Chapter 1

Intr oduction

Thereare a numberof computervision applicationswhich involve, oneway or anothey the
recognitionof objectsin images.In typical recognitionapplicationsa (mobile) robotsearches
for known objectsin imagescontinuouslyacquiredby a camera.ln commonimageretrieval
applicationsa collectionof imagesis searchedor views of a specificobjector imagesshav-
ing objectsfrom an objectcatayory, for instancea specificactor membersf a sportsteamor
imagesof flowers. In object-basedideo annotationyideo framesare automaticallylabelled
with symbolicdescriptionsvhichmaybeconnectedo the presencef certainobjectsin these-
guenceUsingthesymbolicdescriptionsefficientarchival andretrieval of imagesor sequences
of interestis possible.Recognitiormaybealsousefulfor imagecataloguesearching/bmsing
commonin art, trademarkand othercommercialapplications. Recently web-basedystems

have beendeveloped,searchingntheinternetfor imagesshaving desiredobjects.

Thecommonrequiremenbf thetasksmentionedabore, is objectrecognition-in abroadsense

— definedasfollows:

Definition 1.1 Objectrecanition is the task of determiningwhether(and/or which) objects

fromoneor more objectcategoriesappearin a collection/sequere of images.

Our definition of an objectis similar to that given by Petrouand Bosdogiannin [66] (p.2),

extendedo includecomputemgeneratedraphics:
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2 Chapterl. Introduction

Definition 1.2 Anobjectis any part of (virtual) reality whoseimage canbe obtainedthrough

theimage formationor image renderingprocess.

A setof objectscomprisesan objectcatayory. In visualrecognition,objectcatgyorieswhose
memberssharesomeappearanceegularity are of interest!. The degreeof appearanceeg-
ularity may differ significantly betweencatayories. Imagine,for instance the catayory of all
1/2-inch nutsproducedby a machine all bricks producedby a factoryandthe category of all
carsin town. All nutswill appearalmostidentical,brickswill be subjectto a statisticalvaria-
tion in appearancehile amuchmorecomple relationshipexistsbetweerelementf thecar
catgyory. In the following, the term objectrecognitionwill be usedto denoteboth searching
for imagesof a specificobjectandimagesof objectsfrom a catgyory. Theimplicit assumption
beingthatthe appearanceariationof the category membersandthatof a singleobjectcanbe
describedhe sameway. Sincea singleobjectmay beviewedasmemberof a catgory with a
singleelementthetermsobjectandobjectcatayory will be usedinterchangeablandwe will

differentiateonly wherenecessary

Objectrecognitionis model-based.The decisionwhethera given objectappearsn the im-
ageis madeby comparingimagemeasurementith an objectrepresentatiomhich is called
the objectmodel To representin object,a recognitionsystemmay exploit variousquantities
dependenbn objectpropertiessuchasits shapeand surfacereflectances.n this thesis,we
proposea representationf multicolouredobjectsusingcolourbaseddescriptionsof their ap-
pearance.The obseration motivating our approachis that the presenceof a wide rangeof
objectscanbe determinedby establishinghatanimagehasa — not necessarilycontiguous-
regionwith acolourstructuresimilarto thatof theobject. Sometimesthecolourstructuremay
be characteristiof anobjectcatayory (e.g. all t-shirtswith the University of Surrey logo), as
opposedo asingleobject. In that case,a cateyory searchcanbe achiered. For example,re-
trieval of videosequenceshaving British eventsmaybe accomplishedby searchindgor video

frameswhich shav the British nationalcolours.

Considerthe exampleimagesshavn in Fig. 1.1. In animageretrieval application,images

shaving objectswhich belongto the “Coca-Cola” cateyory canbe selectedon the basisthat

10f course phjectcatayoriesconsistingof anarbitrarysetof objectscanbe consideredbut objectsfrom sucha

catgyory would have to be recognisedne-by-onewhichis equivalentto recognisingsingle-objectateyories
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the colour structureof the “Coca-Cola” trademarkappearsn the image. Despitethe diver
sity in appearancef the “Coca-Cola”logo in particularandthe imagesin general,thereis
almostalwaysanimageregion with the desiredred-whitecolour structure.Checkingfor the
presencef the characteristigatternin theimagemay producea falsenegative answer(e.g.
for imagel.1(t)) or a falsepositive answer(for any otherimagehaving similar coloursto the
“Coca-Cola’logo). However, the value of makinga correctdecisionaboutimageslike most
of thosein Fig. 1.1 may often outweighthe costassociatedvith possibleerroneouglecisions

in otherimages.

