere
consideredplain, formedmainly by anuniform colouror pattern;andcluttered.

The experimentconsistedf initially choosinga fixation point on the objectandextractinga
modelinstancethere.Then,all possibléfixation pointsinsideacircle centredon thefirst point
wereusedto generataeighbouringnodelinstanceswhich werein turn comparedo thefirst
modelinstanceaccordingo the similarity metric.

FigureB.1 shawvs the experimenton a simpleobject,plain background Figure B.2 shawvs the
experimenton a simple object, clutteredbackground. Figure B.3 shavs the experimenton
a comple object, plain background. Finally, FiguresB.4 andB.5 shav the experimenton
comple objectsandclutteredbackgrounds.

The outer and inner circles dravn in Figures B.1(a) through B.5(a) representthe area
covered by the retinal mask and the area from which misplacedfixation points were
selected, respectiely. FiguresB.1(b) throughB.5(b) shawvs the resultingsimilaritiesasthe
verticaly-axisof a 3-D graph,beingthex-z axisrepresentedly localimagecoordinatesnside
the circle. FiguresB.1(c) throughB.5(c) containplots of the averagesimilarities versusthe
radii.
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FigureB.1: Similarity experimentwith Tooll: simpleobjectin a plain background.(a) Input
Cartesianmage. (b) Plot of similarities betweena modelinstanceon the centralpoint and
all instanceentredon pointsof theinnercircle. (c) Similaritiesaveragedover the distance
(radius)from the centralpoint.
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Figure B.2: Similarity experimentwith Tool2 simple objectin a clutteredbackground.(a)
Input Cartesiarimage. (b) Plot of similaritiesbetweena modelinstanceon the centralpoint
and all instancescentredon points of the inner circle. (c) Similarities averagedover the

distanceradius)from the centralpoint.
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FigureB.3: Similarity experimentwith Pdal complex objectin a plain background(a) Input
Cartesianmage. (b) Plot of similarities betweena modelinstanceon the centralpoint and
all instanceentredon pointsof theinnercircle. (c) Similaritiesaveragedover the distance
(radius)from the centralpoint.
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Figure B.4: Similarity experimentwith Pda2 complex objectin a clutteredbackground.
(a) Input Cartesianmage. (b) Plot of similarities betweena modelinstanceon the central
pointandall instancesentredon pointsof theinnercircle. (c) Similaritiesaveragedover the
distanceradius)from the centralpoint.
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Figure B.5: Similarity experimentwith Party: complex objectin a clutteredbackground.
(a) Input Cartesianimage. (b) Plot of similarities betweena modelinstanceon the central
pointandall instancesentredon pointsof theinnercircle. (c) Similaritiesaveragedover the
distancgradius)from the centralpoint.



Appendix C

Graphs from the Combinatorics
Experiments

This appendixpresentgraphsrom the experimentsdesignedor analysinghe combinatorics
relatedto our structurelearningapproach(seeSection5.3.2 pagesl35-14Q0 for a detailed
explanation).

Eachof thefigurescontains3 graphs,(a), (b) and(c), which areassociatedvith a particular
valueof K, the numberof allowed wild-cards(K =0,1,2). Eachgraphcontainsthreecurnes,
correspondingdo the differentvaluesof L, the numberof featureinstancesandomlyremoved
from themodelbaseperfeaturetype (L =0,1,2).

Thereare9 differentfiguresplotting a variableagainstthe numberof sceneN in the model
base FigureC.1shawvs theaveragetotal CPUtime %, C.2the averagenaturallogarithmof the
total CPUtime, C.3 the numberof iterationsof the clique finding algorithm,C.4 the number
of raw vertices,C.5thenumberof raw edgesC.6thenumberof prunededgesC.7thenumber
of prunedvertices,C.8 the numberof raw cliques,and C.9 the numberof maximalcliques)
Finally, Figure C.10shaws theresultof fitting an exponentialfunctionto the original dataof

curne L = 2in FigureC.1(c) andthenextrapolatingthis functionto 30images.

1 We useda 700MHz Athlon processowith 256MB of RAM underthe Linux operatingsystem
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Figure C.1: Averagetotal CPU time spentby the entire structurelearningapproachversus
the numberof scenedN, allowing K = 0, 1, 2 wild-cardsper vertex andremoving L = 0,1, 2
occurrencesf eachfeaturetype.
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Figure C.2: Averagenaturallogarithm of the total CPU time spentby the entire structure
learningapproachversusthe numberof scenesN, allowing K = 0, 1, 2 wild-cardsper vertex
andremoving L = 0, 1,2 occurrencesf eachfeaturetype.
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FigureC.3: Averagenumberof iterationsby the clique finding algorithmversusthe number
of scenedN, allowing K = 0, 1,2 wild-cardspervertex andremoving L = 0,1, 2 occurrences
of eachfeaturetype.
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FigureC.4: Averagenumberof verticesversusthe numberof scenedN, allowing K =0,1,2

wild-cardspervertex andremoving L = 0, 1, 2 occurrencesf eachfeaturetype.
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Figure C.5: Averagenumberof edgesversusthe numberof scenedN, allowing K = 0,1,2

wild-cardspervertex andremoving L = 0, 1, 2 occurrencesf eachfeaturetype.
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Figure C.6: Averagenumberof prunededgesversusthe numberof sceneN, allowing K =
0,1,2 wild-cardspervertex andremaoving L = 0,1, 2 occurrencesf eachfeaturetype.
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Figure C.7: Averagenumberof prunedvertices(after edgepruning) versusthe numberof
scenedN, allowing K = 0,1, 2 wild-cardspervertex andremaving L = 0,1, 2 occurrencesf

eachfeaturetype.
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FigureC.8: Averagenumberof (raw) cliguesfoundversusthe numberof scenedN, allowing
K = 0,1, 2 wild-cardspervertex andremaving L = 0,1, 2 occurrencesf eachfeaturetype.
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Figure C.9: Averagenumberof maximal cliques found versusthe numberof scenesN,
allowing K = 0,1, 2 wild-cardspervertex andremaoving L = 0,1, 2 occurrencesf eachfeature

type.
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FigureC.10: (a) Fitting an exponentialfunctionto the original dataof curve L = 2 in Figure
C.1(c); (b) extrapolatingthis functionto 30images.
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