1.1 The recognitiontask

The notionsof a digital RGB image,animageregion andobjectappearancarefundamental
for our definition of recognition. A digital RGB image is a mapping®? : S — D3 where
D = 0..255 is the setof possibleintensitymeasurementand S is afinite subsebf Z2 called
the spatialdomainwhich, for animagel, we denoteas S;. An image region R; of imagerl
is definedhereasa subsebf theimagespatialdomain(R C S7). Theimageregion whichis
the projectionof objectO in imageT is denotedR’,. In generalthe projectionof the object
will cover only partof thewholeobseredimage(Ré C S;). Theobjectwhoseprojectionis
thewholeimage(RL = S;) is the viewed scene Theappeaance AL of objectO in anRGB
imagel is the pair (R}, P5) where P}, : RL — D3. The mappingP), is a function of the
objectpropertieqe.qg.its shapeandsurfacereflectancesandthe parametermfluencingimage
formationsuchastheviewpoint, illumination andthe camerasensitvity. For graphicdesigns,

insteadof imageformation,imagerenderingparametersnustbetakeninto account.

Now, assumehe finite setC of £ objectcategoriesC= {C1, Cs,...,Cy}. EachCj,j = 1.k
is a setof possiblyinfinite /; objectsC; = {0}, 03, ..., O;.j}. A moreformal definition of the

recognitiontaskintroducedn the previous sectionis

Definition 1.3 GivenC andanimage I, thegeneal recanition taskis thetaskof determining

whetherobject(s)from catgyories C; € C appearin theimage i.e. if RIZ-_ # 0,Vi,j whee
J

i=1.1;.
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Figurel.1: Exampleobjectsbelongingto the “Coca-Cola”cateyory
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Let usview the outputof the recognitionsystemasa 1-D stringof  binary values,wherel
atposition meanghata memberfrom catayory  is presentn the sceneviewedin image
. Then,recognitioncanbe seenasa mappingfrom the setof all imagesto the setof binary

stringsof length  ( ).

In somerecognitionapplicationsapartfrom recognition,objectlocalisationmayberequired.

Definition 1.4 Objectlocalisationis the taskof establishinghe region which is the pro-

jectionof object inimage .

When consistsof a singlecateyory , therecognitiontaskis called objectdetection This

specialcaseof recognitionis definedasfollows:

Definition 1.5 Objectdetections thetaskof determiningwhetherobjectsfromcategory  are

presentn theimagei.e. if , whee and isthenumberof objectsin

Note thatin someapplicationsa hard (binary) decisionaboutthe presenceof the object(or
cateyory) may not be required.Instead a quantityrelatedto thelikelihoodof the objectbeing

presenin theimageis soughtfor.

We distinguishtwo specialcasesof the recognitiontask. In someapplications,it is known
that exactly oneobject(catgyory) may be presentin the image. In this case recognitionis a
mappingfrom the setof all images , where is the setof indicesof
thedefinedobjectcatayories.Formally, theobjective is to determinghesinglecateyory  for
which where . In theliterature this taskis calledobjectidentification Such

arecognitionexperimentis describedn Chapterst and5s.

In otherapplicationsat mostoneobject(cateyory) is requiredto be presenin animage.The
taskis definedexactly asthepreviousone,with theadditionof acateyory  of all objectsother
thanthedefinedones.In this caserecognitionis viewed asthe mapping to account

for the extra category. Sucharecognitiontaskis consideredn Chapterl0.

Anotherspecialcaseof recognitionin computervision is objectsearch asdefinedby Wixson
in [89]. Quotingfrom Wixson's paperanobjectsearchs definedasfollows: “ Usingamobile

camera’head’ that can move in somedelimited 3D space,suchasa room, find a specified
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object(tamget or desiredobject)thatis somavherein the space”. Anotherdefinitionis given
in [87] by WalcottandEllis. In their view, objectsearchs “a mechanisnihatbringsanobject
into view”. Clearlyobjectsearchasdefinedabove, is identicalto objectdetectionassuming

potentiallyinfinite numberof views of the object.

1.2 Modelling object appearance

We considettwo issuegelatedto the designof therecognitionsystem Firstly, anobjectrepre-
sentations soughtwhichis calledtheobjectmodel. Theobjectmodelconsistsof somedescrip-
tionsof objectpropertiesandassumptionaboutthe parametersf imageformation/rendering
which influencethe variationin objectappearancen differentviews. Givenan objectmodel
andmeasurementsom a testimage , recognitionof the object is achieved if somemea-
surementgrom the testimagecanbe explainedasoriginatingfrom the projection  of the
object. In the objectrecognitionliterature, this processis called matding. Generally the

designof thematchingalgorithmis inseparablavith the adoptedobjectmodel.

For objectmodelling,we take anexample-basedpproach.The objectmodelis automatically
learnt from oneor moreexampleimagesof the object. This hasa numberof advantagesver
otherapproacheg.g. thosewhich requirea pre-definedgeometricmodel of the objects 3D
structurg74]. Themethodologyollowedis essentiallydenticalwith appeaance-basedepre-
sentationsextensvely usedin traditionalobjectrecognitionapplicationge.g.[61]). However,
in example-basednethodsa suficiently large numberof views of the object(asin [74] for

example)availableprior to recognitionis nota necessity

Themajorchallengen designinga general-purposgsopposedo applicationspecific)object
modelis the dependencef objectappearancen theviewing conditions. A single3D object
may give rise to aninfinite numberof imagese.g. asan effect of changingparametersf the
imageformation suchas viewpoint, illumination and/oracquisitiondevice. Similarly, com-
putergraphicsmayappeadifferentlyin imagesasaresultof changesn the parametersf the
renderingprocesaffectingthedesignJocationandscaleof the projectedobjects.Appearance-
basedrecognitionmethodgypically relaxthe dependencen theimageformationparameters

by requiringa numberof views of the object,sufficiently describingthe expectedappearance
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changed61]. In mary realisticapplications,multiple views of the objectare not available.
Learningthe objectrepresentatiofrom a few, sometimesven a singleimageexampleis an-
otherchallenge poftenfacedin applicationssuchasimageretrieval discussedn Sectionl.3.
In Chapter2, we discussin detail a numberof approacheso modelling objectappearance.
In addition,appearanceariationsare explainedasa resultof the imageformation/rendering

process.

Humanshave no problemsassigninghe sameabelto the sameobjectviewedin differentim-
ages— a phenomenortalled object constancy{46]. In orderto achiee objectconstang in
computervision, quantitiesrelatedto objectappearance¢hat can be repeatedlymeasuredn
differentviews of the object, have beeninvestigated.In the literature,suchreliably detected
measurementare often calledinvariants. In practice,the stability of the invariant measure-
mentsdependn deviationsfrom the assumednodelsandthereforeonly quasi-ivarianceis
achiered. Whenan adequatenodel of imageformationexists, the stability of the invariants
may dependon objector scenepropertiessuchasbackgrounctlutter, (self-) occlusionand/or
shapedeformationof non-rigid objects. In this case robustnesgatherthaninvarianceis im-

portant.

In ourwork, amodelof objectappearances derived from colourbasedmeasurementahich
relateto the objects surfacereflectances.Surfacereflectances an intrinsic object property
and,whenthedependencef therecordectcolouron externalfactors(e.g.illumination) is well
modelled,t is avery usefulcueparticularlyin situationswhereotherobjectpropertiessuchas
objectsilhouette changedramaticallye.g. dueto partial occlusion. In addition,colour’s fair
invariability to changesn sensoresolution,coupledwith the desirablepropertiesof beingan
intuitive, readily available property hasmadeit attractve for a large numberof applications

overthepastfew years( for asuney seg[11] ).

1.3 Recognitionapplications

In this sectionwe turn our attentionto threeapplicationsof example-basedecognitionin (tra-
ditional) objectrecognition,object-or region-basedmageretrieval and (object-basedimage

andvideoannotation.The particularassumptionandrequirementsf eachtaskarediscussed.
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Traditionalobjectrecognitionapplicationsaretypically concernedvith the recognitionof 3D

objectsin imagesacquiredby a camera.Viewpoint andillumination are expectedto change
betweenimages,however, parametersf imageformatione.g. propertiesof the cameraused
andthe environment(e.g. backgroungropertiesymaybeknown a priori. Althoughspeednay

beimportantin somesystemsgcorrectrecognitionis generallythe primaryrequirement.

A numberof interestingrecognitionapplicationsncludeservicerobots,quality management,
aidsfor handicappe@ndindustrialinspectionof manufcturedproducts.Colourbasedtech-
nigues,in particular have beeneffectively includedin robotvision systemsgspeciallythose

with active vision specification$88, 85].

Object-basedor region-basedyetrieval is a specialcaseof content-basedmage retrieval

which is the task of selectingimagesrelevant to an application,from a usuallylarge image
collection called the database In an object-basedpproach relevantimagesare thosethat
shawv atarget or soughtobject. Whenthetargetobjectis describedy a setof exampleimages,

retrieval is anexample-basedecognitiontask.

Usingthe definitionsof therecognitiontaskin Sectionl.1, object-basedmnageretrieval is es-
sentiallyidenticalto repeatedbjectdetectionin imagesfrom a collection. However, retrieval
systemftenallow for userinteractionwhichis nottypically the casen traditionalobjectde-
tectionsystemsFull-imagebasedetrieval is a specialcaseof objectdetectionrequiringthat
theregion occupiedby objectsfrom thesoughtobject/catgory is thewholeimage.In theliter-
ature the sametaskcanalsobefoundunderthe namesbject-elatedimageretrieval [51] and
seach by objectmodel[50]. Retriesal applicationsinclude image cataloguesearching20]
, video clip retrieval [11], visual navigation in art collections[15], exploring satellite[29],
aerial[55] andmedicalimagery[78, 55] andweb-basedligital imageandvideolibrary man-

agemen{76].

In mostretrieval applicationsthe size of the image collectionsto be searcheds relatively
large. Any methodaspiringto be implementedn a working systemneedsto be suficiently
fast. In comparisorwith traditional recognition,retrieval systemsoften exploit information
from the usersof the applicationat run time, througha processcalled relevancefeedbak.
Furthermorethe diversecontentof someimagecollections(think of theimageson the Web)

requiresgeneral-purposgasopposedo domain-specificsystems.
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Seekingandretrieving sequencefrom large video archivesis a costly andcumbersomeask.
A solutionto this problemis automaticvideo annotation,computingconcisedescriptionsof
videodata,which canbeusedto efficiently index (catalog)andretrieve the original sequences.
Thetaskof video annotationcanbe reducedo imageannotatiorwhena videois represented
by a collection of independenframes. Sereral image/videosequencegropertiescan be ex-
ploited to represenvisual data. Thesecanbe visual attributessuchas colour and texture or
other propertieslike detectedext, motion, audio, shotdurationetc. Measurementsf these
attributescanbe computedirom eachimageasa whole (global approach)or asa composite
descriptionof selectedmageregionswhich may correspondo particularobjectsappearingn
theimage(local or object-basedpproach)Object-baseimageannotatiorcanbeviewedasa
recognitiontaskwhereimagelabellingis achieved by mappingobjects(catayories)presenin

theimageto symbolicdescriptions.

In object-base@nnotatiorapplicationsthe datais typically available off-line, thereforeit can
be pre-processed.g. to extract presetexamplesor usefulstatistics.lt is alsolikely thatmore
thanoneimageof the soughtobjectsis availablein orderto learn objectappearanceGiven
thetypically large amountof video datato be annotatecandthe needfor fastaccess/retrial,
annotatiormethodamustbe efficient bothin computatiorspeedandin the spacerequiredfor

storingthe datadescriptions.

Successfuannotatiorapplicationshave beendemonstratetbr generavideoclip retrieval (e.g.
in [16]) anddomainspecifictaskse.g. analysingnews video sequencef?3]). In sportvideo
annotationjn particular onecould describethe sequencédy the type of sport,the numberof
players the coloursof their uniforms(or theteamsplaying) etc. Then,retrieval is achiered by
simply queryingthe systemfor sequencethatshav a desiredteam,sport,playeretc. For the

developmenbof sucha systemwe have actively participatedn the ASSAVID project[3].

1.4 The Multimodal Neighbourhood Signature

In thisthesis,a novel representationf objectcolourappearance the Multimodal Neighbour
hoodSignatue (MNS)-is introduced.The proposedapproachs basednthe obserationthat

mary objectscanbe detectedn a possiblycomplex scenewithout extremeeffort, regardless
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of theareaoccupiedby thevisible partsof the objectof interest.For instancehumansecog-
niseafamiliar personby sometimesa very smallvisible partof their clothesandthey have no
problemsidentifying a canof Coke evenif it is beingviewed squashedr in someones hands
with his fingersaroundit. In the latter example,local colour structureis presered although
propertiedik e shapetexture andspatialarrangemenf visible surfacesmaybedifferentfrom
thosecomputedrom the frontal view of the object. A brief overview of our approachandits
main advantagesarediscussedelov andpresentedn detailin Chapter3. A comparisorof

MNS with ideaspublishedn theliteraturecanbefoundin Chapter2.

The proposedapproachis example-basedpur object-modelis derived from measurements
computedrom compactimageneighbourhoodsf oneor moreexampleimagesof the object
of interest. Local colour structureis representedby illumination invariantfeaturescomputed
from image neighbourhoodsvith a multimodal colour density function. The mode values
usedfor the computationof the invariantsare robustly filtered, stablevalues[52, 24]. The
meanshift algorithm[36] is invoked to efficiently locatethe peaksof the densityfunctionin
the RGB colour space. The representatiomf objectappearancés flexible, effectively using
the constraintsmposedby the illumination changemodel which in turn is dictatedby the

applicationervironment.

The decisionon whethera specifiedobjectappearsn animagewhich possiblyshowvs other
objectsaswell, is madeby matding the objectdescriptionwith imagemeasurementsSig-
naturematchingis posedasan assignmenproblemfor featurepairswhereeachfeatureis a
pair of RGB valuescorrespondingo the locationsof two modesof a local colour distribu-
tion. A modifiedversionof the stablemarriage matding algorithm[41] is usedto identify the
soughtobjectin the testimages(seedetailsin section3.8). In stablematchingit is assumed
thatthe colourfeaturedn thesignatureareindependentln Chapterl0 we proposea matching

algorithmwhich takesinto accountcooccurencef features.

Objectlocalisationexploitstheideathatthesoughtobjectis likely to bein the partof theimage
with thehighestpopulationof neighbourhoodsith colourssimilarto the object. The proposed
algorithmis similarto afeaturelocalisationschemeasopposedo preciseobjectposerecorery
whichmaynotbereliablein genera[50]. Analytically, atemplateof fixedshapés placedover

selectedmagepixelsandthelocationwith mostmatchedheighbourhoodssidethetemplate
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region is returnedasthe objects estimatedocation. This algorithmis shavn to work well for
objectsof compactizeandlocalisationaccurag heaily depend®ntheshapeof thetemplate
and the variation in objectappearance A more accuratelocalisationalgorithm, applicable
to possiblynon-compacbbjectsand not reliant on the expectedobjectsize, is describedn
Chapterl0. In thatalgorithm,a methodsimilar to region growing is proposedimageregions
connectedo matchedheighbourhoodsvith similar coloursarememgedto form larger regions

which definethe establisheabjectlocation( ).

1.5 Evaluating recognitionsystems

The definition of a state-of-the-argeneral-purposeecognitionsystemis not possiblesince
theredoesnot exist a commonlyagreedexperimentalprotocol[57]. Neverthelessfor some
domain-specifitasksfor which anobjectve functionexists, evaluationof recognitionis possi-
ble. In thisthesis theproposednethodis testedandcomparedvith anumberof othermethods

in threeexperimentgesignedspecificallyfor evaluatingcolourbasedrecognitionalgorithms.

In thiswork, goodexperimentatesultsarepresentedor (traditional)objectrecognition pbject-
basedmageretrieval and object-basedideo annotation. We armgue that the proposedobject
modelis suitablefor the intendedtasks. Our claim is supportechot only by the resultsob-
tainedbut alsoby the fact that experimentson very differentdatawith diversecontentwere

conductedisingidenticalalgorithmicsettings.

1.6 Contributions

In comparisorwith publishedwork in thefield, our approacthasa numberof distinctive prop-

erties.lts maincontritutionsarelisted below:

A novel example-basedepresentatioof local objectcolourstructures proposedLocal
appearancés describedby invariant featurescomputedfrom robustly filtered colour

values.Neitherprior sggmentatiomor edgedetectioris required.

The proposedbjectrepresentatiotis automaticallyderived from oneor moreexample

images;a realisticassumptiorin mary applications.The methodis shavn to perform
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well even with a single exampleview of the object. A suficiently large setof object

views is nota strict requirement.

Most publishedrecognitionmethodshave beendemonstratedo work well with images
carefully selectedor their experiments.In this work, the implementedalgorithm,with
its default algorithmicsettingsjs evaluatedusinga numberof differentdatasetsrepre-

sentinga variety of applications.

Goodresultsarepresentedor recognitionof objectsin clutteredscenesin the presence
of partialocclusionandappearanceariationsdueto changesn viewpoint, illumination,

scaleandimageresolution.

In contrastwith previous approacheghetype of invariantfeaturesusedfor recognition
is not fixed, but ratherit dependn theillumination modelwhichin turnis definedby

theapplication.

A numberof colourbasedobjectrecognitionandimageretrieval methodsarereviewed

andcomparedThesecomparatie studiesarea contritution in their own right.

A new imageset,the SOIL-47 databasds introduced.The datais designedor evaluat-

ing colourbasedrecognitionalgorithms.

1.7 Outline

A numberof publishedapproachet modellingobjectappearancarecritically overvievedin
Chapter2 andcomparedvith the proposednethod.First, the parameter®f imageformation
influencingobjectappearancare discussed.Understandingand modelling appearanceari-
ationsis essentiafor evaluatingand comparingdifferent methods. Two main cateyories of
approacheto objectmodellingareidentified. Global modelsdescribepropertiesof the object
asawholewhereadocal modelsrepresentheobjectasasetof description®f its parts.Match-
ing methodscanbe alsocatayorisedinto global andlocal. The only differencebetweerthem
beingthatglobalmatchingrequireghatthe projectionof the objectof interestis thefull image.

Giventhedifferentapproacheghe proposedVINS representatiois comparedo relatedideas
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andtwo similar working systems.From the comparisonthe distinctive characteristic®f this

researclarehighlighted.

A detaileddescriptionof the Multimodal Neighbourhoodignaturemethodis givenin Chap-
ter 3. We startby discussinghe attractve propertiesof deriving an objectmodelfrom image
neighbourhoodsvith a multimodalcolour densityfunction. Theimplementedsignaturecom-
putationalgorithmandits compleity areanalysed.Mode seeking,a key issuein computing
MNS measurementis demonstrateavith examples. From the valuesof the locatedmodes,
a numberof invariant measurements shavn possibleto compute,eachone dependingon
differentassumptionsboutthe illumination change.From a setof measurement@nimage
signaturds computedandits storagerequirementsrestudied. Finally, a matchingalgorithm

for MNS signaturess proposed.

The performanceof the proposedmethodis evaluatedwith a colourbasedobject recogni-
tion taskdescribedn Chapterd. A well known experimentdesignedy M. Swainis repeated.
Swain’simagesshav householabjectsrotated displacedand/ordeformedn comparisomwith
asinglefrontal view usedfor learningobjectappearanceA numberof publishedresultsexist
for Swain’s experimentwhich allows a comparisorwith our method. From the comparison,
a comprehense list of all publishedresultson this datasetis compiled. In the samechap-
ter, we take the opportunityto studythe efficiengy of the implementedVINS algorithm. Its
speedstoragearequirementandsensitvity to theinternalparameterareinvestigatedFinally,
the suitability of the methodfor illumination invariantrecognitionis testedin a comparatre

experimentusingtheimagedatabasef the SimonFraserUniversity

Swain’s imagesarenot representate of appearancgariationdueto a changingviewpointin
the 3D space For thatreasonanotherexperimentis carriedoutin Chapters. A setof images
of 47 householbjects, calledthe Surrey ObjectimageLibrary (SOIL-47)is introduced.The
MNS representatioiis shavn to be stablefor a wide rangeof 3D viewpoints, evenfor views
very differentthanthe singleexampleusedto learnobjectappearancedur approachignoring
the areaof objectsurfaces,is shavn to be advantageousn comparisorwith a graph-based

methodwhich exploits, apartfrom colour, geometricapropertiesof sggmentedmageregions.

In Chapters, 7 and8, the suitability of MNS for imageretrieval is demonstratedThreetypes

of retrieval applications,are selected;trademarkcatalogueretrieval, searchingfor scanned
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colouradwertisementsndfinally searchingor imagesin video sequencedJsingalgorithmic
settingsidentical to the recognitionexperiments,MNS performances testedon datafrom

varioussource®.g. computergeneratedscannedlocumentandvideo frames. The proposed
algorithm comparedavourably with two retrieval methodswhich usemeasurementsf area
andspatialarrangemenbf objectsurfaces. Examplesand precision-recalfraphsfor twenty

retrieval experimentsrom thevideoframedatabaseanbefoundin appendix??.

In someapplicationsthe locationof atamgetobjectin animagemay beimportant.A localisa-
tion algorithmis proposedandshavn to work well for compacibbjectsviewedin thepresence
of mary appearanceariationsandin imageswith clutteredbackgroundIn theconductedom-
paratve experimentsthe MNS algorithmoutperformeda well known localisationtechnique,

calledhistogrambackprojectior{85].

In Chapterl0, anovel approacho videoannotatiorusingobjectrecognitionis presentedThe
socalledsemantiaggap betweerthe computedVINS measurementanda desiredsymbolicla-
bel is bridgedby assuminghatimagelabelsare assignedas a function of objectsappearing
in the image. Given the individual characteristic®f the task, we describean algorithm for
learningthe MNS objectrepresentatiofrom multiple examplesof a setof predefinedbjects.
Discriminative MNS featuresare selectedusinga training setof selectedmages.For recog-
nition, we designa Bayesiarclassifierof binary featurescomputedrom MNS measurements.
To determinethe imageregion which is the projectionof a recognisedbject, a localisation
algorithm- differentthatthatproposedn the previous chapter is introduced.The methodis

evaluatedfor sportvideoannotationusingdatafrom the ASSAVID project[3].

A summaryof thethesisandalist of contrikutionscanbefoundin Chapterl 1. Finally, possible

extensionsandideasfor futureresearctarediscussed.

1.8 Summary

In this chaptera numberof computervision applicationghatrequireobjectrecognitionwere
introduced Recognitionwasdefinedasthetaskof establishinghe presencandthelocationof
aspecifiedobjector objectcateyory in atestimage.An example-basedpproactwasadopted;

the objectrepresentatiois learntfrom a setof exampleimagegor regions).A novel approach
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to modellinglocal colour appearancehe Multimodal Neighbourhoodsignature(MNS), was
introduced. An overview of the MNS methodandthe conductedexperimentscomprisedthe

outlineof thethesisstructure.



